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Abstract 29 

Background: There has been increasing interest in classifying inflammatory phenotypes of 30 

depression. Most investigations into inflammatory phenotypes only have tested whether elevated 31 

inflammation is associated with elevated levels of depression symptoms, or risk for a diagnosis. 32 

This study expanded the definition of phenotype to include the structure of depression symptoms 33 

as a function of inflammation. Methods: Network models of depression symptoms were 34 

estimated in a sample of 4,157 adults (mean age = 47.6, 51% female) from the 2015-2016 35 

National Health and Nutrition Examination Survey (NHANES). Analyses included comparisons 36 

of networks between those with elevated (C-reactive protein (CRP) values ≥ 3.0 mg/L; N = 37 

1,696) and non-elevated CRP (N = 2,841) as well as moderated network models with CRP group 38 

status and raw CRP values moderating the associations between depression symptoms. Results: 39 

Differences emerged at all levels of analysis (global, symptom-specific, symptom—symptom 40 

associations). Specifically, the elevated CRP group had greater symptom connectivity (stronger 41 

total associations between symptoms). Further, difficulty concentrating and psychomotor 42 

difficulties had higher expected influence (concordance with other symptoms) in the elevated 43 

CRP group. Finally, there was evidence that several symptom—symptom associations were 44 

moderated by CRP. Conclusions: This study provides consistent evidence that the structure of 45 

depression symptoms varies as a function of CRP levels. Greater symptom connectivity might 46 

contribute to why elevated CRP is associated with treatment-resistant depression. Additionally, 47 

differences in symptom structure might highlight different maintenance mechanisms and 48 

treatment targets for individuals with compared to those without elevated CRP. Finally, 49 

differences in symptom structure as a function of CRP highlight a potential misalignment of 50 

standard depression measures (the structure of which are typically evaluated on samples not 51 
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selected for inflammatory status) and the structure of depression symptoms in those with 52 

elevated CRP. 53 

Keywords: Depression; inflammation; CRP; structure; network analysis; immunology 54 
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Introduction 56 

 Elevated inflammatory physiology (e.g., concentrations of C-reactive protein (CRP)) is 57 

an established correlate of (e.g., Haapakoski et al., 2015) and risk factor for (Moriarity et al., 58 

2020b) depression. However, it is present in only a subset of individuals with Major Depressive 59 

Disorder (MDD) (Raison & Miller, 2011). Additionally, there is inconsistency in the presence, 60 

size, and direction of associations between depression and inflammatory proteins (see Horn et 61 

al., 2018 for a meta-analysis focusing on CRP). This has led to calls for the inflammatory 62 

phenotyping of depression (Felger et al., 2018) and increased modeling of specific symptoms 63 

and symptom subtypes in immunopsychiatry (Moriarity & Alloy, 2020). These pursuits have 64 

included profiling symptoms associated with inflammation (Fried et al., 2019; Jokela et al., 65 

2016; Kappelmann et al., 2020; Moriarity et al., 2020a) as well as inflammatory proteins and cell 66 

counts associated with MDD (Lynall et al., 2020). Although there are many different 67 

inflammatory proteins, CRP, an acute phase reactant, arguably is the most widely studied. 68 

Partially, this is attributable to CRP being a good marker of general inflammatory levels, a 69 

relatively consistent predictor of depression symptoms, and is the reason that CRP is the focus of 70 

this study. 71 

Inflammatory Phenotype of Depression Symptoms 72 

 Initial studies have found support for differential relationships between CRP and specific 73 

depression symptoms. For example, higher CRP has been associated with more depressed mood 74 

(indexed by dysphoria subscales, Niles et al., 2018; White et al., 2017) and greater anhedonia 75 

and reward abnormalities (Felger et al., 2016; Haroon et al., 2016; Moriarity et al., 2019). It also 76 

has been associated with somatic complaints including fatigue and sleeping problems (Fried et 77 

al., 2019; Jokela et al., 2016; White et al., 2017) as well as changes in appetite (Jokela et al., 78 
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2016; Lamers et al., 2018). In fact, Madj and colleagues (2020) found that, out of all 79 

inflammatory proteins, CRP was associated the most consistently with sleeping problems and 80 

fatigue. Several studies also have found associations between CRP and cognitive symptoms 81 

(Gimeno et al., 2009) and suicidality (Kim et al., 2007). Studies such as these set the foundation 82 

for the characterization of an inflammatory phenotype of depression. 83 

Increased understanding of the specific facets of depression for which inflammation 84 

confers risk promises a wide variety of benefits. For example, it could help clinicians identify 85 

depressed patients for whom inflammation might be a factor and, consequently, who might 86 

benefit from anti-inflammatory interventions. Further, it can help generate hypotheses about 87 

which specific depression symptoms are most likely to respond to these treatment options. Also, 88 

analyses examining specific symptoms or symptom dimensions are inherently transdiagnostic; a 89 

finding that CRP is associated with heightened anhedonia might be as relevant for any condition 90 

involving low approach motivation or reward sensitivity as it is for depression. Additionally, if 91 

inflammation only is associated with specific facets of depression, aggregation of these 92 

dimensions with those that have no relationship with inflammation increases the noise-to-signal 93 

ratio in analyses, exacerbating risk of Type-II error and deflating effect sizes. Consequently, the 94 

classification of an inflammatory phenotype of depression has the potential to meaningfully 95 

impact research and public health. 96 

Inflammatory Symptom Phenotypes: A Network Perspective 97 

 Most research investigating inflammatory phenotypes of depression have tested whether 98 

inflammation is associated with higher levels of depression. However, “phenotypes” need not be 99 

defined solely through the presence/severity of symptoms; they should include the structure of 100 

psychopathology itself. The network theory of psychopathology posits that symptoms cluster 101 
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because they directly influence one another (e.g., sleeping problems and fatigue are correlated 102 

because sleeping problems cause fatigue; Borsboom & Cramer, 2013). Consequently, increases 103 

or decreases in one symptom can influence the presence/severity of connected symptoms, 104 

contributing to the onset and maintenance of psychopathology. Symptoms with many and/or 105 

strong connections are referred to as central symptoms. Importantly, some metrics of centrality 106 

(e.g., expected influence (EI), used in this study) might highlight symptoms with prognostic 107 

utility (Elliott et al., 2020). Even if the associations between symptoms do not represent causal 108 

relationships in line with network theory, expected influence (the sum of all associations between 109 

one symptom and the rest) highlights symptoms with particularly high rates of co-occurrence 110 

with other symptoms in the network. The characterization of inflammatory network phenotypes 111 

of depression can complement existing methods by investigating whether the structure of 112 

depression symptoms varies as a function of inflammation. Given that investigation of inter-item 113 

relations is standard practice for measurement construction, differences in symptom structure 114 

based on CRP-levels could highlight measurement issues in this literature. These advances could 115 

increase insight into depression classification, inflammation-related variability in symptom 116 

structure, as well as symptom-level maintenance processes and treatment targets for individuals 117 

with depression and elevated inflammation (e.g., individuals with comorbid chronic medical 118 

conditions).  119 

The Current Study 120 

 This study is an initial exploration of potential differences in depression network 121 

structure as a function of CRP levels. In line with discussion about whether the association 122 

between inflammation and depression is continuous or categorical (i.e., CRP only is associated 123 

with depression during “inflamed” states or among those with clinically-elevated CRP), analyses 124 
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included group difference and continuous moderation (CRP as a moderator of symptom-125 

symptom associations) analyses. Group-differences analyses separated participants into those 126 

with CRP values ≥ and < 3.0 mg/L (an established medical cut-off per the American Heart 127 

Association). This cut-off was chosen because it is associated with increased risk for several 128 

negative outcomes, namely depression and heart disease (Biasucci, 2004; Liukkonen et al., 2006) 129 

and is a good estimate for the lower bound of the uppermost tertile of CRP in population studies 130 

(Pearson et al., 2003). 131 

There were three a priori hypotheses for the group-differences analyses. 1) Symptom 132 

connectivity (the weighted absolute sum of all associations in a network, in other words, how 133 

densely connected the symptoms are) would be higher for the elevated CRP group. The rationale 134 

for this hypothesis is two-fold. First, heterogeneity in symptom structure could dilute the 135 

magnitude of the most extreme associations and the group selected for a unified risk factor 136 

(elevated CRP) should have less heterogeneity. Second, greater symptom connectivity at 137 

baseline is associated with treatment-resistant depression (van Borkulo et al., 2015), as is 138 

elevated inflammation (Sluzewska et al., 1997). 2) If there were significant differences in 139 

expected influence (centrality of symptoms) between networks, the group with elevated CRP 140 

would have the higher expected influence because of the reduced heterogeneity rationale. 3) If 141 

there is a significant difference between groups with respect to any of the symptom—symptom 142 

associations (a measure of structural invariance), the stronger association (or associations) is/are 143 

expected to be in the elevated CRP group because of the reduced heterogeneity rationale. As 144 

there have been no studies about how the structure of symptoms differs as a function of CRP, 145 

there were no specific hypotheses regarding which symptoms’ expected influence or which 146 

symptom—symptom associations would be moderated in the models. 147 
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Methods and Materials 148 

Participants and Procedures 149 

 This study utilized the National Health and Nutrition Examination Survey (NHANES) 150 

2015-2016 dataset, a nationally representative community sample of the United States. This 151 

dataset was designed by the National Center of Health Statistics (NCHS) at the Centers for 152 

Disease Control and Prevention to examine many physical and mental health constructs in the 153 

United States. The NCHS oversaw data collection and approved the NHANES study protocol 154 

(for more details please see: Centers for Disease Control and Prevention, 2009; Chen et al., 2018; 155 

Zipf et al., 2013). 9,544 participants were examined during the 2015-2016 cohort; however, 156 

participants had to be older than 1 year old to be eligible for CRP measurement and at least 18 157 

years old for their depression symptom data (Patient Health Questionnaire; PHQ-9) to be 158 

publicly available. The PHQ-9 was collected during the same visit as CRP. The final analytic 159 

sample consisted of 4,157 adults (see Table 1 for descriptive information). For group-differences 160 

analyses, 1,574 participants with CRP values ≥ 3.0 mg/L (an established medical cut-off per the 161 

American Heart Association) were selected for the elevated CRP group. The remaining 2,583 162 

participants comprised the non-elevated CRP group. Group comparisons of age, sex, levels of 163 

symptoms, and impairment due to symptoms were conducted using independent samples t-tests 164 

(or Welch’s t-test when there were non-equal variances) and Pearson’s Chi-Square Tests to test 165 

for differences at p < .05 in SPSS Version 24 (IBM Corp, 2018). 166 

Measures 167 

Depression symptoms 168 

 The Patient Health Questionnaire (PHQ-9; Kroenke et al., 2001) is a nine-item self-report 169 

measure that was administered to assess the frequency of nine DSM-IV depression diagnostic  170 
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Table 1. Summary of Sample Characteristics 171 

Variable 

Entire Sample  

(N = 4,157) 

Elevated CRP  

(n = 1,574) 

Non-elevated CRP 

(n = 2,583) 

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

Total Dep. Symptoms 

3.18 (4.18) 

Range: 0-27 

3.78 (4.68) 

Range: 0-27 

2.82 (3.80) 

Range: 0-26 

Age 

47.59 (16.33) 

Range: 20-79 

49.16 (15.69) 

Range: 20-79 

46.63 (16.63) 

Range: 20-79 

Sex    

      Female 51.3 % 60.5 % 45.6 % 

Race    

      Mexican American 18.6 % 20.5 % 17.5 % 

      Other Hispanic 13.6 % 15.2 % 12.7 % 

      Non-Hispanic 

          White 
32.4 % 31.3 % 33.0 % 

      Non-Hispanic 

           Black 
20.5 % 22.9 % 19.0 % 

      Non-Hispanic 

           Asian 
11.1 % 5.4 % 14.6 % 

      Other  3.8 % 4.6 % 3.3 % 

Note. M = Mean, SD = Standard deviation, CRP = C-reactive protein, Dep = depression 172 

 173 

criteria during the past two weeks. The nine items specifically measured sadness, anhedonia, 174 

sleep problems, fatigue, psychomotor difficulties, feeling bad about oneself, difficulty 175 

concentrating, changes in appetite, and thoughts of death. This questionnaire also included an 176 

additional question asking about the degree of impairment/distress experienced due to depression 177 

symptoms. Participants were asked to rate each item using a 4-point Likert scale ranging from 0 178 
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(not at all) to 3 (nearly every day), resulting in a range of 0-27. Cronbach’s α was high in this 179 

sample (α = .84). 12.2% of the entire sample had a PHQ-9 score higher than 8, a cut-off for 180 

clinically-relevant depression (for meta-analysis see Manea et al., 2012). 15.3% of the elevated 181 

CRP group was above this cut-off compared to 10.4% of the non-elevated group.  182 

C-reactive protein 183 

 Blood was drawn via venipuncture and high sensitivity CRP levels were measured using 184 

the SYNCHRON System(s) High Sensitivity C-Reactive Protein reagent. The system portioned 185 

out one-part sample to 26-parts reagent into a cuvette and monitored change in absorbance at 940 186 

nanometers. This change is proportional to the concentration of CRP and is used to calculate the 187 

concentration based on a single-point adjusted, pre-determined calibration curve. There was a 188 

change in lab equipment during the 2015-2016 survey cycle from the Beckman Coulter UniCel 189 

DxC 600 Synchron chemistry analyzer to the Beckman Coulter UniCel DxC 600i Synchron 190 

chemistry analyzer. An internal comparison study was reported to indicate no statistical 191 

adjustment was required to correct for this change. Specimens were frozen at -70 oC until the day 192 

of the assay. Samples were run singly as part of a Multi-analyte Biochemistry Panel. Lower limit 193 

of detection for CRP was .08 mg/L (values lower than this were set to .08 mg/L). Participants 194 

were asked to fast the morning of the blood draw. 195 

Statistical Analyses 196 

 Categorical CRP group differences. In network models, variables are described as 197 

“nodes”, and “edges” are the pairwise associations between nodes, controlling for all other 198 

associations in the network (Epskamp & Fried, 2016). We estimated two (one for each group) 199 

Gaussian graphical models (GGMs), using the R package bootnet (Version 1.3; CRAN link: 200 

http://cran.r-project.org/package=bootnet). Because items were ordinal, Spearman correlations 201 
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were used to estimate the network, consistent with guidelines (see Epskamp & Fried, 2018 for a 202 

tutorial). In light of work suggesting that nonregularized network models outperform regularized 203 

models when using psychopathology data (Williams et al., 2019), models were not regularized. It 204 

is important to note that the package mgm (used for the continuous moderation model described 205 

below) uses a slightly different method for calculating edge weights. Specifically, a penalty is 206 

applied to reduce the smallest edges to zero, resulting in a not completely nonregularized 207 

network. To facilitate comparison, these models were re-estimated in bootnet with the method 208 

set to mgm as a sensitivity analysis (see Supplemental Results). 209 

 To assess symptom centrality, we calculated expected influence using qgraph (Version 210 

1.6.5; Epskamp et al., 2012). Expected influence quantifies the sum of the edge weights between 211 

a given node and all other nodes in the network. In other words, expected influence is how 212 

positively (or negatively) a node is connected to all other nodes. Before interpretation, it is 213 

necessary to test the stability of the centrality parameters. This was done with a case dropping 214 

procedure in bootnet that tested the proportion of the sample that can be dropped from the 215 

analysis and result in a .7 correlation between centrality estimates of the original sample and the 216 

new sample, resulting in a stability coefficient. A stability coefficient of .25 (25% of the sample 217 

dropped) is considered somewhat stable and .50 is considered stable. Given the cross-sectional 218 

data, these networks are undirected, meaning that the direction of association cannot be 219 

determined. Expected influence estimates were correlated with node variances to evaluate the 220 

extent to which they might be driven by measurement characteristics. Large, positive correlations 221 

would indicate that expected influence might be driven by variability. 222 

Both groups’ edge weight matrices and expected influences were correlated using 223 

Spearman correlations to assess similarity. Between-group comparisons were made using a 224 
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permutation-based analysis (1,000 iterations) with the R package NetworkComparisonTest 225 

(Version 2.2.1; Borkulo et al., 2016), allowing comparison of symptom connectivity (weighted 226 

absolute sum of all edges in the network), node expected influence, and network structure 227 

(defined as a difference in at least one of the edge weights between the networks; Borkulo et al., 228 

2016).  229 

All network models (including those below) controlled for impairment/distress due to 230 

depression symptoms (both to control for levels of severity and because inflammation is a stress 231 

sensitive construct that could be influenced by distress experienced secondary to symptoms), age 232 

(Czarkowska-paczek, 2016), exercise (metabolic equivalent of tast (MET) minutes; Kasapis and 233 

Thompson, 2005), BMI (Mac Giollabhui et al., 2020), smoking ("never", "past" or, "current"; 234 

Kushner et al., 2006), sex (Moriarity et al., 2019), race (Khera et al., 2005), and number of 235 

chronic illnesses. Variance associated with these covariates was removed from the symptom data 236 

before estimating the networks in the group-difference analyses using NetworkComparisonTest 237 

because including the covariates as nodes would have compared CRP-group differences in 238 

symptom and covariate networks, rather than just symptom networks. Specifically, linear 239 

regressions were estimated with the covariates predicting the symptom variables and the 240 

resulting residuals were modeled as nodes in the network analysis. This was done separately for 241 

each group. Specification of specific edges to moderate is possible in mgm; thus, covariates were 242 

included as nodes in the moderated network models described below. 243 

Moderated network models. R package mgm (Version 1.2.7; Haslbeck & Waldorp, 244 

2020) can estimate moderated network models, making it preferable to bootnet (which cannot) 245 

for this aim. Two nonregularized moderated network models were estimated with all nine 246 

depression symptoms, the covariates described above, and a moderator (either CRP group status 247 
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or raw CRP values). Estimating a moderated network model with CRP group status as a 248 

moderator does not allow for tests of the hypotheses about differences in global symptom 249 

connectivity, expected influence, or structural invariance to be tested, but does facilitate 250 

comparability and continuity between the different estimation methods. The moderator was 251 

specified to only moderate symptom—symptom edges. Raw CRP had a skewed distribution and 252 

was normalized using the nonparanormal transformation (Liu et al., 2009). The moderator 253 

function in mgm does not currently handle moderated centrality measures, so only moderated 254 

edge weights are reported. To reduce the risk of false positives, mgm employs a threshold (Loh 255 

& Wainwright, 2012), even in nonregularized networks, to set small edge weights to zero. Thus, 256 

these networks were still subject to some level of regularization, which might be less preferrable 257 

than the truly nonregularized networks capable with bootnet. To quantify the uncertainty of the 258 

edge weights, 500 bootstraps were estimated and the percentage of bootstraps in which 259 

moderated edges were above the threshold (and consequently not set to zero) are reported. 260 

Moderated network models were visualized using qgraph. To maximize visual comparison, 261 

identical maximum edge weights were imposed on the networks. 262 

Results 263 

Preliminary Analyses 264 

The average individual in the elevated CRP group had a higher PHQ-9 score (Mdiff = .96 265 

points, SEdiff = .14, p < .001, 95% CI = 0.68-1.23, d = .05) and were older at the time of 266 

screening (Mdiff = 2.53 years, SEdiff = .51, p < .001, 95% CI = 1.52-3.54, d = .01) compared to 267 

the participants in the non-elevated group. Both differences had small effect sizes. Individuals in 268 

the elevated group reported more impairment/distress due to depression symptoms, but this 269 

difference was not significant (Mdiff = .03, SEdiff = .02, p = .054, 95% CI = .001-.063, d = .13). 270 
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Additionally, the elevated CRP group had a greater proportion of females (Χ2(1) = 87.38, p < 271 

.001) and there were differences in the racial make-up of the two groups (Χ2(5) = 96.13, p < 272 

.001). See Table 1 for full descriptive statistics for the total sample and each group.  273 

Primary Analyses 274 

Group differences. Bootstrapped correlation-stability analyses found excellent stability 275 

for edge weights and expected influence (EI; 75% for both edges and EI in both networks). The 276 

edges between the two networks shared a large correlation (rs = .60, p < .001) and the ordinal 277 

ranking of EI was highly congruent between the two networks (rs = .82, p = .011, Table 2). The 278 

symptoms with the highest EI in the elevated CRP network were sadness, difficulty 279 

concentrating, and feeling bad about oneself. Conversely, the symptoms with the highest EI in 280 

the non-elevated CRP network were sadness, feeling bad about oneself, and anhedonia. 281 

However, it is important to note that differences in EI ranking are descriptive, not inferential, in 282 

nature. Expected influence was not significantly positively correlated with node variance in 283 

either the elevated (rs = -.23, p = .552) or non-elevated CRP networks (rs = .15, p = .708), 284 

suggesting that EI was not driven by measurement properties. Descriptive statistics for the nodes 285 

in all networks can be found in Table 2. Consistent with hypotheses, between-group comparisons 286 

found that the elevated CRP network had significantly higher global strength than the non-287 

elevated CRP network (global strength difference = .44, p < .001). Both difficulty concentrating 288 

and psychomotor problems had higher EI in the elevated CRP group compared to the non-289 

elevated CRP group (difference = .16, p = .007; difference = .13, p = .019, respectively). Further, 290 

the structural invariance test was significant, indicating that some of the edge weights differed 291 

between networks (maximum difference in edge weights = .18, p < .001). Follow-up pairwise 292 
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comparisons of edge weights found 10 out of 36 possible edges differed between networks. 293 

Specifically, anhedonia— psychomotor difficulties (difference = .12, p = .004), 294 

Table 2. Node Descriptives  295 

 296 

Note: Means and variances describe raw variables. EI = expected influence, * = p < .05, ** = p < .01 297 

 298 

feeling bad for oneself—psychomotor difficulties (difference = .10, p = .018), difficulty 299 

concentrating—thoughts of death (difference = .17, p < .001), and psychomotor difficulties—300 

thoughts of death (difference = .13, p = .001) were stronger in the elevated CRP network. 301 

Conversely, sadness—changes in appetite (difference = .17, p < .001), sleep problems—302 

psychomotor difficulties (difference = .09, p = .014), changes in appetite—psychomotor 303 

difficulties (difference = .11, p = .004), anhedonia—thoughts of death (difference = .18, p < 304 

.001), sleeping problems—thoughts of death (difference = .12, p < .001), and feeling bad for 305 

oneself— thoughts of death (difference = .15, p < .001) were stronger in the non-elevated CRP 306 

network. 307 

Node 

Total 

Sample 

Mean 

(Variance) 

Elevated 

CRP 

Mean 

(Variance) 

Non-elevated 

CRP 

Mean 

(Variance) 

Elevated 

CRP EI 

Non-

elevated 

CRP EI 

EI group 

difference 

p-value 

1. Anhedonia .39 (.60) .45 (.70) .35 (.54) .77 .86 .195 

2. Sadness .34 (.48) .39 (.58) .31 (.42) .96 1.02 .373 

3. Sleep 

    problems 
.60 (.85) .71 (.98) .54 (.75) .65 .76 .059 

4. Fatigue .76 (.83) .89 (.96) .68 (.74) .61 .58 .470 

5. Changes in                                

    appetite 
.39 (.59) .51 (.75) .33 (.49) .71 .73 .720 

6. Feeling bad 

    for oneself 
.24 (.39) .29 (.49) .21 (.33) .88 .98 .094 

7. Difficulty 

    concentrating 
.25 (.43) .29 (.54) .22 (.36) .96 .80 .007** 

8. Psychomotor 

    problems 
.15 (.26) .18 (.33) .13 (.22) .82 .69 .019* 

9. Thoughts of 

    death 
.05 (.10) .06 (.12) .05 (.09) .43 .47 .444 
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CRP group moderated network models. The moderated network models with CRP 308 

group as a moderator found 7 out of 36 symptom—symptom edges were moderated by CRP 309 

group (Figure 1). The mgm package z-standardizes and centers all continuous nodes before 310 

computing edge weights, so the moderated edge weights below can be interpreted as 311 

standardized beta coefficients. Specifically, the following four edges were stronger (i.e., more 312 

positive) in the elevated CRP group: sadness—fatigue, anhedonia—changes in appetite, 313 

difficulty concentrating—changes in appetite, and difficulty concentrating—sleep problems 314 

(moderated weights = .04, .10, .10, .06, respectively). Conversely, three edges were weaker (i.e., 315 

less positive) in the elevated CRP group: sadness—changes in appetite, psychomotor problems—316 

changes in appetite, and anhedonia—thoughts of death (moderated weights = -.13, -.09, and -.03, 317 

respectively). Stability analyses indicated that all moderated edges were nonzero in at least half 318 

of the bootstrapped models (nonzero in 57%, 93%, 90%, 66%, 98%, 71%, and 51% of 319 

bootstraps, respectively). 320 

 321 

Figure 1. Moderated network models conditioned on non-elevated (left) and elevated (right) 322 

CRP group status. 323 
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Note: Blue edges in the networks depict positive associations, red edges represent negative associations, and 324 
thicker/more saturated edges depict stronger associations. Networks include covariates but, for ease of visual 325 
interpretation, only group status and symptoms are visualized. Additionally, only edges moderated by group status 326 
are displayed. Abbreviations: Anhe = anhedonia, App = changes in appetite, Conc = difficulty concentrating, Bad = 327 
feels bad about oneself.  328 

Continuous CRP moderated network models. The continuous CRP moderated network 329 

analysis found that 5 out of 36 symptom—symptom edges were moderated by CRP (Figure 2). 330 

Specifically, the following three edges were stronger in individuals with higher CRP: sadness—331 

fatigue, anhedonia—changes in appetite, and difficulty concentrating—changes in appetite 332 

(moderated weights = .04, .05, .05, respectively). Conversely, two edges were weaker in 333 

individuals with higher CRP: sadness— changes in appetite and anhedonia— fatigue (moderated 334 

weights = -.08 and -.03, respectively). Stability analyses indicated that all moderated edges, 335 

except anhedonia—fatigue, were nonzero in at least half of the bootstrapped models (nonzero in 336 

58%, 71%, 79%, 96%, 48% of bootstraps, respectively). 337 

 338 

Figure 2. Moderated network models conditioned on z-standardized CRP values of -1 (left), 0 339 

(center), and 1 (right). 340 

Note: Blue edges in the networks depict positive associations, red edges represent negative associations, and 341 
thicker/more saturated edges depict stronger associations. Networks include covariates but, for ease of visual 342 
interpretation, only CRP and symptoms are visualized. Additionally, only edges moderated by group status are 343 
displayed. Abbreviations: zCRP = z-standardized C-reactive protein, CRP = C-reactive protein, Anhe = anhedonia, 344 
App = changes in appetite, Conc = difficulty concentrating, Bad = feels bad about oneself. 345 

 346 
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 347 

 348 

Discussion 349 

This study is the first to broaden the concept of “inflammatory phenotype” beyond the 350 

presence or severity of symptoms to include the relationships among symptoms themselves. We 351 

found that several structural characteristics (i.e., global strength, expected influence, and 352 

symptom—symptom associations) of depression networks are moderated by CRP. This extends 353 

previous work that found that CRP is not equally associated with all symptoms of depression 354 

(e.g., Fried et al., 2019; Haroon et al., 2016; Jokela et al., 2016; Moriarity et al., 2020a), to 355 

demonstrate that differences in CRP might be associated with differences in depression symptom 356 

structure. Two of the three group-differences hypotheses were supported, with mixed support for 357 

the third. First, the elevated CRP group had greater symptom connectivity, indicating stronger 358 

total symptom-symptom associations in this group. Importantly, higher symptom connectivity at 359 

baseline is associated with treatment resistant depression (van Borkulo et al., 2015), as is 360 

elevated CRP (Sluzewska et al., 1997). This result highlights symptom structure (specifically 361 

high symptom connectivity) as one way that CRP might influence depression course and 362 

treatment outcomes.  363 

Additionally, both difficulty concentrating and psychomotor problems had significantly 364 

higher expected influence in the elevated CRP group, suggesting that these symptoms are more 365 

central to the symptom structure of depression in individuals with elevated vs. normative levels 366 

of inflammation. The result with difficulty concentrating dovetails with research finding that 367 

CRP is associated with cognitive deficits (Krogh et al., 2014) and psychomotor problems (Majd 368 

et al., 2020). However, it is important to note that Krogh and colleagues (2014) only found an 369 
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association between CRP and a couple of the cognitive measures they tested (specifically, trail 370 

making A (Fitzhugh et al., 1962) and design fluency (Fitzhugh et al., 1962)). Additionally, the 371 

majority of evidence (see Majd et al., 2020 for a review) suggests a relationship between CRP 372 

and specifically psychomotor retardation (the PHQ-9 did not differentiate between agitation and 373 

retardation). Consequently, future research is necessary to investigate potential specificity of 374 

cognitive dysfunction domains/psychomotor difficulties related to these findings. Interestingly, 375 

Majd and colleagues (2020) highlight several measurement issues common in inflammatory 376 

studies of psychomotor problems, including that most measures do not distinguish between 377 

physical and cognitive slowing. It is possible that the elevated expected influence of both 378 

difficulty concentrating and psychomotor problems reflect shared variance reflective of cognitive 379 

slowing/impairment, a robust predictor of depression course and functional impairment (e.g., 380 

Haro et al., 2019). Considered in light of theory (Borsboom & Cramer, 2013) and recent 381 

empirical work (Elliott et al., 2020) suggesting that central symptoms might have prognostic 382 

utility, these symptoms might be particularly relevant for disease course/intervention planning in 383 

individuals with elevated CRP. However, longitudinal data is necessary to evaluate the 384 

prognostic utility of these findings. 385 

There was mixed support for the hypothesis that stronger symptom—symptom 386 

associations would be found in the elevated vs. non-elevated CRP group. The group-difference 387 

analysis using NetworkComparisonTest supported variability in depression symptom structure 388 

between the two groups (defined as a difference in at least one of the edge weights between the 389 

networks); however, six out of the ten edges were larger in the non-elevated CRP group. 390 

Conversely, both moderated network models (one featuring group status as a moderator, the 391 

other featuring continuous CRP, discussed in more detail below) found the majority of 392 
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moderated edges became stronger at higher levels of CRP. Thus, this project consistently 393 

supports the existence of symptom—symptom level differences based on CRP; however, it does 394 

not provide support that the majority of symptom—symptom associations strengthen as CRP 395 

increases. 396 

 Given lack of understanding about whether the relationship between inflammation and 397 

depression is categorical or continuous in nature, moderated network models also were 398 

estimated. Moderated network models do not allow for some of the comparisons described above 399 

(i.e., symptom connectivity, expected influence, structural invariance); however, they can 400 

identify associations between specific depression symptoms that vary as a function of CRP 401 

levels/group status. The symptoms involved in the most moderated edges were changes in 402 

appetite, anhedonia, psychomotor problems, and thoughts of death (nine, six, six, and six edges, 403 

respectively, across all three models). When isolating frequencies of symptoms involved in edges 404 

that were stronger vs. weaker at higher levels of CRP, changes in appetite, psychomotor 405 

difficulties, and anhedonia were among the most frequently involved symptoms for both 406 

categories (involved in four, three, and three edges that were stronger at higher levels of CRP 407 

and five, three, and three edges that were stronger at lower levels of CRP, respectively). This 408 

suggests that CRP does not uniformly strengthen the associations between these depression 409 

symptoms. Notable exceptions to this pattern are difficulty concentrating (involved in four edges 410 

stronger at higher levels of CRP and zero stronger at lower levels) and thoughts of death 411 

(involved in four edges stronger at lower levels of CRP and two stronger at lower levels), 412 

suggesting more unidirectional CRP moderations for these two symptoms. In line with network 413 

theory (Borsboom & Cramer, 2013), future work should extend this study using longitudinal data 414 

to see whether CRP moderates symptom-level mechanisms of depression risk and maintenance.  415 
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It is worth noting that both moderated network models found fewer differences in edge weights 416 

than the NetworkComparisonTest results using the GGMs. There are several potential reasons for 417 

this including: 1) the moderated network models were estimated with some level of 418 

regularization, reducing some small edge weights to zero; and 2) the moderated network models 419 

included many more parameters (edges were estimated for each of the covariates in the 420 

moderated network models, whereas their variance was removed prior to network model 421 

estimation in the GGMs), reducing power. 422 

There was substantial overlap between the symptoms whose expected influence (i.e., 423 

difficulty concentrating, psychomotor difficulties) and symptom—symptom associations 424 

(primarily changes in appetite, anhedonia, psychomotor problems, and thoughts of death) were 425 

moderated by CRP in this study and symptoms associated with elevated CRP in previous work 426 

(Felger et al., 2016; Krogh et al., 2014; Majd et al., 2020; Park and Kim, 2017). This suggests 427 

that CRP confers risk for these symptoms as well as modulates their role in the structure of 428 

depression symptoms; however, it is noteworthy that the strength of some symptom—symptom 429 

associations decreased as CRP increased. This underscores the fact that understanding whether 430 

CRP is associated with the severity of a symptom does not elucidate all the ways CRP might 431 

influence the presentation of depression. 432 

In conclusion, network characteristics at every level (i.e., global, symptom—rest of 433 

network, symptom—symptom) were moderated by CRP, providing consistent evidence that the 434 

structure of depression might vary as a function of CRP levels. In addition to implications for 435 

treatment and the classification of an inflammatory phenotype of depression, this highlights the 436 

need for further research into how psychopathology structures might vary as a function of 437 

inflammation. Investigation of symptom structure is standard practice for the development and 438 
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evaluation of psychopathology measures. If the structure of psychopathology varies as a function 439 

of psychopathological risk factors (e.g., inflammation), extant measurement techniques may not 440 

be ideal for particular populations of interest (e.g., individuals with comorbid depression and 441 

chronic medical conditions). 442 

 This study had several important strengths. First, it included a large, demographically 443 

diverse sample, maximizing generalizability. This is particularly important given the power 444 

constraints of network analyses. Second, unlike many network studies, nonregularized networks 445 

were used where possible, which are preferable for psychopathology networks (Williams et al., 446 

2019). Third, the use of an established medical cutoff for elevated low-grade inflammation, 447 

rather than choosing a specific proportion of the sample to include in each group (e.g., top vs. 448 

bottom 1/3rd of CRP values), maximizes interpretability of results in the context of the extant 449 

health psychology literature and increases the reproducibility of this study’s methodology. 450 

Additionally, it is not currently known whether the inflammation—depression association is 451 

categorical (i.e., only in individuals with clinical levels of inflammation) or continuous in nature. 452 

Including both group-comparisons and continuous statistical approaches maximizes this study’s 453 

relevance as understanding of this relationship evolves. Additionally, inclusion of both 454 

approaches prevents limitations germane to group-differences studies (e.g., the heterogeneity 455 

problem; Feczko et al., 2019) from applying to the entire study. 456 

  However, results should be considered in light of several limitations. First, although the 457 

diversity of the sample improves generalizability, there might be important demographic (e.g., 458 

sex, race, age) moderators of the characteristics tested in this study. Specifically, sex has been 459 

identified as a moderator of the relationship between inflammation and depression in several 460 

studies (Gimeno et al., 2009; Moriarity et al., 2019; Niles et al., 2018). Moderated network 461 
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models involving two moderators (e.g., CRP and sex) have not yet been implemented and cannot 462 

be tested. However, this concern is somewhat ameliorated by controlling for variance associated 463 

with several potential confounds. Second, this dataset does not have repeated measures, so no 464 

inferences about directionality or how these associations influence course of illness can be made. 465 

Prospective studies are an important next step for this line of research; however, some of the 466 

cross-sectional metrics reported in this study (i.e., symptom connectivity, expected influence) 467 

have been demonstrated to have implications for the course of psychopathology, supporting the 468 

utility of these analyses. Third, three PHQ-9 items are double-barreled (changes in appetite, sleep 469 

problems, and psychomotor difficulties). This might obscure important differences in how CRP 470 

moderates depression symptom structure. For example, there is growing evidence that CRP is 471 

more consistently associated with increased, rather than decreased, appetite (Hickman et al., 472 

2014; Lamers et al., 2018). Future research should include more precise symptom measures. 473 

Fourth, although CRP generally is considered a good indicator of general inflammation, it is only 474 

one of many inflammatory proteins associated with depression symptoms. Although CRP is one 475 

of, if not the, most important inflammatory protein to use to test the inflammatory phenotype of 476 

depression symptom structure given its status as a pan-inflammatory marker and prevalence in 477 

the literature, there are many other proteins not in this dataset (e.g., interleukin-6, tumor necrosis 478 

factor) that could, and should, be used in extensions of this work. Further, although 3.0 mg/L is 479 

an established cut-off for elevated CRP and is associated with negative outcomes (e.g., 480 

depression; Liukkonen et al., 2006), it is possible that another cut-off (e.g., 10 mg/L) better 481 

demarcates at what level CRP moderates the structure of depression symptoms. Fifth, although 482 

using a sample reporting the full range of depression severity buffers against Berkson’s bias (de 483 

Ron et al., 2019), there is the potential that results might not generalize to a clinical sample. 484 
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Recent work testing the relationship between CRP and individual symptoms of depression found 485 

that results are largely replicable between clinical and community samples (Moriarity et al., 486 

2020a), but the current study should be replicated in a sample with a higher rate of clinically-487 

relevant depression to ensure clinical relevance of these results. Finally, there was a change in 488 

the chemistry analyzer during data collection, which could have confounded CRP measurement; 489 

however, this concern is ameliorated by comparisons of assay values finding that no statistical 490 

correction was necessary.  491 

Conclusions 492 

 This study demonstrates a novel approach to characterizing an inflammatory phenotype 493 

of depression. Results suggest that structural characteristics at all levels (global, symptom-level, 494 

and specific edges) differed as a function of CRP. Specifically, greater symptom connectivity in 495 

the network of individuals with elevated CRP might explain one mechanism through which 496 

inflammation is associated with treatment-resistant depression. Additionally, greater expected 497 

influence of difficulty concentrating and psychomotor problems in the group with elevated CRP, 498 

and evidence that CRP moderates several symptom—symptom associations, might provide 499 

insight into differential symptom-level risk/maintenance pathways in those with elevated 500 

inflammation compared to those without this risk factor. At least, this project provides consistent 501 

evidence that depression symptom structure varies as a function of CRP, highlighting the 502 

potential for differential validity of extant depression measurement techniques based on 503 

inflammatory status. Given these implications, characterization of the inflammatory network 504 

phenotype of depression could be beneficial for disease classification, prevention, measurement, 505 

and treatment.  506 
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Supplemental Results 518 

Categorical Approach (Group Differences) Re-estimated in mgm  519 

Bootstrapped correlation-stability analyses found good to excellent stability for edge weights and 520 

expected influence (EI) in the high CRP group (75% for both edges and EI) and the non-elevated CRP 521 

group (75% for edge weights and 67% for EI). The edges between the two networks shared a medium 522 

correlation (rs = .62, p < .001) and the ordinal ranking of EI was highly congruent between the two 523 

networks (rs = .82, p = .011). The symptoms with the highest EI in the elevated CRP network were 524 

sadness, difficulty concentrating, and feeling bad about oneself. Conversely, the symptoms with the 525 

highest EI in the non-elevated CRP network were sadness, feeling bad about oneself, and anhedonia. 526 

However, it is important to note that differences in EI ranking are descriptive, not inferential, in nature. 527 

Expected influence was not significantly positively correlated with node variance in either the elevated (rs 528 

= -.23, p = .552) or non-elevated networks (rs = .15, p = .708), suggesting that EI was not driven by 529 

measurement properties.  530 

Consistent with hypotheses, between-group comparisons found that the elevated CRP network 531 

had significantly higher global strength than the non-elevated CRP network (global strength difference = 532 

.33, p = .040). Difficulty concentrating had higher expected influence in the elevated CRP group 533 

compared to the non-elevated CRP group (difference = .18, p = .041). The structural invariance test was 534 

not significant (maximum difference in edge weights = .12, p = .447).  535 

 536 

  537 
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