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Abstract
Objectives Depression is a highly heterogeneous disorder, and meta-analyses of mindfulness-based interventions show 
moderate efficacy for reducing depressive symptoms. However, the mechanisms governing their efficacy remain unclear, 
highlighting the need for hypothesis-generating analyses to guide future research.
Methods We used Bayesian network analysis in three cross-sectional samples (N = 1135) of undergraduates and participants 
from the community to identify links between individual symptoms of depression and specific facets of mindfulness. In two 
exploratory studies, we assessed depression using the Patient Health Questionnaire (n = 384) or the Depression Anxiety and 
Stress Scale (n = 350) and mindfulness using the Five-Facet Mindfulness Scale.
Results Across these samples and measures, exploratory analyses indicated that non-judging was a central bridge between 
facets of mindfulness and symptoms of depression. We confirmed this finding in a pre-registered replication (n = 401) using 
a recently developed confirmatory testing framework for network analysis. Non-judging was consistently a central bridge in 
the networks and specifically linked to the symptoms of depression related to feelings of failure and worthlessness.
Conclusions These findings provide strong evidence that non-judging is an essential feature of mindfulness in the context 
of depression and provides direction for future research testing mindfulness-oriented treatment prescriptions for depression.
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Depression is a heterogeneous psychological concern 
(Zimmerman et al., 2015), with symptom profiles differing 
widely between individuals, suggesting that uniform treat-
ment approaches may be misguided (Fried & Nesse, 2015). 
Meta-analyses of specific, manualized mindfulness based 
interventions (MBIs) such as mindfulness-based cognitive 
therapy and mindfulness-based stress reduction have shown 
moderate reductions in symptoms of depression (Chi et al., 
2018; Galante et al., 2013). The relationship between dispo-
sitional mindfulness and depression has been relatively well 
established, with greater self-reported mindfulness associ-
ated with fewer symptoms of depression in both clinical 
(Gu et al., 2016) and non-clinical (Medvedev et al., 2018) 
samples. Moreover, mindfulness training leads to greater 

dispositional mindfulness (Kiken et al., 2015). Mindfulness 
is considered a multi-dimensional construct (Baer, 2011), 
and the relationship between different facets of mindfulness 
and symptoms of depression varies (Medvedev et al., 2018). 
Thus, identifying specific facets of mindfulness associated 
with depression may provide guidance for future research to 
test the role of specific mindfulness-based targets in inter-
vention-based research.

Network analysis—an item-level approach that evaluates 
individual features of a construct instead of their aggregate 
(i.e., mean level) has grown in popularity and has become 
an important tool for psychopathology research, including 
depression (Bringmann et al., 2015). For example, using 
network analyses, Medvedev et al. (2021) found a strong 
inverse association between the mindfulness facet of non-
judgment and emotional distress; however, specific symp-
toms of depression were not examined. There is significant 
value in addressing individual symptoms of depression 
because of the wide range of different symptom profiles 
for depression, where heterogeneity among individuals can 
lead to misleading conclusions about the interrelationships 
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among constructs (Fried & Nesse, 2015). Conceptualizing 
mindfulness from the network perspective is somewhat dif-
ferent as it does not reflect symptoms, but rather a com-
plex set of intersecting forms of present-moment atten-
tion. Importantly, there is evidence that mindfulness can 
be measured through self-report as a trait (Truong et al., 
2020), rather than reflecting only the state of mindfulness. 
The network perspective can also provide insight into com-
plex interrelations between different features of mindfulness 
cross-sectionally (Heeren et al., 2021) as well as before and 
after an intervention (mindfulness-based stress reduction; 
Roca et al., 2019). Taken together emerging research sug-
gests that using network analysis to investigate the relation-
ship between facets of mindfulness and specific symptoms 
of depression is of interest in better understanding how to 
develop targeted hypotheses that can then be tested in clini-
cal intervention research.

The primary aim of this study was to identify associa-
tions between specific symptoms of depression and facets 

of mindfulness. The second aim of the study was to test the 
robustness of associations between symptoms of depression 
and facets of mindfulness. We hypothesized that facets of 
mindfulness would be negatively associated with symptoms 
of depression, but made no specific a priori hypotheses for 
samples 1 and 2 (exploratory). For sample three (pre-reg-
istered, confirmatory), we hypothesized that the facets of 
non-judging and awareness would be negatively associated 
with symptoms of depression.

Methods

Participants

Participants’ demographics are included in Table 1. Partici-
pants for the studies were (a) undergraduate students who 
participated in the online surveys for research credit as part of 

Table 1  Demographic summary Sample 1 (n = 384) Sample 2 (n = 350) Sample 3 (n = 401)

Mean (SD)
Age 22.89 (9.92) 18.96 (1.40) 24.84 (11.06)
FFMQ-15 total 45.92 (6.87) 41.52 (7.71) 46.48 (6.99)
FFMQ-observing 8.86 (2.53) 8.74 (2.83) 9.04 (2.83)
FFMQ-describe 9.06 (2.70) 9.09 (2.88) 9.24 (2.53)
FFMQ-awareness 9.50 (2.42) 9.96 (2.64) 9.86 (2.83)
FFMQ-non-judging 9.99 (2.84) 10.15 (3.32) 9.73 (3.27)
FFMQ-non-reactivity 8.52 (2.53) 8.15 (2.60) 8.62 (2.70)
PHQ-8 total score 8.99 (6.05) N/A 9.42 (6.37)
DASS-21 depression subscale N/A 25.13 (9.81) 28.56 (10.83)

No. (%)
Sex (female) 238 (62.0) 267 (76.3) 261 (65.1)
Ethnicity (Hispanic) 119 (31.0) 118 (33.7) 133 (33.2)
Race
   Hispanic 89 (23.2) 64 (18.3) 69 (17.2)
   Black or African
   American

19 (4.9) 17 (4.9) 25 (6.2)

   Asian 65 (16.9) 89 (25.4) 62 (15.5)
   White 190 (49.5) 133 (38.0) 204 (50.9)
   Multiple 44 (11.5) 47 (13.4) 39 (9.7)
   American Indian or
   Alaska Native

0 (0) 0 (0) 1 (.2)

   Native Hawaiian or
   Other Pacific Islander

0 (0) 0 (0) 1 (.2)

   Unknown/not reported 2 (0.5) 0 (0) 0 (0)
Sample (community) 57 (14.8) 0 (0) 142 (35.1)
Possible depression (PHQ-8 ≥ 10) 164 (42.7) N/A 178 (44.4)
High depression (DASS subscale ≥ 21) N/A 198 (56.6) 279 (69.8)
Unemployment began during COVID-19 73 (19.0) 62 (17.7) 49 (12.2)
Knows someone who was infected 103 (26.8) 252 (72.0) 299 (74.6)
Knows someone who died 13 (3.3) 52 (14.9) 88 (21.9)
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an introductory course (sample 1 = 85.2%; sample 2 = 100%; 
sample 3 = 64.9%); (b) individuals recruited online by post-
ing on web-boards and social media who participated with-
out compensation (sample 1 = 14.8%; sample 2 = 0%; sample 
3 = 0%); or (c) participants who were recruited through Ama-
zon Mechanical Turk (MTURK) and were compensated $1 
(sample 1 = 0%; sample 2 = 0%; sample 3 = 35.1%). All partici-
pants provided written, informed consent, and the Institutional 
Review Board of The University of Texas at Austin approved 
all procedures.

Procedures

Prior to completing the survey, participants signed an informed 
consent document. Several attention check questions were 
included in the survey, and participants who answered any 
of these incorrectly were excluded from further participation. 
Upon completing the survey, participants were thanked for 
their time and automatically redirected to receive credit for 
participation (undergraduate students) or provided with a code 
used to validate their participation (MTURK workers).

Measures

Five Facet Mindfulness Questionnaire‑15 (FFMQ‑15; 
Baer et al., 2008)

The FFMQ-15 is a 15-item self-report measure that assesses 
the five components of mindfulness, including (1) observ-
ing; (2) describe; (3) act with awareness; (4) non-judging; 
and (5) non-reactivity. Participants rated the truth of each 
statement on a 5-point scale from “never or very rarely true” 
to “very often or always true”. For sample 1, the total alpha 
coefficient was 0.67, and the subscale coefficients ranged 
from 0.81 to 0.56; for sample 2, the total coefficient was 
0.69, and the subscale coefficients ranged from 0.81 to 0.49; 
for sample 3, the total coefficient was 0.63, and the subscale 
coefficients ranged from 0.85 to 0.39.

Patient Health Questionnaire‑8 (PHQ‑8; Kroenke et al., 
2009)

The PHQ-8 is an 8-item self-report scale assessing symp-
toms of depression. Participants rated how often they had 
been bothered by each concern within the last 2 weeks on a 
4-point scale (0–3) from “not at all” to “nearly every day.” 
For sample 1, the alpha coefficient was 0.89; for sample 3, 
the coefficient was 0.90.

Depression, Anxiety, and Stress Scale (DASS‑21; Henry & 
Crawford, 2005)

The DASS-21 is a 21-item self-report questionnaire 
designed to measure the severity of symptoms common to 
both depression and anxiety. Responders are required to 
indicate the presence of a symptom over the previous week. 
Each item is scored from 0 (did not apply to me at all over 
the last week) to 3 (applied to me very much or most of the 
time over the past week). For the current study, only the 
depression subscale was administered. For sample 2, the 
alpha coefficient was 0.91; for sample 3, the coefficient was 
0.92.

Data Analyses

R was used to conduct all analyses. The syntax, data, and 
the replication preregistration for sample 3 are available at 
(https:// osf. io/ hvzrd/).

We conducted the network analysis using a Bayesian 
Gaussian graphical model (BGGM) estimated using the 
BGGM package (Williams & Mulder, 2020). This approach 
estimates an inverted variance–covariance matrix to repre-
sent the relation between any two items. This means that the 
estimate of each association in the network is controlling 
for all other associations. In BGGM, relationships between 
items reflect the posterior means of the associations. This is 
distinct from the other Bayesian approach taken in the net-
work analysis literature—directed acyclic graphs (DAGs)—
because DAGs constrain the association between nodes to be 
unidirectional. There are challenges associated with inter-
preting cross-sectional data causally, especially when the 
associations are unidirectional (Epskamp et al., 2018), and 
we chose the exploratory/confirmatory process facilitated 
by the BGGM package to strengthen our interpretations of 
cross-sectional network models.

For the exploratory analyses, the “explore” function in 
BGGM with specified “exhaustive” selection was used, 
which provides a network of positive associations and nega-
tive associations using a Bayes factor cutoff of 3 (moderate 
support) to determine which associations to include. For 
the confirmatory analyses, the “confirm” function was used 
which tests equality constraints of the posterior probability 
of a given hypothesis (which were all pre-registered) and 
which provides a Bayes factor value estimating the relative 
support for which hypothesis the results fall under (i.e., null 
or alternative). Bayes factors have been conceptualized as 
reflecting the strength of evidence in favor of the alternative 
hypothesis or null hypothesis, where 1 reflects no evidence, 3 
reflects anecdotal evidence in favor of the alternative hypoth-
esis, and 1/3 reflects anecdotal evidence in favor of the null 
hypothesis, with greater evidence for the alternative or null 
as values grow or approach zero, respectively (Wetzels & 
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Wagenmakers, 2012). Bayes factors can be nearly infinitely 
large or approach zero, and the values reflect only the confi-
dence of the estimate—not the strength of the estimate itself. 
We scaled and centered all variables and used the weighted 
topological overlap approach from EGAnet (Golino et al., 
2020) to aggregate the mindfulness facets into latent vari-
able scores. Finally, we evaluated bridge centrality using 
the networktools package. Bridge nodes are variables that 
are associated within a specific measure and across distinct 
measures. Bridge node centrality is a measure of the total 
strength of the associations of a specific variable with vari-
ables in a different community (essentially a sum of the cor-
relation coefficients that are bridging between communities). 
For the confirmatory analyses, we used the “confirm” func-
tion in BGGM with the default prior (0.25) and specified the 
hypotheses that we preregistered a priori.

Additionally, we conducted pre-registered exploratory 
analyses to test differences between the networks. We used 
the ggm_compare_estimate function to compute differences 
between each association in each network (comparing the 
networks of samples 1 and 3 on the PHQ and the FFMQ 
and samples 2 and 3 on the DASS depression subscale and 
the FFMQ).

Results

Sample 1 Exploratory Network Findings

Fig. 1 A provides a graphical representation of the explora-
tory network analyses from the first sample. The non-judg-
ing facet had a bridge centrality of 0.339, and the awareness 
facet had a bridge centrality of 0.313, with negative asso-
ciations to symptoms of depression. Unexpectedly, we also 
found that the describe facet had a bridge centrality of 0.143 
with a positive association with a “Poor appetite or over-
eating?” Whereas negative associations suggest that greater 
mindfulness is associated with lower symptoms of depres-
sion (as is commonly reported in the literature), a positive 
association indicates the opposite

Sample 2 Exploratory Network Findings

Fig. 1 B provides a graphical representation of the explora-
tory network analyses from the second sample. Non-judging 
was the only bridge between mindfulness and the symptoms 
of depression “I felt I wasn’t worth much as a person” and 
“I found it difficult to work up the initiative to do things” 
(0.289). While awareness was linked to the symptom of 
depression “I found it difficult to work up the initiative to do 
things”, the facet was not found to be central to the network.

Sample 3 Pre‑registered Network Findings

Fig. 1 C and D provide a graphical representation of the 
third sample’s confirmatory network analyses. We tested 
the specific hypotheses generated in the exploratory stages 
of the analysis, which confirmed our pre-registered pri-
mary hypotheses that non-judging would bridge mind-
fulness and symptoms of depression. However, the evi-
dence was much stronger for the centrality of non-judging 
when using the PHQ-8 to assess depression (Bayes Factor 
(BF) = 7,998.671) than when using the DASS-21 depression 
subscale (BF = 2.448). We also confirmed the centrality of 
the awareness facet of mindfulness in the PHQ-8 network 
(BF = 9.915)

The pre-registered exploratory comparisons between the 
networks showed that the strengths of individual associa-
tions were not meaningfully different in the vast majority of 
cases (Supplementary Figures 1 and 2), suggesting that the 
associations within the networks were likely to be similar. In 
comparing sample 1 and sample 3, there were no meaning-
ful differences in edge strength between non-judging and 
symptoms of depression measured by the PHQ-8; of the 78 
total edges of which only 6 (8%) were different. In compar-
ing samples 2 and 3, there were no meaningful differences 
in edge strength between non-judging and the DASS-21 
depression subscale; of the 66 total associations in the net-
work, only 2 (3%) had meaningfully different associations.

We found only anecdotal evidence to support our second-
ary hypothesis that the association between “Poor appetite 
or overeating?” and the describe facet was null (BF = 0.447). 
There was inconclusive evidence for the secondary hypoth-
esis that the symptom of “Feeling bad about yourself” on 
the PHQ-8 was more strongly associated with non-judging 
than “Feeling down, depressed, or hopeless” (BF = 1.033), 
and for the secondary hypothesis that the symptom of “I felt 
I wasn’t worth much as a person” on the DASS-21 depres-
sion subscale was more strongly associated with non-judging 
than the symptom of “I found it difficult to work up the 
initiative to do things” (BF = 1.357).

Discussion

From two exploratory analyses, we developed the data-
derived hypothesis that non-judging serves as the most 
central bridge between mindfulness and depression when 
controlling for all other associations. We then preregis-
tered this primary hypothesis (along with several secondary 
ones), collected new data, and confirmed this hypothesis in 
a subsequent network analysis. However, there was a large 
degree of difference in the confidence of the confirmatory 
analysis depending on the measure of depression. While the 
PHQ-8 showed robust evidence in favor of the hypothesis, 
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Fig. 1  Gaussian graphical models. A Exploratory network PHQ and 
FFMQ. B Exploratory network DASS and FFMQ, bridge nodes are 
highlighted. C Confirmatory network PHQ and FFMQ. D Confirma-
tory network DASS and FFMQ. Pink (lighter) nodes are mindful-
ness facets (Five Facet Mindfulness Questionnaire—FFMQ), Blue 
(darker) nodes are depression facets (in A, C: Patient Health Ques-
tionnaire—PHQ; in B, D: Depression Anxiety and Stress Scale—

DASS, depression subscale). In A and B, only the central nodes are 
filled; if a node was not central, it was faded. Solid lines reflect posi-
tive associations; dashed lines reflect negative associations. Grayed 
lines reflect associations without sufficient evidence to support either 
the null or alternative hypotheses. The width of the lines reflects the 
strengths of the associations
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the evidence supporting the bridge centrality of non-judging 
when assessing depression using the DASS-21 subscale was 
much weaker. We did demonstrate that in comparing asso-
ciation strengths between networks, individual associations 
remained similar. However, there was substantial variability 
in association strengths such that the evidence to support 
specific differences in magnitude between associations was 
inconclusive.

This variability between samples highlights a critical ele-
ment of the approach we took—namely, that consideration 
of the specific measure used may influence specific interre-
lations among facets of mindfulness and specific symptoms 
of depression. Moreover, comparing mindfulness facets and 
symptoms on the PHQ-8, there was insufficient evidence 
to confirm the order of the strength of specific associations 
between non-judging and symptoms of depression. One 
potential interpretation may be that the PHQ-8 and DASS-
21 depression subscale measure depression in somewhat 
different ways. The PHQ was specifically developed as a 
brief screening assessment tool for depression (Kroenke 
et al., 2009), whereas the DASS was developed as an inte-
grated measure of negative affect, although the measure-
ment of depression within the scale is distinct from the other 
scales (Henry & Crawford, 2005). While highly correlated 
in sample 3 (r = 0.783, 95% CI [0.742, 0.818]), symptoms 
of depression are phrased quite differently between the two 
scales. For instance, depressed feelings in the PHQ are 
“Feeling down, depressed, or hopeless?” whereas in the 
DASS, they are “I felt down-hearted and blue” with a sepa-
rate question for hopelessness (“I felt that I had nothing to 
look forward to”). Moreover, the PHQ includes some symp-
toms of depression that the DASS does not (e.g., appetite 
and concentration); in particular, the presence/absence of 
a concentration symptom may explain why the awareness 
facet was only central for the PHQ-8 network. Prior work has 
highlighted the heterogeneity of depression symptoms (Fried 
& Nesse, 2015). In cross-sectional networks, it may be 
tempting to draw conclusions about the strength of specific 
symptom associations. However, our findings suggest that 
caution is needed when interpreting specific associations in 
networks and when interpreting differences in the magnitude 
of associations within a single cross-sectional network. It 
is worth noting that we identified few differences in com-
paring the networks, suggesting that associations remained 
relatively stable even across cross-sectional samples (as has 
been found by other researchers, for instance in the context 
of post-traumatic stress disorder, Duek et al., 2021).

Self-criticism has long been considered a central fea-
ture of depression (Beck, 1964). In the context of mind-
fulness, the facet of non-judging has been shown to medi-
ate the relationship between self-criticism and depression 
(Rohde et al., 2014). Consistent with another recent network 
analysis (Medvedev et al., 2021), our findings underscore 

the potential importance of non-judging in the context of 
depression. While promoting non-judging is a core feature 
of MBIs, there is little existing work testing specific mecha-
nisms of change within MBIs for depression. Research inves-
tigating changes in mindfulness during MBIs for depression, 
generally shows moderate increases in mindfulness across 
all facets (Gu et al., 2016; Takahashi et al., 2019). Yet, not 
all individuals respond to MBIs equally. Thus, our results 
suggest that particular consideration of individuals experi-
encing depression that are low in non-judging is warranted. 
One potential test in future research is whether emphasizing 
compassion-based practices among those low in non-judging 
may serve to enhance MBIs for depression. Our results sug-
gest this might be linked to when individuals present with 
specific symptom profiles of depression (e.g., worthlessness 
in the DASS or feelings of failure in the PHQ), although 
future research is needed to confirm this hypothesis.

Limitations and Future Research

The study has several limitations, including the moder-
ate sample size and that the majority of participants were 
undergraduate students. However, symptom severity across 
samples was relatively high, and our confirmatory sample 
included a large proportion of community participants. 
Additionally, the internal reliability of some of the mind-
fulness subscales was fairly low, which may have impacted 
our findings. It is also the case that mindfulness items can 
be interpreted differently by meditators and non-meditators, 
and our lack of information regarding meditation experience 
in our samples is a limitation that should be considered in 
future research. Our pre-registered confirmatory Bayesian 
network approach addresses some but not all the limita-
tions of network analysis. The Bayesian network approach 
does not remedy psychometric inadequacies such as the low 
internal reliability of the observe facet nor does it take into 
account the construct validity of the measures (Epskamp, 
et al., 2017a, 2017b; Hallquist et al., 2019). Further research 
on the relationship between mindfulness and depression 
using novel-integrated methods such as latent network 
models (Epskamp, et al., 2017a, 2017b) is warranted. Addi-
tionally, in sample 3, participants completed two different 
measures of depression within the same survey, which may 
lead to a “common methods bias” where responses to one 
questionnaire influenced responses to the other questionnaire 
(Podsakoff et al., 2012). Also, a large proportion of sample 
3 data (35%) was collected from MTURK. While we used 
attention checks and an open-ended response item to reduce 
the incidence of “bots,” automated, or inattentive respond-
ing, there is growing concern that the quality of MTURK 
data has become increasingly poor since 2018 (Chmielewski 
& Kucker, 2020), which limits the conclusions we can 
draw. Of further note, these data were collected during the 

2549Mindfulness  (2021) 12:2544–2551

1 3



COVID-19 pandemic. It is possible that there were meaning-
ful influences in COVID-19-related experiences (such as a 
loss due to COVID-19) that may have impacted the network 
structure. While we did not address the influence of the pan-
demic within the analyses, we do summarize some relevant 
data in Table 1.

The current investigation identified and confirm the 
bridge centrality of non-judging for symptoms of depression 
across two distinct measures of depression. These findings 
provide further evidence for the importance of non-judging 
in the context of depression as well as links to specific symp-
toms reflecting heightened self-criticism (e.g., feelings of 
failure or worthlessness). Our findings also underscore how 
different measures of depression may influence the con-
clusions drawn in relation to mindfulness. Future research 
should consider testing whether low non-judging is impli-
cated in poorer treatment outcomes of MBIs for depression. 
Targeting non-judging, perhaps by emphasizing compas-
sion-based practices, may enhance treatment outcomes for 
depression.
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