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Symptom centrality and infrequency of endorsement identify adolescent
depression symptoms more strongly associated with life satisfaction
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Although depression symptoms are often treated as interchangeable, some symptoms may relate to adolescent
life satisfaction more strongly than others. To assess this premise, we first conducted a network analysis on the
Mood and Feelings Questionnaire (MFQ) in a large (N = 1,059), cross-sectional sample of community adolescents
(age M = 14.72 + 1.79). The most central symptoms of adolescent depression, as indexed by strength, were self-
hatred, loneliness, sadness, and worthlessness while the least frequently endorsed symptoms were self-hatred,
anhedonia, feeling like a bad person, and feeling unloved. Moreover, the more central a depression symptom
was in the network (i.e., higher strength), the more variance it shared with life satisfaction (r = 0.59, 95% CI:
0.27, 0.76). How frequently a symptom was endorsed was negatively associated with the variance symptoms
shared with life satisfaction (r = -0.48, 95% CI: -0.63, -0.21). Cross-validated, prediction focused models found
central symptoms were expected to predict more out of fold variance in life satisfaction than peripheral symp-
toms and frequently endorsed symptoms, but not the least frequently endorsed symptoms. These findings show
certain depression symptoms may be more strongly associated with life satisfaction in adolescence and these
symptoms can be identified by multiple symptom-level metrics. Limitations include use of cross-sectional data
and utilizing a community sample. Better understanding which symptoms of depression share more variance
with important outcomes like life satisfaction could help us develop a more fine-grained understanding of
adolescent depression.

Depression symptoms are common in adolescents—approximately
18.6% experience clinical levels Lu (2019) and more than 20% may
experience subclinical levels of depression (Bertha and Balazs, 2013).
However, depression is far from a homogenous syndrome (Fried, 2017).
For example, 48.6% of 3,703 adults enrolled in a depression treatment
trial had a unique pattern of symptoms that no one else endorsed (Fried
& Nesse, 2015).

This heterogeneity would not be consequential if all symptoms were
equally important, but depressive symptoms are differentially linked to
cognitive risk factors, cognitive biases, and psychosocial functioning in
adults (Beevers et al., 2018; Fried & Nesse, 2014; Marchetti et al., 2016,
2018). For instance, some symptoms (sadness) shared as much as 20.7%
of the variance with functioning outcomes, while others (hypersomnia)
shared as little as 0.7%. This pattern of findings appears to extend to

adolescents, as anhedonia is associated with suicidal ideation in ado-
lescents while irritability is not (Gabbay et al., 2015). Ignoring the
intrinsic heterogeneity of depression may mask important associations
between individual depression symptoms and non-symptom outcomes
in adolescents, such as life satisfaction (Fried, 2015; Zadow et al., 2017).

The network theory of psychopathology provides one framework for
identifying symptoms that might be important for a variety of outcomes.
In this model, symptoms are not outcomes of an underlying disease.
Instead, symptoms and the associations between them are the disease
(McNally, 2016), in that symptoms (i.e., nodes) may have reciprocal
links (i.e., edges) with one another. Some edges may be stronger than
others, and this may lead to a network structure where some symptoms
are more central, or important, to the network than others. Testing
whether these more central symptoms are actually more important to
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depression relevant outcomes is crucial; assuming importance based on
centrality in a network model alone is a problematic inference (Fried
et al., 2018).

Associations between symptoms could also in principle be examined
via factor analysis (Hallquist et al., 2019), but this method’s level of
analysis is primarily latent factors derived from observed variables, not
partial associations between those observed variables (Kotov et al.,
2017). Further, factor analyses in adolescent samples consistently reveal
a structure with more than one latent factor (Craighead et al., 1998;
Weber, 2000), making it a less than ideal framework for the interpre-
tation of which symptoms are most strongly associated with all other
symptoms. Ultimately, while either approach is justifiable, we chose to
take the network approach in this paper given 1) its level of analysis is
specifically centered on identifying associations between symptoms
(rather than latent variables) and 2) relative symptom importance as
indexed by centrality is more parsimonious than determining relative
symptom importance in a factor analysis with more than one latent
factor.

A previous network analysis in a large, diverse sample of adolescents
has identified self-hatred, loneliness, sadness, and pessimism as the most
central symptoms of adolescent depression (Mullarkey et al., 2018).
However, that study did not link central symptoms to other
depression-relevant outcomes. Further, it is essential to assess whether
initial findings converge with results in different samples using other
measures (Vazire, 2018). None of the indices for the replicability of
central symptoms can be applied when utilizing a different measure
(Borsboom et al., 2017), but we can descriptively assess whether the
symptoms identified as most central in previous analyses are found to be
more central in this new sample. We can also utilize newly developed
Bayesian methods to directly assess the replicability of the estimated
network within this sample (Jones et al., 2020). Other domains of psy-
chopathology in adolescence have similar central symptoms when net-
works are estimated on different measures (McCuish et al., 2019), but
whether this is the case in adolescent depression remains an open,
empirical question. Among all the important outcomes associated with
adolescent depression, life satisfaction plays a major role (Proctor et al.,
2009). For instance, a representative, population based study of ado-
lescents shows life satisfaction is related to positive social and health
outcomes (Gadermann et al., 2016). Moreover, life satisfaction is related
to but distinct from the absence of depression or other psychopathology
(McKnight & Kashdan, 2009) and experiencing symptoms such as
sadness are often orthogonal to perceiving one’s life as positive (Crowe
et al., 2018) and satisfying (Schimmack, 2008).

Still, most prior work linking life satisfaction and depression is based
on sum scores of symptoms, while some symptoms of adolescent
depression may be more strongly associated with life satisfaction than
others. Importantly, network centrality is not the only symptom-level
metric that could identify potentially more relevant symptoms. For
example, changes in symptoms that were less frequently endorsed were
more predictive of overall treatment response to social anxiety disorder
than changes in symptoms identified as more central (Rodebaugh et al.,
2018). Thus, although network analysis is a promising approach for
identifying key symptoms, other approaches should also be investigated
to obtain a more complete picture of symptom importance for
depression-related outcomes.

Therefore, in the current study, we first identify symptoms that are
most central in the depression symptom network and determine how
well the central symptoms converge with previous work while using a
different measure of depression in a different sample as has been done
with other domains of psychopathology in adolescence (McCuish et al.,
2019). We expect that self-hatred, loneliness, and sadness (pessimism was
not measured in the current study) will be identified as the most central
symptoms. Then, we will investigate whether the most central symp-
toms in the network (i.e., network-centrality approach), as compared to
the most peripheral symptoms (i.e., the least central symptoms in the
network-centrality approach) and the most/least often endorsed

symptoms (symptom endorsement approach), are more strongly asso-
ciated with life satisfaction in adolescence. The goal of these analyses is
to identify which depression symptoms are most strongly associated
with life satisfaction in adolescents.

Method
Participants

The adolescent (age M = 14.72 + 1.79 years old; range: 11 — 19
years; 12-17 years old = 94.28% of sample) sample (n = 1,059) was
racially diverse (68.08% White/Caucasian, 16.24% Black/African-
American, 3.49% Hispanic, 4.34% Asian/Pacific Islander, 1.04%
Native American, 5.85% Other, 0.94% missing) and predominantly fe-
male (64.97% female, 32.39% male, 1.60% transgender/gender-unsure,
1.04% missing). Socioeconomic status of the sample as indexed by
maternal education was also diverse (5.85% did not finish high school,
17.37% high school or equivalent, 14.54% some college courses but no
college degree, 32.96% bachelor’s degree, 19.64% master’s degree,
7.65% lawyer, doctor, or PhD, 8.58% don’t know, 1.98% missing).

Adolescents were universally invited to participate in this study at
one public middle school, one public high school, and one private
middle/high school; all samples were located in the Southeastern United
States. Dates of recruitment and data collection were October to
December of 2015. Our sample size was determined by our consent rate
at these schools. More detailed recruitment details can be found in two
previous studies evaluating different outcomes with the middle and high
school participants (Bluth et al., 2017, 2018).

A total of 1,059 participants opted in to the study (informed consent
was obtained from all individual participants included in the study, 58
participants opted out), correctly answered two out of three attention
probe questions during the survey (244 participants excluded), and had
no missing item-level data on the depression symptom inventory (6
participants excluded). These exclusions were performed to reduce bias
due to inattention (Hauser & Schwarz, 2016) and distorted correlations
in the network (Borsboom, 2017). All participants completed the survey
during their school day and provided online assent. The study was
approved by the IRBs of all relevant institutions.

Measures

Additional measures, unrelated to the current study’s goal, were also
administered. For the current analyses, the following two measures were
utilized:

Mood and Feelings Questionnaire-Short Form

Depressive symptoms were evaluated with the Mood and Feelings
Questionnaire-Short Form (MFQ; Thapar and McGuffin, 1998). The
MFQ is a 13-item self-report questionnaire, and all items are measured
on a 3-point Likert scale, 0 (“Not True”) , 1 (“Sometimes™), and 2 (“True”)
in response to statements about symptoms in the past two weeks (e.g., “I
hated myself””). The MFQ is used in research and clinical practice with
children and adolescents in a variety of settings (Kuo et al., 2005;
McKenzie et al., 2011).

Student’s Life Satisfaction Scale

Life satisfaction was evaluated with the Student’s Life Satisfaction
Scale (Huebner, 1991). The SLSS is a 7-item self-report questionnaire
and all items are measured on a 4-point Likert scale ranging from
0 (“Never™) to 3 (“Almost always”) in response to general statements
about one’s life satisfaction (e.g., “I have a good life”). The scale has
adequate test-retest reliability across one year (r = 0.53) and has a
moderate negative correlation with depression (r = -0.39) (Huebner
et al., 2000). Importantly, the scale has only one latent factor, making it
psychometrically appropriate to sum score (Huebner, 1991). The in-
ternal consistency in this sample was a = 0.85.



Statistical Analysis

Descriptive Statistics

We first inspected mean, standard deviation, kurtosis, and skewness
of all the MFQ items. In line with previous studies (Mullarkey et al.,
2018; Rhemtulla et al., 2016), we dichotomized the single, item-level
values to signify the absence (i.e., “0” at the MFQ item) or presence (i.
e., “1” or “2” at the MFQ item) of depressive symptoms. We applied such
an approach, because the optimal way to model networks with
trichotomous items is still under debate (Fried et al., 2015).

Parallel Analysis to Estimate Number of Latent Factors

To help determine if a factor analysis could lend itself to straight-
forward interpretation of associations between depression symptoms,
we conducted a parallel analysis to determine the number of latent
factors we would need to retain in a factor analysis. Parallel analysis is a
data-driven approach for identifying a number of latent factors consis-
tent with the data structure and does not depend on subjective inter-
pretation of visualizations (Hayton et al., 2004).

Network Estimation

Using binary symptoms, it was possible to estimate network models
with the eLasso Ising model (van Borkulo et al., 2014). An Ising model
can be conceived as a series of pairwise associations among binary
variables, after controlling for all the other associations, while shrinking
potentially spurious relationships to 0 by means of eLasso regularization
(for a more technical description see van Borkulo et al., 2014). This type
of network estimation results in a sparser, easier to interpret network.
The binary network was fitted using the R-package IsingFit 0.3.1 (van
Borkulo et al., 2014) and was visualized using R-package qgraph 1.4.3
(Epskamp et al., 2012). In this visualization blue edges denote positive
associations, with thicker edges representing stronger associations.

Symptom centrality was operationalized as strength centrality — the
sum of the absolute weights of the edge connecting the node to all the
other nodes (Valente, 2012). Strength centrality is consistently, statis-
tically more robust than other indices of centrality, and there is evidence
that other indices of centrality may be less valid metrics in psychopa-
thology networks (Bringmann et al., 2018).

We tested the stability and accuracy of our network via both a case-
dropping bootstrap test for centrality stability and bootstrap confidence
intervals for the accuracy of network edges (Epskamp et al., 2017).
Centrality and edge-weight stability was operationalized with the cor-
relation stability coefficient (i.e., CS-coefficient). CS-coefficient repre-
sents the maximum proportion of cases that can be dropped to still
obtain a 95% probability that the correlation of the ranking between the
centrality indicator/edge-weight in the original network and the
case-subset network will amount to 0.7, with CS-coefficients being
required to match at least 0.25, but preferentially above 0.5 (Epskamp
et al., 2017). In addition, internode centrality difference test was
computed with 95% non-parametric bootstrap confidence intervals (CIs;
1,000 bootstrap samples). If zero is included in CI, the two nodes do not
differ with respect to that centrality index. All stability and accuracy
analyses described above were performed using the R-package bootnet
1.0 (Epskamp et al., 2017).

Then, we calculated bootstrapped correlations between strength and
both endorsement and standard deviation of symptoms in the full
sample network. This test allows us to determine whether symptom
centrality indexes are substantially influenced by symptoms’ differential
variability or mean values (Terluin et al., 2016), and treats centrality as
the interdependent statistic it is (i.e., if one symptom becomes more
central numerically at least one other symptom will have to become less
central numerically) rather than as the independent observations they
would be assumed to be using a Pearson or Spearman correlation
(Mullarkey et al., 2019).

Bayesian Test of Network Replicability

We also wanted to directly test how well we would expect this
network to replicate in new, similar samples. We first created random
split-halves of the data (a random 529 participants in one split-half, a
random 530 participants in the other split-half), and then computed
Bayes Factors for the strength of evidence that the strength of each
network edge was the same across split-halves (Hy) or different across
split-halves (H;). Direct evidence for Hy allows us to be more confident
the network edges would replicate in new, similar samples while ac-
counting for sampling variability (Jones et al., 2020; Williams et al.,
2020). The prior for our analysis was an unrestricted model, or a model
agnostic to the size of the partial correlations (Marsman & Wagen-
makers, 2017). We considered Bayes Factors >3 to be evidence for the
null hypothesis, Bayes Factors <'/5 to be evidence for the alternative
hypothesis, and Bayes Factors <3 but >'/; to be insufficient information
to determine whether either hypothesis is more plausible (Jones et al.,
2020). We then repeated this split-half process 10 times to ensure that
the results were not unduly influenced by indiosyrancies associated with
any given split in the sample and reported the average percentage of
edges with evidence for replication (Hp), against replication (H;), and
insufficient evidence for either model across these 10 iterations.

Relative Importance of Depression Symptoms for Life Satisfaction

We then examined whether a symptom’s network centrality relates
to how much variance that symptom shares with life satisfaction. We
first estimated the amount of variance each symptom shared with life
satisfaction, as indexed by the Students’ Life Satisfaction Scale, using
relative importance analysis while controlling for age and gender. To
perform the relative importance analysis, we used the R-package
relaimpo 2.2-2 (Gromping, 2006) and specifically utilized the Img
metric. This metric calculates the contribution that each variable makes
in accounting for the criterion by itself and in combination with the
other predictors. In our study, the relative importance partitions were
computed in such a way that they summed to 100% (Gromping, 2007).
Each individual predictor’s relative importance was also bootstrapped
1,000 times to determine, in an exploratory sense, which predictors
shared more variance with life satisfaction and the precision of the es-
timates (Fried & Nesse, 2014).

Previous analyses have also correlated centrality with different
outcomes like treatment response (e.g., Boschloo et al., 2016), but have
reported only point estimates and have not reported estimates of un-
certainty for these point estimates. This is because the strength cen-
trality statistics for a network are not independent observations, so
confidence intervals or p-values based on the assumption of independent
and identically distributed observations (e.g., from running a standard
correlation test) would not be valid. In other words, a correlation be-
tween calculated values from two fixed samples does not have the same
sampling distribution as a correlation between measured values from two
random samples. Moreover, the sampling distribution for centrality
measures is non-parametric and typically estimated by bootstrap
(Epskamp et al., 2017; Epskamp & Fried, 2016). Thus, correlating cen-
trality metrics with other outcomes, using standard methods, may not be
appropriate.

Therefore, to properly take into account the sampling error in the
estimation of the correlation between centrality measures and other
outcomes, we generated 1,000 bootstrap replicates of the correlation
between strength centrality and variance shared with life satisfaction by
sampling from the dataset 1,000 times with replacement. This simulates
the distribution of results we would obtain if we collected 1,000 new
samples of the same size as our current sample. This approach allows us
to more appropriately estimate the uncertainty around how well the
centrality of a depression symptom is associated with the amount of
variance each depression symptom shares with life satisfaction. We then
repeated this bootstrapping procedure with frequency of symptom
endorsement. This test allows us to determine whether how often a
symptom is endorsed is associated with how much variance that



symptom shares with life satisfaction. This bootstrapping style of anal-
ysis has been used previously to identify correlations between centrality
across data sets (Mullarkey et al., 2019).

While this bootstrapping analysis is robust it does not make full use
of the sample size of participants, as the correlation being bootstrapped
has an N equal to the number of nodes in the network (13) rather than
the sample size (1,059). To test for converging evidence while utilizing
the full sample, we also assessed the relative ability for central, pe-
ripheral, commonly endorsed, and infrequently endorsed symptoms to
predict life satisfaction by comparing cross-validated linear models. We
used strength centrality to identify the symptoms that were significantly
stronger than 50% or more of other symptoms in the network, as has
been done in previous research (Mullarkey et al., 2018). We then created
models with an equivalent number of symptoms scoring highest on the
other symptom-level metrics — least central/peripheral, commonly
endorsed, and infrequently endorsed.

We first fit separate linear regressions with central (worthlessness,
self-hatred, sadness, and loneliness), peripheral (fatigue, crying, restless,
concentration), commonly endorsed (fatigue, restless, concentration, and
sadness), and infrequently endorsed (anhedonia, self-hatred, bad person,
unloved) symptoms predicting life satisfaction. We then calculated the
out of fold variance (Rzpred) by cross-validating each linear model. This
type of model prioritizes variance we would expect the models to predict
in new samples (See section S1 for further explanation of cross-
validation). All data and code used for all analyses can be found on
the Open Science Framework (https://osf.io/pf7qu/).

Results
Descriptive statistics

Mean, standard deviation, skewness, kurtosis, and frequency of the
MFQ symptoms are reported in Table 1. The overall mean and standard
deviation (at the item level) of all symptoms, or a traditional mean score,
is M = 0.58, SD = 0.51 (or Msum score = 7.50, SDsum score = 6.57). The
symptoms of fatigue, restless, concentration, and sadness were the most
commonly endorsed (i.e., third tertile, see Table 1 “% Endorsed” column
for the percentage of the sample that endorsed each symptom), whereas
the symptoms of anhedonia, self-hatred, bad person, and unloved were the
least commonly endorsed (i.e., first tertile, see Table 1 “% Absence”
column for the percentage of the sample that did not endorse each
symptom).

Parallel Analysis to Estimate Number of Latent Factors

The parallel analysis indicated that 2 latent factors would best
explain the latent structure of the MFQ data in this sample (see section
S2 for Parallel Analysis). Given the difficulties with interpreting symp-
tom to symptom associations for all symptoms within a factor analytic
framework with 2 latent factors, the results reported in the rest of this

Table 1

study are network analysis related.

Network estimation, centrality and edge stability tests, replicability
estimate, and intranetwork comparison

The network of depressive symptoms, as estimated with the Ising
model, is shown in Figure 1 (See Section S3 for Item Informativeness).
Sadness, worthlessness, loneliness, and self-hatred are displayed toward the
middle of the network, while feeling restless, concentration problems, and
fatigue were more peripheral. All edges present in the model indicated
positive associations between symptoms. Strength and edge-weights had
excellent stability, indicating the order of central symptoms and edge-
weights would remain largely consistent across samples (See Section
S4 for Stability Tests and Significance Tests for Individual Edge-
Weights). Our Bayesian tests with 10 sets of random split-halves of the
data indicate on average 91.92% of edges were best explained by the
replication model, 7.94% of edges had insufficient information to be
classified in the replication or non-replication model, and 0.14% of
edges (or less than one edge per test) were best explained by the non-
replication model. Therefore, we continued with our assessment of
network parameters given converging evidence of stability and repli-
cability across these metrics.

In terms of strength, feeling worthless, sadness, self-hatred, and loneli-
ness were statistically stronger than 50% or more of the other symptoms
(Figure 2). Thus, these four symptoms appeared to be particularly cen-
tral in this sample’s depression symptom network. In contrast, some
symptoms appeared to be peripheral, such as fatigue and feeling restless.
Strength did not significantly correlate with standard deviation (r =
-0.11, 95% CI: -0.35, 0.08) but did have a moderate negative correlation
with symptom endorsement (r = -0.34, 95% CI: -0.53, -0.18, (See Sec-
tion S5).

External Validity: Life Satisfaction

We then conducted a relative importance analysis to determine how
much variance the mean of each depressive symptom shares with life
satisfaction as indexed by the SLSS. This analysis helps us understand to
what extent endorsing different symptoms is associated with a decrease
in reported life satisfaction. A linear model with all MFQ symptoms,
gender, and age as predictors explains 44.49% of the variance in life
satisfaction. Different symptoms appeared to share widely varying
amounts of relative variance with life satisfaction, from as low as 2.9%
(feeling restless) to 12.6% (sadness, Figure 3). These differentials are
highlighted by our exploratory bootstrapping analyses, which indicate
that 38 out of 80 possible symptom comparisons (47.5%) differed from
one another.

Crucially, at a group level across 13 symptoms following boot-
strapping, node strength was strongly positively correlated with the
amount variance the symptom shares with life satisfaction (r = 0.59,
95% CI: 0.27, 0.76), indicating that as a symptom becomes more central
it becomes more informative about life satisfaction. Further, how often

Mean, standard deviation, minimum, maximum, and frequency of the MFQ Symptoms (n = 1,059)

Symptoms MFQ # Mean Std Dev Min Max % Absence (“0”) % Endorsed (“1 or 27)
Sadness 1 0.78 0.69 0 2 37.11 62.89
Anhedonia 2 0.39 0.60 0 2 66.67 33.33
Fatigue 3 0.92 0.78 0 2 35.03 64.97
Restless 4 0.80 0.75 0 2 39.85 60.15
No Good 5 0.47 0.69 0 2 63.74 36.26
Crying 6 0.53 0.75 0 2 62.98 37.02
Concentration 7 0.85 0.75 0 2 36.92 63.08
Self-hatred 8 0.37 0.67 0 2 73.47 26.53
Bad Person 9 0.35 0.62 0 2 72.62 27.38
Loneliness 10 0.63 0.74 0 2 52.97 47.03
Feel Unloved 11 0.35 0.65 0 2 74.69 25.31
Worse Than Others 12 0.56 0.75 0 2 59.77 40.23
Did Wrong 13 0.50 0.69 0 2 61.10 38.90
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Figure 1. Network of Mood and Feelings Questionnaire depression symptoms in 1,059 adolescents

each symptom was endorsed was significantly and negatively correlated
with relative importance of the symptom for life satisfaction following
bootstrapping (r = -0.48, 95% CI: -0.63, -0.21), indicating that as a
symptom becomes more commonly endorsed it becomes less informa-
tive about life satisfaction. After controlling for symptom endorsement,
node strength is still significantly, positively related to variance shared
with life satisfaction (r = 0.46, 95% CI: 0.14, 0.67). When controlling for
node strength, infrequency of endorsement was no longer significantly
associated with variance associated with life satisfaction (r = -0.29, 95%
CI: -0.48, 0.00), though the absolute value of its confidence interval still
overlapped with node strength’s confidence interval.

We then formally compared the cross-validated linear models to
utilize the entire sample in assessing whether certain kinds of symptoms
better predicted life satisfaction. The central symptoms model predicted
35.55% of the out of fold variance, the peripheral symptoms model
predicted 29.22% of the variance, and the commonly endorsed model
predicted 26.84% of the variance. The central symptom model had a
significantly higher Rzp,ed than the peripheral symptoms model (95% CI
for Rzpred difference between the models: -0.10, -0.02) and the
commonly endorsed model (95% CI for Rzpred difference between the
models: -0.12, -0.05). However, the least frequently endorsed symptoms
predicted 37.30% of the variance, and neither model had a significantly
higher Rzpred than the other (95% CI for Rzpred difference between the
models: -0.02, 0.05).

These results retained the same pattern when we compared models
containing symptoms uniquely identified by centrality (sadness, loneli-
ness, worthlessness; 33.84% of the variance) and uniquely identified by
infrequency of endorsement (bad person, unloved, anhedonia; 36.92% of
the variance) as predictors of life satisfaction (95% CI for Rzpred differ-
ence between the models: -0.01, 0.07). Therefore, central symptoms
predicted significantly more out of fold variance than peripheral
symptoms and commonly endorsed symptoms. However, the most
central symptoms do not predict more out of fold variance in life satis-
faction than the most infrequently endorsed symptoms. This pattern of
results holds when using continuous symptom severity as predictors

rather than binarized symptom endorsement (See Section S6).
Discussion

In the current study, we found that both strength centrality and
infrequency of symptom endorsement could identify symptoms that
were more strongly associated with life satisfaction. Sadness, self-hatred,
loneliness, and worthlessness were the most central symptoms in adoles-
cent depression while anhedonia, self-hatred, bad person, and unloved
were the least frequently endorsed symptoms. Although assessed with a
different questionnaire in a sample of adolescents recruited from a
different part of the United States, the central symptoms identified in
this study strongly converge with the central symptoms identified in
prior work (Mullarkey et al., 2018). Further, Bayesian replicability es-
timates using split-halves of the current sample indicated we would
expect this adolescent depression network to generally replicate in a
new, similar sample.

In line with previous work on adult depression (Fried & Nesse,
2014), some depression symptoms share far more variance with life
satisfaction than others in adolescents. Nearly half of all possible pair-
wise comparisons revealed one symptom of depression sharing signifi-
cantly more variance with life satisfaction than another symptom.
Further, the variance depression symptoms shared with life satisfaction
ranged from 2.9% (feeling restless) to 12.6% (sadness). These results
provide the first empirical evidence that some symptoms of depression
are more closely associated with life satisfaction than others in adoles-
cents. Sadness in adults also shares the most variance out of any
depression symptom with psychosocial functioning (Fried & Nesse,
2014), so future developmental psychopathology research should
examine whether sadness is the strongest predictor of other important
outcomes.

Importantly, strength centrality and infrequency of endorsement
identified which symptoms were more strongly related to life satisfac-
tion. Applying a bootstrapping method to the estimation of the network
and calculating variance each symptom shares with life satisfaction
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Figure 2. Worthlessness, sadness, self-hatred, and loneliness are the strongest symptoms in this sample’s symptom network. Note: Black boxes indicate the symptom
is stronger than the other symptom (p < .05 following Holm-Bonferroni correction). Gray boxes indicate that symptom strength does not differ between

those symptoms

allowed us to calculate more robustly whether strength centrality and
infrequency of endorsement are significantly associated with the vari-
ance a symptom shares with life satisfaction. Our second method
included out of fold prediction, implying the more central symptoms
alone could predict 35.55% of the variance in adolescent life satisfaction
in unseen data while infrequently endorsed samples could predict
37.30%. In contrast, the least central, or peripheral symptoms, could
only predict 29.22% of the out of fold variance in life satisfaction, while
commonly endorsed symptoms could only predict 26.84% - both
significantly less than the most central symptoms.

Symptom centrality and symptom endorsement rate were modestly
negatively associated in this sample, and thus are likely not redundant.
Further, our analyses indicate strength centrality was still positively
associated with how much variance a symptom shared with life satis-
faction after controlling for endorsement rate. While endorsement rate
technically no longer significantly relates to how much variance a
symptom shares with life satisfaction after controlling for centrality, the
impact of the covariate was relatively small. Symptoms identified
uniquely by infrequency of endorsement (anhedonia, bad person, un-
loved) predict a similar amount of out-of-fold variance in life satisfaction
as symptoms uniquely identified by centrality (sadness, loneliness,
worthlessness).

Symptom centrality and infrequency of symptom endorsement may
both be viable ways to identify more important symptoms within
adolescent depression. Infrequency of endorsement may be an especially
useful symptom level metric in samples where identifying central
symptoms via network analysis is not appropriate (e.g., the sample size
is too small to estimate a network where strength is stable). Empirically
testing different methods (e.g., infrequency of endorsement, factor

analysis) for identifying more important symptoms of adolescent
depression across a variety of outcomes will help us develop a more
nuanced picture of which frameworks for identifying important symp-
toms will be practically useful.

An important limitation of these analyses is the cross-sectional na-
ture of the data. Variance shared is not variance predicted over time,
much less a causal relationship, and any interpretations drawn from
these data should be tempered by those caveats. These caveats also
temper any strong conclusions about clinical implications. This study
does imply that symptoms most strongly associated with the presence
and absence of other depression symptoms may not necessarily be
symptoms that are designated as “core” symptoms of adolescent
depression by the DSM (e.g., sadness is identified as relatively more
central while anhedonia is not). If these results were to replicate in
longitudinal and intervention studies, they would imply that we should
prioritize symptoms’ importance as determined by data-driven ap-
proaches (e.g., network analysis, factor analysis).

Another potential limitation of these analyses is that they were
drawn from community adolescents, rather than a clinical population.
Recruiting a clinical sample could change the relationship between in-
dividual symptoms and life satisfaction. Although past work demon-
strates that network structure does not differ by diagnostic status, it
could influence the overall connectivity of the network (Santos et al.,
2017). However, there are advantages to using a sample not selected for
clinical severity, as none of the statistical procedures can be confounded
by Berkson’s or collider bias — where selecting on one variable (e.g,
clinical severity) distorts the associations between other variables of
interest (de Ron et al., 2019). Selecting for clinical severity will also
inherently restrict the range of which symptoms are more vs. less
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Figure 3. The relative amount of variance individual depressive symptoms share with life satisfaction

frequently endorsed. Future research could examine if infrequency of
endorsement still identifies informative symptoms for outcomes despite
this range restriction in clinical samples.

Overall, these results indicate that the most central symptoms of
adolescent depression include self-hatred, worthlessness, loneliness, and
sadness while the least frequently endorsed were self-hatred, anhedonia,
feeling like a bad person, and feeling unloved. Importantly, the central
symptoms were consistent with prior work even though they were
identified with a different measure of depression. Further, depression
symptom centrality and infrequency of endorsement were strongly
associated with life satisfaction across methods whereas a higher
endorsement rate was not. This finding further supports the informa-
tiveness of the network approach (i.e., external validity) for identifying
central symptoms of adolescent depression, though in this case infre-
quency of symptom endorsement was just as informative. Longitudinal
studies are needed to ascertain if individual depression symptoms
differentially predict life satisfaction over time, and also whether life
satisfaction reciprocally predicts change in specific symptoms. Inter-
vention studies that target central and infrequently endorsed depression
symptoms could also help disentangle whether the relationships be-
tween individual depression symptoms and life satisfaction are causal in
nature. Nevertheless, findings from the current study suggest that self-
hatred, worthlessness, loneliness, sadness, feeling unloved, and feeling
like a bad person may be particularly pertinent to the experience of
depression in adolescence — especially in how adolescent depression
relates to concurrent life satisfaction. Applying symptom level ap-
proaches to adolescent depression may provide new theoretical and
clinical insights that further our understanding of this heterogeneous
disorder.
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