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A B S T R A C T   

Increasingly, it has been recognized that analysis at the symptom, rather than diagnostic, level will drive progress 
in the field of immunopsychiatry. Network analysis offers a useful tool in this pursuit with the ability to identify 
associations between immune markers and individual symptoms, independent of all other variables modeled. 
However, investigation into how methodological decisions (i.e., including vs. excluding participants with C- 
reactive protein (CRP) >10 mg/L, regularized vs. nonregularized networks) influence results is necessary to 
establish best practices for the use of network analysis in immunopsychiatry. In a sample of 3,464 adult par-
ticipants from the 2015–2016 National Health and Nutrition Examination Survey dataset, this study found 
consistent support for associations between CRP and fatigue and changes in appetite and some support for 
additional CRP—criterion associations. Methodologically, results consistently demonstrated that including in-
dividuals with CRP >10 mg/L and estimating nonregularized networks provided better estimates of these as-
sociations. Thus, we recommend considering the use of nonregularized networks in immunopsychiatry and 
inclusion of cases with CRP values >10 mg/L when testing the association between CRP and depression criteria, 
unless contraindicated by the research question being tested. Additionally, results most consistently suggest that 
CRP is uniquely related to fatigue and changes in appetite, supporting their inclusion in an immunometabolic 
phenotype of depression. Finally, these associations suggest that fatigue and changes in appetite might be 
particularly receptive to anti-inflammatory treatments. However, future research with more nuanced measures is 
necessary to parse out whether appetite increases or decreases drive this association. Further, longitudinal 
research is an important next step to test how these relationships manifest over time.   

1. Introduction 

Systemic low-grade inflammation is an established correlate of, and 
is gaining evidence as a potential causal risk factor for, depression 
symptoms (Dhabhar et al., 2009; Dowlati et al., 2010; Howren et al., 
2009; Moriarity et al., 2020a). In fact, elevated inflammation is associ-
ated with treatment-resistant depression (Yang et al., 2019). In partic-
ular, the acute phase reactant C-reactive protein (CRP) arguably is the 
most researched inflammatory index in depression research (Horn et al., 
2018; Howren et al., 2009). CRP is a non-specific pentameric protein 
synthesized in the liver that is upregulated during the acute phase of 
inflammation in response to stimulation from other proinflammatory 
proteins (e.g., interleukin (IL)-6 and IL-1; Du Clos, 2000). 

Meta-analytic evidence generally has indicated that CRP is higher in 
individuals with Major Depressive Disorder (MDD) than those without a 
diagnosis (Haapakoski et al., 2015; Howren et al., 2009). Another meta- 
analysis found that higher CRP is associated with more depression 
symptoms in cross-sectional and longitudinal studies (Valkanova et al., 
2013). However, the effect sizes vary (Horn et al., 2018), and, in some 
samples, relationships are not evident (e.g., Khandaker et al., 2014; 
Miller and Cole, 2012). One plausible explanation for this inconsistency, 
supported by Horn and colleagues (2018), is variability in covariates 
included across studies. Elevations in CRP also are associated with a 
diverse range of conditions and environmental stimuli, several of which 
also are confounded with depression (e.g., obesity, smoking, chronic 
health conditions; Kushner et al., 2006). Further, elevated inflammation 
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only is seen in a subset of individuals with depression (Raison and 
Miller, 2011). One potential explanation for this is that CRP is not 
associated equally with all depression symptoms, which has inspired 
calls for investigations into the inflammatory phenotyping of depression 
(Felger et al., 2018; Krishnadas and Harrison, 2016) and expanding the 
scalar variety of psychopathological constructs analyzed in immunop-
sychiatry research (Moriarity and Alloy, 2020). 

Initial work examining the association between CRP and specific 
depression symptoms and symptom subtypes supports this argument. 
For example, several studies have found associations between CRP and 
neurovegetative symptoms such as sleeping problems, fatigue, and 
changes in appetite (Jokela et al., 2016; Lamers et al., 2018; White et al., 
2017). In fact, out of all inflammatory proteins, a recent review 
concluded that CRP was the most consistently associated with neuro-
vegetative symptoms (Majd et al., 2020). However, it is important to 
note that some studies find that CRP is associated with neurovegetative 
profiles including increased appetite (Glaus et al., 2014; Hickman et al., 
2014; Lamers et al., 2018; see Milaneschi et al., 2020 for a review), and 
others find it is associated with scores featuring decreased appetite 
(Duivis et al., 2015; Elovainio et al., 2009). CRP also has been associated 
with depressed mood and negative attention biases (Boyle et al., 2017; 
White et al., 2017), in line with theory that inflammation might be 
particularly associated with exaggerated responsivity to negative stimuli 
(Dooley et al., 2018). There also is support for an association between 
CRP and blunted reward processing in terms of self-report anhedonia 
(Felger et al., 2016; Moriarity et al., 2019), decreased functional con-
nectivity within reward circuitry (Felger et al., 2016), and high basal 
ganglia glutamate (Haroon et al., 2016). Although there is some support 
that CRP is associated with cognitive difficulties seen in depression, this 
association might be dependent on neurovegetative symptoms (Krogh 
et al., 2014). In sum, there is the strongest evidence for an association 
between CRP and neurovegetative symptoms, affective symptoms, and 
reward abnormalities. 

Recently, Fried and colleagues (2019) applied network analysis (a 
statistical approach designed to investigate unique, pairwise associa-
tions in multivariate data) in a sample of 2,321 adults from the 
Netherlands Study of Depression and Anxiety (NESDA) to extend this 
line of inquiry. Network analysis is a powerful tool for this research 
question because it results in estimates of the unique association be-
tween two variables, controlling for all other variables in the network. 
Thus, in a network comprised of CRP and depression symptoms, an as-
sociation between CRP and a specific symptom is independent of all 
other symptoms in the network. One set of models in Fried et al. (2019) 
tested the association between CRP and the nine DSM criteria for MDD 
controlling for two sets of covariates: 1) sex and age, and 2) sex, age, 
alcohol use, exercise, smoking status, body mass index (BMI), and 
number of current chronic diseases. When only controlling for sex and 
age, CRP was associated uniquely with sleep problems, energy level, and 
changes in appetite/weight (identical to the findings using logistic re-
gressions in Jokela et al., 2016). However, when including more cova-
riates, CRP still was associated with sleep problems and energy level, but 
not with changes in appetite/weight. Although the overlap between 
these findings and the others described above is promising, the repli-
cability of network analyses has been called into question due to con-
cerns about single-item measurement properties and high power 
requirements (Forbes et al., 2017; see Borsboom et al., 2017; Jones, 
et al., 2019 for responses). Thus, replication is crucial, especially 
because CRP—symptom associations were small in this study. 

The CRP—nine DSM depression criteria models are particularly 
important to replicate for several reasons. First, CRP is one of, if not the, 
most popular inflammatory protein utilized in depression research. 
Second, focusing on symptoms that make up current diagnostic criteria 
has the opportunity to characterize inflammatory phenotypes at the 
level depression typically is diagnosed. Although the DSM has been 
criticized as something that can hold back meaningful, transdiagnostic 
research (resulting in initiatives such as RDoC; Insel et al., 2010), 

modifying official diagnostic criteria is a long, slow process. Given that 
the DSM is still the primary tool used by clinicians in diagnosis and 
treatment planning, characterizing inflammatory phenotypes using 
DSM-criteria might help the transition from research to practice. How-
ever, research branching beyond DSM criteria still is necessary to 
progress psychiatric nosology and etiology. Third, most contemporary 
measures of depression have at least one item for each DSM criteria, but 
also include additional items measuring a broader depressive construct 
(e.g., Fried et al., 2019 included a measure of “interpersonal sensi-
tivity”). Thus, analyzing DSM symptoms facilitates cleaner comparison 
between studies because including all symptoms measured might in-
crease variability of depressive constructs across measures. 

1.1. The present study 

This study attempts to replicate and extend Fried et al.’s (2019) 
models using data from the National Health and Nutrition Examination 
Survey (NHANES), a study of physical and mental health in the United 
States. This is an ideal replication sample for the CRP—nine DSM 
depression criteria models for several reasons. First, it is larger (N =
3,464 or 3,133, depending on the specific model described below) than 
the original sample (N = 2,321). This is beneficial because network 
analyses require a lot of power given the amount of parameters esti-
mated. Further, estimates of associations between self-report and bio-
logical variables are subject to downward biasing due to measurement- 
domain specific error variance, further attenuating power. Second, it 
also allows for an attempted cross-cultural replication (United States vs. 
Netherlands). Third, the original sample was 65% female. As there is 
evidence that females have higher levels of CRP (Lakoski et al., 2006), 
depression symptoms (Kessler, 2006), and that the association between 
the two is stronger for females (Moriarity et al., 2019), replication in a 
sample with more comparable proportions of males and females is 
important for evaluating generalizability (this dataset is 47.1% female, 
52.9% male). Also, Fried et al. (2019) used a sample that predominantly 
consisted of individuals with current or a history of depression and 
anxiety. Given the amount of research on depression and inflammation 
in nonclinical samples (e.g., Chu et al., 2019; Duivis et al., 2015; Mor-
iarity et al., 2020b), it is important to evaluate whether these results 
replicate in a nonclinical sample. This is especially true considering that 
even subclinical depression symptoms are associated with functional 
impairment and suicidality (Balázs et al., 2013). Additionally, given that 
inflammation is a stress-reactive system, associations between bio-
markers and depression symptoms might be confounded in samples of 
individuals who currently report distress or impairment (criteria to meet 
a diagnosis of MDD). 

This study also will extend Fried et al. (2019) by re-estimating the 
original models with different analytic choices. Network models 
frequently are regularized, a process that shrinks edge weights, 
including reducing small ones to zero, in the pursuit of a sparse network. 
However, there is evidence that nonregularized (estimated without this 
procedure) network models are preferable to regularized models for 
psychopathology data (Williams et al., 2019). Although Fried et al. 
(2019) re-estimated their most complex models without regularization, 
nonregularized versions were not reported for the models involving CRP 
and the nine DSM criteria. This will be addressed in this study. Second, 
the original study removed participants with CRP values > 10 mg/L, in 
line with recommendations that this can be indicative of acute infection 
(Bell et al., 2017; de Ferranti et al., 2006). However, there has been 
recent discussion as to the appropriateness of this as a default method-
ological decision, given that theory linking depression and inflammation 
focuses on those with elevated inflammatory profiles (Mac Giollabhui 
et al., 2020). Thus, this study will estimate all models with and without 
331 participants with CRP values > 10 mg/L. Through a rigorous test of 
replication and the addition of novel statistical methodologies, this 
study aims to enhance our understanding of the relationship between 
CRP and specific depression criteria and to guide future network 
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analyses in immunopsychiatry. 

2. Methods 

2.1. Participants and procedures 

This study utilized the NHANES 2015–2016 dataset, a nationally 
representative community sample of the United States. This dataset was 
designed by the National Center of Health Statistics (NCHS) at the 
Centers for Disease Control and Prevention to examine a wide range of 
physical and mental health constructs in the United States. The NCHS 
oversaw all data collection and approved the NHANES study protocol 
(for more details about the survey designs and data collection method-
ologies please review: Centers for Disease Control and Prevention, 2009; 
Chen et al., 2018; Zipf et al., 2013). The NHANES survey was selected to 
replicate Fried and colleague’s (2019) analyses focusing on CRP and 
DSM criteria for depression because of its large sample size and adequate 
measurement of CRP and depression criteria, which were completed on 
the same day. 5,616 adult participants were selected for the analytic 
sample based on complete data for serum CRP, Patient Health Ques-
tionnaire (PHQ-9), and covariate measurements (described below). 
2,152 did not have complete data, resulting in an analytic sample of 
3,464 adults who were an average of 47.33 years old and 47.1% female 
(see Table 1 for descriptives). 

3. Measures 

3.1. Depression criteria 

The Patient Health Questionnaire (PHQ-9; Kroenke et al., 2001) is a 
nine-item self-report measure that was administered to assess the fre-
quency of nine DSM-IV diagnostic criteria during the past 2 weeks, 
including one additional item to assess the level of impairment due to 

these symptoms. Only the nine items measuring sadness, anhedonia, 
sleep problems, fatigue, psychomotor difficulties, feeling bad about 
oneself, difficulty concentrating, changes in appetite, and thoughts of 
death were used in analyses (see Table 2 for item wording). Participants 
were asked to rate each item using a 4-point Likert scale ranging from 
0 (not at all) to 3 (nearly every day). Cronbach’s α = 0.84 in this sample. 
Diagnostic interview data were not available but, based on a meta- 
analysis (Manea et al., 2012), between 6.8% and 12.8% of the sample 
endorsed symptoms above suggested clinical cut-offs (PHQ-9 score 
8–11). Additionally, 16.5% of the sample reported that the criteria they 
endorsed caused them some level of difficulty. 

Fried et al. (2019) used the Inventory of Depressive Symptomatology 
Self-Report (IDS-SR; Rush et al., 1996). The IDS-SR has 28 items, also 
rated on a 0–3 scale, asking about frequency of the symptoms in the 
week prior to the assessment. To create the model testing the 9 DSM-5 
criteria, the most severe response endorsed out of all relevant items 
was used (e.g., sleep problems was coded as the most severely reported 
out of the four sleep-related questions). Two items were compounded to 
create the appetite/weight variable, two were compounded for the 
anhedonia variable, and two were compounded for the psychomotor 
difficulties variable. 

3.2. C-reactive protein 

Blood was drawn via venipuncture and high sensitivity CRP levels 
were assayed using the SYNCHRON System(s) High Sensitivity C-Reac-
tive Protein reagent. The system portioned out one-part sample to 26- 
parts reagent into a cuvette and monitored change in absorbance at 
940 nm. This change is proportional to the concentration of CRP and is 
used to calculate the concentration based on a single-point adjusted, pre- 
determined calibration curve. There was a change in lab equipment 
during the 2015–2016 survey cycle from the Beckman Coulter UniCel 
DxC 600 Synchron chemistry analyzer to the Beckman Coulter UniCel 
DxC 600i Synchron chemistry analyzer. An internal comparison study 
was reported to indicate no statistical adjustment was required to cor-
rect for this change. Specimens were frozen at − 70 ◦C until the day of the 
assay. Samples were estimated singly as part of a Multi-analyte 
Biochemistry Panel. Lower limit of detection for CRP was 0.08 mg/L 
(values lower than this were set to 0.08 mg/L). Participants were asked 
to fast the morning before the blood draw. 

Table 1 
Summary of Sample Characteristics.  

Variable Entire Sample 
(N = 3,464) 

CRP > 10 mg/L removed 
(N = 3,132)  

M (SD) and range for continuous variables or % for 
categorical variables 

Age 47.33 (16.21) 
Range: 20–79 

47.40 (16.34) 
Range: 20–79 

Total Dep. Symptoms 3.28 (4.28) 
Range: 0–27 

3.17 (4.18) 
Range: 0–27 

Impairment from Dep. 
Symptoms 

16.5% 16.4% 

Sex   
Female 47.1% 45.1% 
Race   
Mexican American 17.5% 17.6% 
Other Hispanic 13.0% 13.2% 
Non-Hispanic White 35.5% 35.9% 
Non-Hispanic Black 20.7% 19.4% 
Non-Hispanic Asian 9.2% 9.8% 
Other 4.0% 4.1% 
Medical Status   
Asthma 8.9% 8.2% 
Anemia 3.4% 2.8% 
Arthritis 24.8% 23.8% 
Gout 4.8% 4.4% 
Congestive Heart g Failure 3.1% 2.9% 
Coronary Heart g f Disease 3.7% 3.5% 
Angina/Angina f d Pectoris 2.1% 2.0% 
Emphysema 2.3% 2.3% 
Thyroid Problem 7.4% 7.2% 
Chronic Bronchitis 2.3% 1.9% 
Liver Condition 2.6% 2.4% 
COPD 3.3% 3.2% 

Note. M = Mean, SD = Standard deviation, CRP = C-reactive protein, Dep =
depression, COPD = Chronic obstructive pulmonary disease. 

Table 2 
Node Descriptives and Item Descriptions.   

Mean (Variation) 

CRP > 10 mg/L 
Removed 

CRP > 10 mg/L 
Included 

CRP (mg/L) 2.48 (5.50) 4.26 (66.54)* 
Sad: “Feeling down, depressed or 

hopeless” 
0.34 (0.48) 0.35 (0.50) 

Anhedonia: “Have little interest in doing 
things” 

0.38 (0.58) 0.39 (0.60) 

Sleep problems: “Trouble sleeping or 
sleeping too much” 

0.61 (0.85) 0.63 (0.87) 

Fatigue: “Feeling tired or having little 
energy” 

0.76 (0.82) 0.79 (0.86) 

Appetite changes: “Poor appetite or 
overeating” 

0.38 (0.57) 0.40 (0.60) 

Psychomotor changes: “Moving or 
speaking slowly or too fast” 

0.15 (0.26) 0.15 (0.27) 

Difficulty concentrating: “Trouble 
concentrating on things” 

0.25 (0.42) 0.26 (0.44) 

Feels bad about self: “Feeling bad about 
oneself” 

0.24 (0.39) 0.25 (0.41) 

Thoughts of death: “Thought you would 
be better off dead” 

0.06 (0.10) 0.06 (0.10) 

Note: *CRP is raw in this table, but was transformed using a nonparanormal 
transformation for analyses, CRP = C-reactive protein 
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3.3. Covariates 

To replicate the procedures of Fried et al. (2019), age, sex, alcohol 
intake, smoking status (“Never”, “Past”, “Current”), BMI, disease burden 
(number of current chronic diseases), and physical activity all were 
included as covariates in the present study (however, not all covariates 
were used in all models, see “Statistical Analyses”). Sex was coded as 0 =
“Male”, 1 = “Female”, so positive associations with sex represent higher 
levels in females. Alcohol intake was assessed via the Alcohol Use 
Questionnaire (Piccinelli et al., 1997). Smoking status was coded as 1 =
“Never”, 2 = “Past”, 3 = “Current”. BMI was calculated based on self- 
reported height and weight measurements (weight [kg]/height [m2]). 
Physical activity was quantified as MET minutes (minutes of exercise per 
week corrected for the amount of energy required for a given activity) 
via a modified version of the Global Physical Activity Questionnaire 
(Armstrong and Bull, 2006). 

3.4. Statistical analyses 

Analyses were conducted in R version 3.6.2 (R Core Team, 2013). 
Unless otherwise stated, analytic decisions matched Fried et al. (2019). 
Skewed distributions (specifically, for exercise and alcohol consumption 
in all models) were normalized using the nonparanormal transformation 
(Liu et al., 2009). CRP only was skewed (and consequently, transformed) 
for the models including CRP > 10 mg/L. 

First, in line with Fried et al. (2019), two network models were 
estimated to assess the association between CRP and nine DSM depres-
sion criteria controlling for i) sex and age and ii) sex, age, alcohol use, 
exercise, smoking status, BMI, and number of chronic diseases. In 
network models, variables are referred to as “nodes” and the associa-
tions between two nodes, controlling for all other associations in the 
networks, are described as “edges”. Given that the data consisted of 
categorical, ordinal, continuous, and count variables, the R-package 
mgm (Version 1.2–10; Haslbeck and Waldorp, 2020) was used to esti-
mate Mixed Graphical Models (MGMs). To minimize false positives, 
mgm employs the least absolute shrinkage and selection operator 
(LASSO; Tibshirani, 1996). The LASSO shrinks all edge weights towards 
zero and sets very small edge weights to exactly zero. The magnitude of 
this penalty is specified by parameter lambda, which was selected using 
the Extended Bayesian Information Criterion (EBIC; Foygel and Drton, 
2010, see Epskamp and Fried, 2018 for a tutorial paper on regularized 
networks). Additionally, EBIC has a tuning parameter gamma (lower 
gamma results in less conservative models), which was set to 0 for the 
primary models. Rationale for this distinction is described below. 
However, in line with Fried et al. (2019), identical regularized models 
were re-estimated with mgm’s default gamma (0.25) as a sensitivity 
analysis. To further reduce the risk of false positives, mgm employs a 
threshold (Loh and Wainwright, 2012) to set very small edge weights to 
zero. Consistent with research finding that nonregularized networks are 
preferable to regularized networks for psychopathology research (Wil-
liams et al., 2019), both gamma = 0 models were re-estimated without 
regularization while still controlling for the false positive rate via the 
threshold. All models were estimated with and without 331 individuals 
with CRP > 10 mg/L (eight total primary models, not including the 
gamma = 0.25 sensitivity analyses). 

Gamma was specified as zero because it should be expected that as-
sociations between a specific inflammatory protein and depression 
criteria will be small for several reasons: i) theory for depression risk fo-
cuses on the broader construct of inflammation, of which CRP is only a 
single indicator of non-specific inflammation, ii) there are many potential 
interacting biopsychosocial factors that influence and compound 
depression risk throughout the lifespan (Raison and Miller, 2011), and iii) 
analyzing different measurement domains (i.e., blood assays vs. self- 
report) introduces measurement domain-specific variance that will not 
be shared between our nodes of interest (biology—self-report), down-
ward biasing estimates. Importantly, all edges are shrunk towards zero 

under LASSO regularization (Epskamp and Fried, 2018), and simulation 
work studying LASSO primarily has assumed all variables come from the 
same measurement domain. Thus, depression—inflammation links are 
disproportionality likely to be reduced to 0 than “same-domain” edges (e. 
g., between two self-report nodes) under regularization. 

Identical to Fried et al. (2019), edge weight stability was estimated 
using the bootnet package (Version 1.4.3, described in more detail in 
Epskamp et al., 2017). In short, 500 bootstraps were used to estimate 
95% confidence intervals for the edge weights. The proportion of 
bootstraps in which edges of interest were nonzero are reported. Note 
that, in the regularized models, the edge-estimates (and thus, sample 
distributions) are biased towards zero. Finally, we also estimated pre-
dictability, which quantifies how well a node is predicted by the other 
nodes in the network (interpreted similar to an R2; Haslbeck and Wal-
dorp, 2018). 

4. Results 

4.1. Preliminary analyses 

Descriptive statistics for all nodes can be found in Table 2. Inde-
pendent samples t-tests comparing those with and without CRP > 10 
mg/L on study variables found that individuals with CRP > 10 mg/L had 
higher total depression criteria scores (Mdiff = 1.17, p < .001), higher 
BMI (Mdiff = 7.40, p < .001), less exercise (Mdiff = -698.39 METs, p =
.047), more diseases (Mdiff = 0.43, p < .001), and were more likely to be 
female (X2 = 58.32, p < .001). Participants grouped by CRP status (i.e., 
< or ≥ 10 mg/L) did not differ on age (Mdiff = -0.83, p = .342), alcohol 
consumption (Mdiff = 169.18, p = .636), or smoking status (X2 = 1.14, p 
= .567). Females had higher CRP and total depression criteria scores 
than males (Mdiff = 1.71 mg/L, p < .001; Mdiff = 0.90, p < .001, 
respectively). 

5. Regularized networks 

5.1. Controlling for sex and age 

See Table 3 for a summary of edge weights, CRP predictability, and 
stability of nonzero edges (for both Fried et al., 2019 and the current 
analyses). In the first direct replication model (regularized networks 
excluding CRP > 10 mg/L, Fig. 1a), higher CRP was associated with 
fatigue and greater changes in appetite when adjusting for sex and age, 
similar to Fried et al. (2019). The CRP-fatigue and CRP-appetite edges 
were nonzero in 95% and 63% of the bootstrapped analyses, respec-
tively. However, there also was an edge between CRP and sleep prob-
lems in Fried et al. (2019), which was not found in this sample. CRP 
predictability was similar between the two studies (original: 3.4%, 
replication: 3.7%). 

Results were comparable when the model was re-estimated including 
participants with CRP > 10 mg/L (Fig. 1b). CRP was associated with 
fatigue and greater changes in appetite (nonzero in 95% and 100% of 
bootstraps, respectively), with greater stability and edge weights. CRP 
predictability (5.9%) was slightly higher compared to the identical 
model excluding CRP > 10 mg/L. Both models were identical when re- 
estimated with gamma = 0.25. 

5.2. Controlling for sex, age, alcohol use, exercise, smoking status, BMI, 
and number of chronic diseases 

In the second direct replication model (regularized networks 
excluding CRP > 10 mg/L, Fig. 2a), there were no CRP—criterion edges 
(CRP—fatigue and CRP—changes in appetite were nonzero in only 19% 
and 31% of bootstraps, respectively). In Fried et al. (2019), both 
CRP—sleep problems and CRP—fatigue were robust to additional cova-
riates. Predictability of CRP was higher in this sample (21.5%) compared 
to the original study (17.3%). Because there were fewer CRP—depression 
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edges in this sample, this difference is driven by stronger associations 
between CRP and the covariates in this model. 

Unlike the model without participants with CRP > 10 mg/L, the 
model with these participants included retained the associations be-
tween CRP and fatigue and changes in appetite (Fig. 2b). However, these 
edges were notably smaller and less stable than in the model with fewer 
covariates (nonzero in 38% and 58% of bootstraps, respectively). CRP 
predictability (28.8%) was higher compared to the identical model 
excluding CRP > 10 mg/L. Both models were almost identical when re- 
estimated with gamma = 0.25 (r > 0.99). 

5.3. Nonregularized networks 

5.3.1. Controlling for sex and age 
Fried et al. (2019) did not re-estimate the above models without 

regularization (although they did estimate nonregularized versions of 
other models). In the nonregularized model including sex and age in this 
study (Fig. 3a), CRP still was associated with fatigue and greater changes 
in appetite (which were nonzero in 100% and 96% of the bootstrapped 
analyses, respectively). CRP also was associated with greater anhedonia 
(nonzero in 63% of the bootstraps). Predictability for CRP (4.1%) was 
slightly higher compared to the regularized model. 

Nonregularized models including CRP > 10 mg/L (Fig. 3b) also had 
highly stable associations with fatigue and greater changes in appetite 
(each was nonzero in all 500 bootstraps). Both edge weights were larger 
than the previous model. Unlike the model excluding CRP > 10 mg/L, 
CRP also was associated with fewer psychomotor abnormalities 
(nonzero in 67% of bootstraps), but not anhedonia. Predictability for 
CRP (6.0%) was slightly higher compared to the identical model 
excluding CRP > 10 mg/L 

Table 3 
CRP Predictability and CRP-Symptom Edge Weights/Stability.   

CRP 
Predictability 

Sad Anhedonia Sleep Fatigue Appetite Psychomotor Concentration Feels 
Bad 

Thoughts of 
Death  

CRP > 10 mg/L Excluded 
Fried et al. (2019) 

Regularized: 2 Covariates 
3.4% x x 0.03 

(85%) 
0.04 
(79%) 

0.08 
(99%) 

x x x x 

Fried et al. (2019) 
Regularized: All Covariates 

17.3% x x 0.02 
(46%) 

0.03 
(51%) 

x x x x x 

Regularized: 2 Covariates 3.7% x x x 0.03 
(95%) 

0.05 
(63%) 

x x x x 

Regularized: All Covariates 21.5% x x x x x x x x x 
Nonregularized: 2 Covariates 4.1% x 0.02 

(63%) 
x 0.05 

(100%) 
0.07 
(96%) 

x x x x 

Nonregularized: All Covariates 21.6% x x x x 0.02 
(61%) 

x 0.03 (80%) -0.02 
(53%) 

x  

CRP > 10 mg/LIncluded 
Regularized: 2 Covariates 5.9% x x x 0.06 

(95%) 
0.08 
(100%) 

x x x x 

Regularized: All Covariates 28.8% x x x 0.02 
(38%) 

0.03 
(58%) 

x x x x 

Nonregularized: 2 Covariates 6.0% x x x 0.07 
(100%) 

0.09 
(100%) 

-0.01 (67%) x x x 

Nonregularized: All Covariates 29.1% x x x 0.02 
(67%) 

0.04 
(81%) 

x 0.03 (72%) -0.02 
(66%) 

x 

Note: x = no edge between CRP and this symptom, % of 500 bootstraps for which the edge weight was non-zero in parentheses. 

Fig. 1. Regularized, two covariate network models of CRP and depression criteria. Note: Green edges in the networks depict positive associations, red edges represent 
negative associations, and thicker/more saturated edges depict stronger associations. (For interpretation of the references to colour in this figure legend, the reader is 
referred to the web version of this article.) 
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5.4. Controlling for sex, age, alcohol use, exercise, smoking status, BMI, 
and number of chronic diseases 

The nonregularized model excluding CRP > 10 mg/L with all cova-
riates had three CRP—criterion edges (Fig. 4a). Specifically, CRP was 
associated with greater changes in appetite, difficulty concentrating, 
and less feeling bad for oneself (nonzero in 61%, 80%, and 53% of 
bootstraps, respectively). Interestingly, although the CRP—fatigue as-
sociation was not above the threshold in this model, it was nonzero in 
57% of the bootstraps (a greater proportion than CRP—feeling bad for 
oneself). Predictability for CRP (21.6%) increased slightly compared to 
the regularized model. 

The nonregularized model including all of the covariates and par-
ticipants with CRP > 10 mg/L had the most CRP—criterion edges (four, 
Fig. 4b). Specifically, CRP was associated with fatigue, greater changes 
in appetite, difficulty concentrating, and less feeling bad for oneself 

(nonzero in 67%, 81%, 72%, 66% of bootstraps, respectively). Predict-
ability for CRP (29.1%) was higher compared to the identical model 
excluding CRP > 10 mg/L. 

6. Discussion 

Depression is a highly heterogeneous disorder (e.g., Fried, 2017) and 
as psychiatry adopts a transdiagnostic approach in classifying mental 
illness, there is a heightened focus on identifying behavioral phenotypes 
(e.g., Research Domain Criteria [RDoC]; Insel et al., 2010). Increasingly, 
it has been recognized that analysis at the symptom, rather than diag-
nostic, level will drive progress in the field of immunopsychiatry (Felger 
et al., 2018; Horn et al., 2020; Moriarity and Alloy, 2020). One prom-
ising analytic approach for this venture is network analysis, which 
identifies variable—variable (i.e., CRP—symptom) associations that are 
independent of all other variables in the network. However, the 

Fig. 2. Regularized, total covariate network models of CRP and depression criteria. Note: Green edges in the networks depict positive associations, red edges 
represent negative associations, and thicker/more saturated edges depict stronger associations. (For interpretation of the references to colour in this figure legend, the 
reader is referred to the web version of this article.) 

Fig. 3. Nonregularized, two covariate network models of CRP and depression criteria. Note: Green edges in the networks depict positive associations, red edges 
represent negative associations, and thicker/more saturated edges depict stronger associations. (For interpretation of the references to colour in this figure legend, the 
reader is referred to the web version of this article.) 
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replicability of networks has been questioned (Forbes et al., 2017), 
concerns that might be particularly valid when comparing variables 
from different measurement domains (e.g., biological and self-report) 
due to attenuated effect sizes. Thus, the present study sought to repli-
cate Fried and colleagues’ (2019) application of network analysis to the 
inflammatory phenotyping of depression criteria. 

The current study provides further evidence that non-specific 
inflammation (i.e., CRP) is not a unilateral correlate of all depressive 
criteria. Specifically, Fried et al. (2019) found that CRP was linked to 
changes in sleep, fatigue, and changes in appetite when controlling for 
sex and age, but only changes in sleep and fatigue when controlling for 
all covariates. Direct replications also found associations with fatigue 
and changes in appetite when controlling for sex and age, but there were 
no CRP—criterion associations when including all covariates in these 
models. However, out of the six extended models, every model had an 
association between CRP and changes in appetite and only one model 
was missing the link between CRP and fatigue. The link between CRP 
and sleeping problems was not observed in any of our models. Addi-
tionally, this study extends the previous analyses by investigating two 
important analytical decisions: the use of regularized vs. nonregularized 
networks (which Fried et al. (2019) did, but only for their most complex 
models) and the removal of individuals with CRP > 10 mg/L. Model 
comparisons found that the CRP—criterion associations were strongest 
and most stable when using nonregularized networks and including 
participants with elevated CRP. These findings may help enhance our 
understanding of the etiology and presentation of depressive disorders, 
refine future treatment planning, and inform the design of future 
studies. 

6.1. CRP and depression criteria 

Results demonstrate that fatigue and appetite changes may be 
depression criteria with inflammatory underpinnings. There are several 
reasons why fatigue and appetite changes may be more characterized by 
immunological disruption relative to other depression criteria. Fatigue 
and appetite changes are well-established sickness behaviors in animal 
models of depression (Hart, 1988). Sickness behaviors (e.g.., fatigue, 
appetite changes, anhedonia), which are primarily somatic in nature, are 
critical in preserving resources while fighting infections, and thus, are 
theorized to have a stronger immunological component relative to other 
depression criteria (e.g., negative self-referential thoughts, concentration 

difficulties, thoughts of death; Dantzer et al., 2008). 
In animal studies, causal links between inflammation and increased 

fatigue have been established; hyperinflammation (induced via a lipo-
polysaccharide (LPS) injection) directly exacerbated fatigue in mice 
(Krzyszton et al., 2008). In depressed humans, preliminary studies 
demonstrate that CRP is associated with fatigue and low energy, above 
and beyond other symptoms of depression (Jokela et al., 2016; White 
et al., 2017). One study found that CRP levels were 40% higher in 
elderly women reporting fatigue relative to those with no reported fa-
tigue; however, this finding did not extend to the men in the study 
(Valentine et al., 2009), indicating that there may be sex differences 
underlying these relationships. 

If replicated, such findings carry significant clinical implications. 
Fatigue is an important treatment target specifically because it is com-
pounded by several environmental and health conditions germane to 
depression, including physical activity, sleep quality, sex, and health 
conditions (Valentine et al., 2009). Fatigue also often is a residual 
symptom for recovering individuals and is less responsive to traditional 
antidepressant therapies (Fava et al., 2014). Importantly, elevated 
inflammation also is associated with treatment resistant depression 
(Yang et al., 2019). Although nascent, researchers have begun to explore 
whether specific depression treatment strategies that improve fatigue, 
such as behavioral activation, also lower inflammation (Euteneuer et al., 
2017). Among participants with elevated CRP, Euteneuer and colleagues 
(2017) found that patients experienced a decrease in CRP levels 
following a cognitive behavioral therapy (CBT) that specifically 
emphasized exercise relative to a more standard CBT approach. Results 
should be interpreted with caution given the small sample size, but 
provide an important example of how basic research findings are being 
translated to refine strategies to target treatment-resistant aspects of 
depression and its correlates. 

These findings also replicated Fried et al. (2019) and other work (e. 
g., Jokela et al., 2016) to find that CRP is associated with appetite 
changes. However, neither study’s measures elucidate whether CRP is 
specifically associated with decreases in appetite, increases in appetite, 
or both. Some studies have found that CRP is elevated with neuro-
vegetative symptoms that included decreased appetite (e.g., Duivis 
et al., 2015; Elovainio et al., 2009), but the majority of extant research 
supports an association between CRP and increased appetite. For 
example, several studies have found CRP to be elevated in atypical 
depression (characterized by increased appetite and hypersomnia) 

Fig. 4. Nonregularized, total covariate network models of CRP and depression criteria. Note: Green edges in the networks depict positive associations, red edges 
represent negative associations, and thicker/more saturated edges depict stronger associations. (For interpretation of the references to colour in this figure legend, the 
reader is referred to the web version of this article.) 
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compared to melancholic depression (characterized by loss of appetite 
and insomnia; Glaus et al., 2014; Hickman et al., 2014). There also is 
evidence that depressed individuals with increased appetite have the 
highest levels of CRP (Lamers et al., 2018). In a study that compared 
depressed individuals with increased appetite to depressed individuals 
with decreased appetite, and to healthy controls, only depressed par-
ticipants with increased appetite demonstrated higher levels of CRP and 
other inflammatory markers (Simmons et al., 2018). Although the ma-
jority of evidence indicates that CRP is associated with increased 
appetite in depression, it is possible that this relationship is conditional 
on third variables. For example, Andréasson and colleagues (2007) 
suggest that differences in HPA axis and CRF abnormalities in melan-
cholic vs. atypical depression (Gold et al., 2002) might account for this 
discrepancy. Regardless, the current study provides additional evidence 
for the link between immune and metabolic signaling pathways, which 
might influence changes in appetite and eating behaviors in individuals 
with depression (Cosgrove et al., 2020). Given established bidirectional 
relationships between depression and changes in appetite/weight (e.g., 
obesity; Pan et al., 2012), longitudinal data (with more nuanced mea-
sures of appetite/eating behaviors) is necessary to evaluate the role 
inflammation might play. 

Nonregularized models resulted in additional nonzero edges. Spe-
cifically, when individuals with CRP > 10 mg/L were excluded, CRP was 
associated with anhedonia when covarying for sex and age. This is the 
only model within which we found this association (other than the 
supplementary results with the subsetted sample of adults with PHQ-9 
scores greater than, or equal to, eight, described below), and it was on 
the lower end of stability seen in these models; however, it is important 
to note that the multifaceted nature of anhedonia was not captured by 
the PHQ-9 (it asked whether the participant “Had little interest in doing 
things”). As there is evidence that CRP is associated positively with 
anhedonia (Felger et al., 2016; Moriarity et al., 2019) and a variety of 
other reward abnormalities (Haroon et al., 2016; Moriarity et al., 
2020b), further research investigating specific facets of anhedonia (e.g., 
anticipatory vs. consummatory) is warranted. 

Nonregularized models including individuals with CRP > 10 mg/L 
also had additional edges. Specifically, the model only accounting for 
sex and age had an association between CRP and fewer psychomotor 
difficulties. Many of the considerations described for the anhedonia 
finding apply here (lack of internal replication, relatively low stability, 
lack of measured distinct criterion facets). The inclusion of both psy-
chomotor agitation and retardation particularly is problematic as they 
are antithetical to one another, and currently, there only is evidence for 
an association between CRP and psychomotor retardation (see Majd 
et al., 2020 for a review). Majd and colleagues also describe several 
additional measurement issues in this literature (lack of distinction be-
tween physical and cognitive slowing, lack of use of objective measures), 
which should be addressed in future research. In conclusion, this study 
does not provide strong support for an association between CRP and 
fewer psychomotor difficulties. 

Finally, two additional CRP—criterion associations were present in 
both nonregularized models with all covariates (i.e., including and 
excluding CRP > 10 mg/L). Specifically, CRP was associated with greater 
difficulty concentrating and less feeling bad for oneself. There is no pre-
vious empirical support for an association between CRP and lack of 
negative self-thought, and it was the least stable edge in both models it 
appeared in; thus, it should be interpreted with extreme caution. How-
ever, the association between CRP and difficulty concentrating was stable 
and consistent with previous research (Krogh et al., 2014). Importantly, 
unlike Krogh and colleagues, the relationship between CRP and cognitive 
difficulties was robust to accounting for other criteria of depression. 

6.2. Impact of nonregularization and including CRP > 10 mg/L 

There is evidence that nonregularized network models are preferable 
over regularized models for psychopathology research (Williams et al., 

2019). In biological psychiatry, this is exacerbated by concerns about 
measurement domain-specific variance downward biasing bio-
marker—self-report estimates. Consistent with this rationale, Fried et al. 
(2019) re-estimated their most complex model without regularization; 
however, they did not investigate the impact of this decision on the 
models replicated here. We included both regularized and non-
regularized models in this study. The associations between CRP and 
fatigue and changes in appetite were present in all nonregularized 
models, except the nonregularized model excluding individuals with 
CRP > 10 mg/L, which was missing the CRP—fatigue association. 
However, despite this lack of an association in the model, bootstrapped 
analyses indicated that it was present in the majority of bootstraps 
estimated (57%). This inconsistency, along with the fact that this edge 
was present in nine of ten models (eight from this study and two from 
Fried et al. (2019)), does little to diminish confidence in this association. 
Importantly, edge weights between CRP and depression criteria were 
larger and more stable, and predictability of CRP was higher, in non-
regularized vs. regularized models, supporting their use in this research. 

This study also extends Fried et al. (2019) by estimating models with 
and without individuals with CRP values>10 mg/L. It is not uncommon 
that immunopsychiatry studies exclude individuals with CRP levels 
above 10 mg/L, as this cutoff can be indicative of acute infection (Bell 
et al., 2017; de Ferranti et al., 2006). However, as discussed in a recent 
commentary by Mac Giollabhui et al. (2020), this might not be an 
appropriate decision for every research question, a recommendation 
also highlighted in a recent meta-analysis focused on methodological 
decisions for inflammation-related research (Horn et al., 2018). As 
theory about the relationship between inflammation and depression 
focuses on those with elevated inflammation, excluding these partici-
pants might remove those who are most at risk for psychopathology 
secondary to inflammation. This is particularly true if the relationship 
between inflammation and depression is more categorical (i.e., only 
present in those who are “inflamed”) rather than continuous (i.e., an 
increase in inflammation leads to an increase in symptoms, regardless of 
the amount of inflammation itself). Results from the models including 
CRP > 10 mg/L largely mirror the results with these participants 
removed, except that the associations between CRP and fatigue/changes 
in appetite were present in all models. Additionally, the CRP—criterion 
edges were stronger, more stable, more consistent, and CRP had higher 
predictability in the models including CRP > 10 mg/L, supporting the 
inclusion of these participants in these analyses. One potential expla-
nation for these differences is that the CRP—depression relationship 
might be moderated by sample characteristics associated with increased 
likelihood of having CRP > 10 mg/L in this sample (e.g., being female, 
less exercise). Alternatively, it might be that removing these individuals 
with CRP > 10 mg/L removes those for whom the CRP—criterion re-
lationships are the strongest. Or, these discrepancies might be the result 
of decreased power when excluding participants. Consequently, this 
study provides strong evidence that removing individuals with CRP >
10 mg/L might attenuate CRP—depression criteria associations and that 
studies testing the association between CRP and depression criteria 
should include participants with CRP > 10 mg/L and remove these 
participants as a sensitivity analysis, rather than the other way around. 
However, to fully characterize the inflammatory characteristics of a 
sample, we suggest to, at the very least, always report the proportion of 
the sample above this cut-off (at least until better cut-offs are estab-
lished, as this might be an antiquated cut-off (Mac Giollabhui et al., 
2020)). 

6.3. Strengths and weaknesses 

In addition to these extensions, this study has several notable 
strengths. First, it consists of a larger (by 811 or 1,143 participants, 
depending on the model), and more racially diverse sample than the 
original sample studied by Fried et al. (2019), improving upon gener-
alizability. However, it is important to note that there is likely more 
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variability in depression in the Fried et al. (2019) dataset than this 
NHANES dataset, because it included healthy cases, cases with past 
depression, and cases with current depression, whereas the NHANES 
dataset is a population-based dataset. Greater variability might help 
some effects be detected (e.g., the CRP—sleeping problems association 
that was not observed in our study), although it is unclear whether the 
differences in variability would influence power to a comparable degree 
than the greater sample size. Second, given sex differences in CRP, 
depression, and the relationship between the two (Kessler, 2006; 
Lakoski et al., 2006; Moriarity et al., 2019), it is important to note that 
the data used for this project had a more equal sex-distribution (the 
original study’s sample was 65% female and the present study’s sample 
was 47.1% female.). Third, it is important for research to investigate 
replicability cross-culturally, which this study accomplished by repli-
cating results from a Dutch sample in a sample from the United States. 
Relatedly, this study investigated replicability of results in a primarily 
clinical dataset (NESDA) with a primarily nonclinical dataset 
(NHANES). Additionally, because this study was in a community sam-
ple, it is less susceptible to Berkson’s bias (for a discussion of Berkson’s 
bias and psychological networks see de Ron et al., 2019) induced by 
conditioning on diagnostic status (which could result in CRP—de-
pression criterion relationships conditioned on number of other symp-
toms, the presence of an “A criterion”, duration, and impairment/ 
distress). However, we understand that some readers would be inter-
ested in seeing these networks in a sample of clinically depressed par-
ticipants. Although no diagnostic interview was administered, the 
nonregularized, CRP > 10 mg/L models have been re-estimated with the 
444 participants with a PHQ-9 score greater than or equal to eight (the 
lowest cut-off score in the meta-analysis by Manea et al., 2012). Results 
are reported and discussed in the Supplemental Results and Discussion. 
Finally, although the depression measure used in this study had three 
items that were double-barreled, which reduces clarity of results (which 
is reiterated below), it is an improvement over Fried et al. (2019), which 
had four variables that were compounded across several items (the most 
severely endorsed out of two items were compounded to create the 
appetite/weight variable, two were compounded for the anhedonia 
variable, and two were compounded for the psychomotor difficulties 
variable), resulting in lack of clarity about what item was modeled for 
which participants. Additionally, Fried et al. (2019) collapsed items 
measuring changes in weight and changes in appetite, which provides 
less clarity than the single item measuring changes in appetite used in 
this study. Unlike Fried et al. (2019), this issue was not applicable to the 
anhedonia variable modeled in this study. 

However, this study must be considered in light of several limitations. 
First, NHANES does not have several of the inflammatory proteins (i.e., 
IL-6, tumor necrosis factor-α) or symptoms beyond the nine DSM criteria 
(e.g., interpersonal sensitivity), precluding replication of all models in 
Fried et al. (2019). Relatedly, some might argue the use of different 
measures for criteria/covariates is a weakness of this replication. 
Although this prevents direct replication, similarity between results 
ameliorates concerns about Fried et al.’s (2019) results being measure 
specific. Further, several DSM depression criteria are multi-faceted in 
ways that were not accounted for by the PHQ-9. For example, increases/ 
decreases in appetite and weight are considered the same DSM criterion; 
however, the depression measure in this study only measured changes in 
appetite (agnostic of the direction of this change). Similarly, three of the 
items (changes in appetite, difficulty sleeping, and psychomotor diffi-
culties) were double-barreled, reducing clarity of results. Additionally, 
both inflammation and depression can be influenced by different types of 
medication; however, subgrouping based on medication status would 
have led to power concerns given the small effect sizes and large power 
requirements of network analyses. A similar point can be made about 
subgrouping based on disease state. Although we control for total ongoing 
diseases in our models, not all diseases are equally associated with in-
flammatory abnormalities or depression. We prioritized defining our 
variables as consistently as possible with Fried et al. (2019) to maximize 

this study’s utility as a replication study because, to our knowledge, there 
are no published network replications in immunopsychiatry or biological 
psychiatry. However, future work would benefit from controlling for 
specific diseases associated with the variables modeled. Also, this study 
was cross-sectional in nature. Thus, the causal direction of effects cannot 
be inferred. Instead, these results represent patterns of concurrence be-
tween CRP and various depression criteria. This is an important first step, 
and it is promising that most of the results replicated, but longitudinal 
research is necessary to advance this area of research. Finally, although 
not a limitation, it should be acknowledged that the CRP—criterion as-
sociations observed in this study were small. However, as the inflamma-
tion—depression relationship appears to operate in a positive feedback 
loop (Moriarity et al., 2020a), small effects can compound over time. 

The primary discrepancies between these results and Fried et al. 
(2019) are that CRP was not associated with sleep problems in any of 
these models and that none of the CRP—criterion edges were retained in 
the most conservative model (CRP > 10 mg/L excluded, regularized, 
including all covariates). These differences might be attributable to 
sample characteristics such as nationality (United States vs. 
Netherlands), racial heterogeneity (this study had greater racial di-
versity), sex make-up (this study had a more equal distribution of males/ 
females), and/or clinical severity (this study was a population-based 
sample, Fried et al. (2019) primarily consisted of individuals with cur-
rent or past depression and/or anxiety diagnoses). In particular, evi-
dence that CRP is a stronger predictor of somatic problems (including 
sleep disturbance) in women (Niles et al., 2018), suggests Fried et al.’s 
(2019) greater proportion of females (65% to 47%) might account for 
the lack of this association in our models. Additionally, higher CRP 
predictability in our model with all covariates excluding CRP > 10 mg/L 
(which found no CRP—criterion associations) than the CRP predict-
ability of the same model in Fried et al. (2019) (despite finding 
CRP—criterion associations) suggests that CRP had a stronger associa-
tion with covariates in this sample, resulting in less variance to be 
explained by criteria. Discrepancies also might be a result of measures 
used and how they were handled. For example, the measure used in this 
study had one sleep question that asked whether a participant was 
“having trouble sleeping or sleeping too much”, whereas Fried et al. 
(2019) selected the most severely rated of four sleep-related items. 
Similar item selection was done for anhedonia, changes in appetite, and 
psychomotor difficulties in Fried et al. (2019). Finally, the CRP—sleep 
finding could have been a false positive, as it was highly unstable 
(exactly zero in 54% of bootstraps) in Fried et al.’s model with all 
covariates (however, it is important to note that it was stable in the 
model only controlling for age and sex, present in 85% of bootstraps). A 
similar note should be made for the CRP—fatigue association in Fried 
et al.’s (2019) model with all covariates (exactly zero in 49% of boot-
straps), which also didn’t replicate in this study. 

7. Conclusion 

Leveraging translational research and transdiagnostic research 
methodologies (e.g., network analysis) is critical to deepening our un-
derstanding of the immunological underpinnings of depression and 
applying this knowledge to improve diagnosis and treatment. The re-
sults of this study largely corroborate the conclusions of Fried et al. 
(2019), supporting the utility of network analyses using biological and 
self-report data. Specifically, CRP consistently was associated with 
higher levels of appetite change and fatigue across both studies, sug-
gesting that these criteria might be targetable via anti-inflammatory 
treatments. However, it is important to note that this study did not 
differentiate between increases and decreases in appetite; thus, further 
research is needed to identify what aspect of appetite change is driving 
associations. Methodologically, results of this study suggest that the 
exclusion of individuals with CRP values > 10 mg/L might attenuate 
associations between CRP and depression symptoms and supports the 
use of nonregularized vs. regularized network models in biological 
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psychiatry research testing unique associations between biomarkers and 
diagnostic criteria. Future studies should leverage longitudinal data, 
utilize more nuanced self-report measures of criteria, include objective 
measures of relevant variables (e.g., psychomotor retardation), and 
incorporate these approaches into treatment evaluation research. 
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