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A B S T R A C T

Aims: Major depressive disorder (MDD) is a prevalent mental disorder, and low social support and high strain 
could impact its long-term symptom severity. Increased inflammation, marked by C-reactive protein (CRP) and 
fibrinogen, has also been correlated with more MDD symptoms. However, the inflammation-MDD symptom 
association might vary by social support dimensions. The current study thus examined how social support di
mensions moderated the inflammation-MDD severity correlation.
Methods: Community adults (N = 1,054) with and without MDD provided plasma samples to measure CRP and 
fibrinogen levels and completed self-reports of perceived support and strain from family, friends, and partners at 
Wave 1 (W1). MDD severity was assessed at W1 and Wave 2 (W2, nine-year follow-up). Multiple linear re
gressions and generalized additive modeling (GAM) assessed how W1 social support dimensions and inflam
mation levels interacted to predict W2 MDD severity, controlling for clinical and sociodemographic covariates.
Results: Increased W1 fibrinogen predicted higher W2 MDD severity in participants with lower (vs. higher) W1 
social support and higher (vs. lower) social strain (|standardized β| = 0.18–2.31 vs. 0.01–0.03). Further, 
increased CRP predicted more MDD symptoms in participants with higher (vs. lower) social strain (|β| =
0.24–0.26 vs. 0.15–0.16). These significant interaction findings were identical in linear and GAM models that 
accommodate non-linear associations. Conclusions: Results suggested that increased proinflammatory activity 
indexed by CRP and fibrinogen levels could predict nine-year MDD severity under social strains, consistent with 
the social signal transduction theory. Improving social support and decreasing social strain might buffer 
inflammation-related depression.

Major depressive disorder (MDD) is a common mental disorder with 
global 12-month prevalence estimates ranging from 11 to 28 % in 
community samples (Chen et al., 2012; Vandeleur et al., 2017) and 12 to 
36 % in clinical populations (Hunt et al., 2020b; Kuhlmann et al., 2019). 
Heightened MDD symptoms, such as anhedonia, depressed mood, and 
related psychiatric comorbidities, have been reliably linked to func
tional impairments in epidemiological surveys across diverse countries 
(Roest et al., 2021). These functional impairments could encompass is
sues related to career development (Oenning et al., 2018), physical 
health (Berk et al., 2023), and social relationships (Bird et al., 2018). 
Therefore, identifying the distal risk factors, defined as central pre
conditions that raise disease risk over time, of MDD is crucial.

Proinflammatory processes have been considered critical to the eti
ology of increased MDD symptom severity across long durations. 
Although pro-inflammatory processes encapsulate a wide array of 
inflammation markers, two salient ones relevant to this study are C- 
reactive protein (CRP) and fibrinogen. CRP represents an acute-phase 

protein that the liver produces in response to inflammation (Felger 
et al., 2020). Fibrinogen is a coagulant (i.e., blood clotting agent) that 
similarly initiates pro-inflammatory processes (Pieters and Wolberg, 
2019). The cytokine model of depression (Koo et al., 2017) posits that 
increased fibrinogen and CRP would predict more MDD symptoms over 
lengthy periods via several plausible pathways. Putative pathways or 
mechanisms include deviations and dysfunctions in the brain’s endo
crine, metabolism, and neuroplastic systems (Horowitz and Zunszain, 
2015). For example, chronic increased peripheral inflammation could 
dysregulate or suppress the hypothalamic-pituitary-adrenal (HPA) axis 
pathways. This process may result in suboptimal cortisol secretion, 
signaling, and glucocorticoid resistance, which can exacerbate MDD 
severity, including attentional and motivational issues over prolonged 
periods (Hassamal, 2023). Serotonin levels may also be depleted 
through excessive proinflammatory processes in the kynurenine 
pathway, which involves altering the indoleamine-2,3-dioxygenase 
(IDO) enzyme and breaking down tryptophan over extended durations 
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(Hunt et al., 2020a). Proinflammatory markers (e.g., fibrinogen) may 
also compromise the structural integrity of the blood-brain barrier, 
thereby increasing its permeability (Futtrup et al., 2020). Increased 
blood-brain barrier permeability may trigger the entry of these proin
flammatory markers into the central nervous system (CNS), thereby 
magnifying stress reactivity and MDD severity over time 
(Medina-Rodriguez and Beurel, 2022).

Consistent with these theories, a recent prospective study (Zainal and 
Newman, 2021) and meta-analysis (Mac Giollabhui et al., 2021) of 
longitudinal studies on the bidirectional connections between inflam
mation and depression revealed consistent evidence that increased CRP 
and fibrinogen predict future MDD symptoms. However, these studies 
also suggested that the pathway from proinflammatory processes to 
future increased MDD severity is highly complex and variable. The high 
variability in the inflammation-MDD pathway raises a question about 
potential moderators. Which person with higher inflammation levels is 
most likely susceptible to increased MDD many years later?

Social support and strain might be essential candidate moderators in 
linking proinflammatory activity to higher future MDD severity. Social 
support is defined as the subjective accessibility to affection, care, and 
understanding from individuals’ social networks, encapsulating 
emotional and tangible help from family, friends, or partners (Taylor, 
2011). Social strain is referred to as the adverse aspects of interpersonal 
exchanges, such as conflict, disparagements, or excessive requests 
(Rook, 1984). Lower support and higher strain might worsen the effects 
of proinflammatory activity on future MDD symptoms, as the buildup of 
stressful interpersonal experiences might chronically reinforce subop
timal coping responses and stress reactivity (Slavich and Irwin, 2014). 
These joint interactive pathways would likely unfold, given how strong 
social networks, positive relations with others, and fewer social strains 
(e.g., interpersonal conflicts) generate protective effects in modulating 
inflammatory processes (cf. social signal transduction theory of 
depression; Quinn et al., 2020). Overall, participants facing increased 
social strain – characterized by overly critical, frustrating, and incon
sistent interactions in their social circles – may be at risk of the negative 
impacts of elevated CRP and fibrinogen levels on future MDD severity. 
Moreover, individuals with higher emotional support, indicating greater 
accessibility to empathy and help from essential relationships, could 
display more resilience against the adverse effects of proinflammatory 
activity. Results highlight the importance of both positive (social sup
port) and negative (social strain) dimensions of social relationships 
interacting with inflammation levels to predict long-term MDD severity.

Indirect support has been observed for these propositions on the 
moderation effect of social support on inflammation-depression path
ways. First, increased proinflammatory activity mediated the pathway 
from lower social support to higher depressive symptoms in breast 
cancer survivors (Hughes et al., 2014). Second, better social support 
indicators conferred protective effects against future increases in MDD 
symptoms among community adults, even after adjusting for de
mographic and lifestyle confounds (Yang et al., 2014). Relatedly, a 
quantitative synthesis of 41 cross-sectional and longitudinal reports 
showed robust negative associations between social support factors and 
proinflammatory marker levels (Uchino et al., 2018). Finally, people 
who experienced early-life stressors self-reported higher depression as 
adults, but only if they jointly encountered fewer social exchanges and 
perceived lower social support (Nakamura et al., 2022). Together, these 
outcomes suggest that the frequency of social exchanges, perceived so
cial support, and strain may buffer or mitigate the long-term adverse 
impacts of increased inflammation on future MDD severity.

The present study thus determined the moderating role of social 
support dimensions—support and strain—on inflammation-MDD path
ways and built on prior studies in several ways. First, previous studies 
mostly assumed linear relations among inflammation, social support, 
and MDD. However, prior research suggested that the associations 
among these variables might be non-linear (Eisman et al., 2015; Zhai 
et al., 2022). Such non-linearities emphasize the importance of using 

advanced modeling techniques, such as generalized additive modeling 
(GAM; Wood et al., 2015), to capture complex non-linear patterns. GAM 
refers to statistical approaches that expand on generalized linear 
modeling techniques by permitting non-linear associations between 
predictor or moderator variables and the outcome variable via smooth 
function applications (Wieling, 2018). GAMs are appropriate for 
analyzing non-linear relations among key variables of interest in the 
present study (refer to Chen et al., 2016; Henneghan et al., 2021; Lee 
et al., 2023, for relevant examples). Second, most studies examining the 
associations among inflammation, social support, and MDD severity 
have been cross-sectional (Colasanto et al., 2020; Rueger et al., 2016), 
limiting the ability to draw weak causal inferences (Pearl, 2014). Third, 
prior studies on this topic have focused on one aspect of social support, 
although previous research has highlighted that social strain may be a 
more potent predictor of inflammation than social support (e.g., Yang 
et al., 2014).

Thus, the current study investigated how social support and social 
strain dimensions moderated the associations of increased CRP and 
fibrinogen levels with future MDD severity. Given theory and research, 
we hypothesized that higher fibrinogen levels would predict more future 
MDD symptoms, especially in individuals with lower social support and 
higher social strain (Hypothesis 1). The same moderation pattern was 
also anticipated but with CRP levels in the multivariate model (Hy
pothesis 2). Moreover, these patterns were expected to hold across both 
hypotheses in the context of linear and non-linear relations. This 
expectation remained after adjusting for various potential demographic 
and clinical confounds.

1. Method

1.1. Participants

Community adults (N = 1,054) from the general population partic
ipated in the Midlife Development in the United States (MIDUS) study in 
two waves (Wave 1; W1; Wave 2; W2; Ryff et al., 2019a; Ryff et al., 
2017; Ryff et al., 2019b). At W1, they had an average age of 55.19 years 
(SD = 11.81, range = 25–74). Regarding self-reported gender, 45.3 % 
(477/1054) identified as men, and 54.7 % (577/1054) identified as 
women. Education levels were diverse, with 44.1 % (465/1054) holding 
a college or university degree and above, 22.6 % (238/1054) having a 
high school education, and the remaining 33.3 % (351/1054) having no 
high school education or declining to disclose. Regarding diagnostic 
status, 11.70 % (123/1054) had MDD at W1, and 9.11 % (96/1054) at 
W2. Table S1 in the online supplemental materials (OSM) offers more 
descriptive statistics, including relevant percentages and subgroup 
breakdowns.

1.2. Procedures

The present study included participants who underwent the pro
cedures of the MIDUS W1 Biomarker study (Weinstein et al., 2019), as 
this approach directly addressed the research aims. Participants 
completed clinical interviews assessing the diagnosis and severity of 
MDD symptoms at W1 and W2, and self-reports assessing perceived 
social support at W1. Further, they provided biomarker data at W1, 
which included proinflammatory markers.

1.3. Measures

W1 and W2 MDD symptoms. MDD symptoms were assessed using 
the World Health Organization’s Composite International Diagnostic 
Interview-Short Form (CIDI-SF; Kessler et al., 1998), which was based on 
the Diagnostic and Statistical Manual of Mental Disorders, Revised Third 
Edition (DSM-III-R; American Psychiatric Association, 1987). The pres
ence of these seven MDD symptoms was recorded during the clinical 
interview: anhedonia (loss of interest in pleasurable activities), appetite 
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disturbances, concentration issues, fatigue, low self-worth, suicidal 
ideation, and sleep difficulties. Internal consistency values (Cronbach’s 
α = .927 and .930 at W1 and W2, respectively) were good in the present 
study. MDD symptom scores could range from 0 (lowest severity) to 7 
(highest severity).

W1 Perceived social support. A 12-item MIDUS-specific measure of 
social support was administered to assess perceived social support 
(Guevara and Murdock, 2019). Participants self-reported the degree to 
which their family members, friends, and partner or spouse offered 
affection and care toward them. Examples of items included assessing 
the extent to which these significant others cared for and understood the 
participants, as well as how the participants could rely on and confide in 
them. Item scores ranged from 1 (not at all) to 4 (a lot). The same four 
items were repeated across the three unique social support figures. Total 
scores theoretically ranged from 14 to 56. This scale has been shown to 
have good internal consistency (Cronbach’s α = .787 herein) and 
construct validity (Creaven et al., 2020; Elliot et al., 2018).

W1 Perceived social strain. Another 12-item self-report developed 
by the MIDUS researchers was administered to measure perceived social 
strain (Kane and Krizan, 2021). Participants also self-reported the extent 
to which their family members, friends, and partner or spouse were 
excessively critical, demanding, and disappointing, and behaved in ways 
that angered them. The same four items were again repeated across the 
three distinct social strain figures. Similar to the social support dimen
sion, item scores varied from 1 (not at all) to 4 (a lot), and total scores 
could range from 14 to 56. This scale had good internal consistency (α =
.776), retest reliability, and construct validity (Fitzgerald and Morgan, 
2022; Teo et al., 2013).

W1 and W2 Proinflammatory markers. Participants had blood 
samples drawn after fasting overnight and before breakfast on the sec
ond day of the biomarker protocol, allowing for the collection of plasma 
assays to evaluate proinflammatory markers (Dienberg Love et al., 
2010). Whole blood samples were stored in a -65 ◦C freezer until these 
proinflammatory markers were assessed at another laboratory using 
standardized protocols. These blood plasma samples were drained into 
tubes containing anticoagulants to prevent blood clotting before un
dergoing centrifugation procedures that separated the blood plasma. 
The MIDUS researchers used a BNII nephelometer with the blood plasma 
samples to measure levels of CRP (cf. particle-improved immunone
phelometric assay) and fibrinogen (N Antiserum to Human Fibrinogen 
developed by Dade Behring Inc. in Deerfield, IL; Ospina et al., 2022). 
Regarding analytic methods used, the BNII nephelometer quantifies CRP 
and fibrinogen levels by forming immune complexes between the target 
analyte and unique antibodies (Witzel et al., 2025). Immune complexes 
are antigen-antibody groups that trigger immune responses, but unique 
antibodies are B-cell-generated proteins that choose distinct antigens 
(foreign biomarkers in the immune system; Mahendra et al., 2022; 
Marshall et al., 2018). This process triggers alterations in light scat
tering, which are captured to assess the analyte’s concentration levels. 
These biomarker assay procedures were done at the University of Ver
mont (Burlington, VT) to maximize measurement consistency and 
precision.

1.4. Data analysis

All analyses were done using RStudio (R Core Team, 2024). Random 
forest imputation was used to handle missing data with the missRanger 
package, which was observed in 7.4% of the entire data set (Mayer, 
2024). Random forest imputation was chosen over parametric methods, 
such as multiple imputation, due to its ability to accommodate potential 
complex interactions and nonlinear relations among variables 
(Stekhoven and Buhlmann, 2012) and to stay robust when the data was 
missing not at random (MNAR; Tang and Ishwaran, 2017). As shown in 
Table S2 in the OSM, dropouts (n = 178) were significantly older, more 
likely to identify as White, had higher baseline social strain, and 
exhibited higher fibrinogen levels compared to completers (n = 876). 

These between-group differences rendered the dataset’s missingness 
pattern MNAR, making random forest imputation an appropriate 
method for handling missing data in this context. Other model as
sumptions of multiple linear regression were examined and aligned with 
expectations based on standard diagnostic tests of homoscedasticity, 
independent residual variances, linearity, multicollinearity, and multi
variate normality (Hainmueller et al., 2018; Karazsia et al., 2014). 
Following random forest imputation and these preprocessing checks, the 
analytic sample size was consistently 1,054 for all linear and GAM 
models described below, with 123 participants having MDD symptoms 
at W2.

Multiple linear regression was employed to test the impacts of one 
predictor (W1 CRP or fibrinogen levels), two moderators (W1 social 
support and strain), and two two-way interactions (inflammation ×
social support and inflammation × social strain) on W2 MDD severity. 
W1 MDD severity was added as a covariate in all analyses. This method 
enabled the assessment of both main effects and plausible interactions, 
aligning with the research aims (Irwin and McClelland, 2001; Shieh, 
2010). By including possible moderator effects in the multivariate 
equation, the analysis could identify how the impact of a predictor may 
vary based on the level of a moderator, thereby enriching the under
standing of prospective variable associations (Aguinis and Gottfredson, 
2010; Yuan et al., 2014).

Sensitivity analyses were conducted with GAM using the mgcv 
(Wood, 2017) package. GAMs were employed to investigate potential 
non-linear relationships between proinflammatory markers (CRP and 
fibrinogen) and social support dimensions (support and strain) in pre
dicting nine-year MDD severity. GAMs are more flexible than standard 
linear regression models, as they capture potentially complex, 
data-driven, non-linear relationships between predictor and outcome 
variables. Specifically, the smooth function s() was applied to accom
modate possible non-linearities in both main effects and two-way in
teractions of the proinflammatory marker and social support or strain 
variables (Imai et al., 2010; VanderWeele and Tchetgen Tchetgen, 
2017). The Restricted Maximum Likelihood estimator was used, and 
model diagnostics were generated (Wood, 2011). To this end, this GAM 
sensitivity analysis enhances rigor by testing potential non-linearities 
and facilitating replication attempts (Loh et al., 2022; Wood, 2004). If 
both GAMs and linear regression models generated identical patterns, 
the robustness of the results was reinforced by showing that variable 
associations align across distinct modeling methods.

To ease interpretations, Cohen’s d effect sizes were computed with 
the d = 2t/√(df) equation (Rosenthal, 1994), where t is the t-statistic of 
the parameter estimate, and df is the model’s degrees of freedom. 
Cohen’s d differs from standardized regression estimates (β; Cohen et al., 
2003), which were computed and reported throughout, as well as the 
unstandardized regression beta weights (b). Although standard guide
lines set Cohen’s d values of 0.2, 0.5, and 0.8 as small, moderate, and 
large, respectively, even small d values of 0.1 could have important 
public health implications, especially with large datasets spanning over 
long intervals, such as nine years (Funder and Ozer, 2019).

The present analyses also tested whether the observed effects 
remained statistically significant after including various covariates in a 
series of sensitivity analyses. Regarding sociodemographic variables, we 
tested age (Straka et al., 2020), gender (Niles et al., 2018), education 
level (Krogh et al., 2014), and race (Toussaint et al., 2022) as covariates. 
With respect to psychopathology variables, we assessed whether similar 
outcomes emerged when including childhood trauma (Kleih et al., 
2022), generalized anxiety disorder (GAD; Zainal and Newman, 2022b), 
and panic disorder symptoms (Choi et al., 2021) as covariates. We also 
tested if proinflammatory markers moderated the pathway from social 
support to future MDD symptoms. Parameter estimates with p-values of 
< 0.05 were considered statistically significant.
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2. Results

2.1. Interaction between W1 fibrinogen and social support dimensions 
predicting W2 MDD severity (Hypothesis 1)

To test Hypothesis 1, we specified W1 fibrinogen levels as the pre
dictor and W2 MDD severity as the outcome, adjusting for W1 MDD 
severity. W1 social support and strain dimensions were simultaneously 
tested as moderators. Thus, the model contained four main effects and 
two two-way interactions between social support and fibrinogen as well 
as between social strain and fibrinogen levels.

Fibrinogen levels significantly interacted with social support (β =
− 1.90, d = − 0.20, p = .001) and social strain (β = 2.31, d = 0.26, p <
.001) in predicting future MDD severity (Table 1(a)). Mean fibrinogen 
levels were defined as log-transformed values between 4.78 and 5.64, 
with high levels as ≥ 5.64 and low levels as ≤ 4.78. Simple slope analysis 
showed that the association between higher social strain predicting 
greater future MDD severity was significant at the mean (β = 0.19, d =
0.46, p < .001) and high (β = 0.37, d = 0.65, p < .001) fibrinogen levels 
but not at low (β = 0.01, d = 0.01, p = .910) fibrinogen levels (Fig. 1(a)). 
In addition, the relationship between lower social support predicting 
higher future MDD severity was significant at the mean (β = − 0.18, d =
− 0.44, p < .001) and high (β = − 0.32, d = − 0.55, p < .001) fibrinogen 
levels instead of at low (β = − 0.03, d = − 0.06, p = .590) fibrinogen 
levels (Fig. 1(b)). Sensitivity analyses revealed that these findings 
remained similar when examining non-linear associations (Table 1(b)).

2.2. Interaction between W1 CRP and social support dimensions 
predicting W2 MDD severity (Hypothesis 2)

To test Hypothesis 2, we specified W1 CRP levels as the predictor and 
W2 MDD severity as the outcome, controlling for W1 MDD severity. W1 
social support and strain dimensions were concurrently examined as 

moderators. Therefore, this model comprised four main effects and two 
two-way interactions between social support and CRP levels as well as 
between social strain and CRP levels.

CRP levels significantly interacted with social strain (β = 0.26, d =
0.15, p = .019), but not social support (β = − 0.16, d = − 0.05, p = .415) 
in predicting future MDD severity (Table 2(a)). High CRP levels were 
defined as log-transformed values ≥ 0.55, and low CRP levels as 0. 
Simple slope analysis demonstrated that the relationship between 
greater social strain predicting higher future MDD severity was signifi
cantly more potent at high CRP levels (β = − 0.24, d = 0.36, p < .001) 
than at low CRP levels (β = − 0.15, d = 0.27, p < .001; Fig. 2). The 
pattern of findings remained similar when accounting for non-linear 
associations (Table 2(b)).

2.3. Sensitivity analyses

To reiterate, we examined if the pattern of statistically significant 
findings observed in the initial moderation models remained after 
adjusting for age, gender, race, education, childhood trauma, GAD, and 

Table 1 
Multiple regression analysis of W1 fibrinogen levels interacting with W1 social 
support dimensions to predict W2 MDD symptom severity (N = 1054).

Parameter estimate b (SE) t p d

(a) Linear model estimates
Intercept − 5.602 (3.084) − 1.816 .070 − 0.112
W1 MDD severity 0.275 (0.027) 10.207 .000 0.631
W1 Social support 0.264 (0.092) 2.880 .004 0.178
W1 Fibrinogen 1.258 (0.589) 2.135 .033 0.132
W1 Social strain − 0.273 (0.070) − 3.867 .000 − 0.239
W1 Social support x W1 

Fibrinogen
− 0.056 (0.018) − 3.217 .001 − 0.199

W1 Social strain x W1 
Fibrinogen

0.057 (0.013) 4.246 .000 0.262

R2 15.2 % ​ ​ ​ ​
Adjusted R2 14.7 % ​ ​ ​ ​
F-statistic 31.336 ​ ​ ​ ​
p 0.000 ​ ​ ​ ​
(b) GAM non-linear estimates
Intercept 0 (0.000) – – –
W1 MDD severity 0.272 (0.027) 10.168 <.001 0.628
W1 Social support − 0.314 (0.291) − 1.077 .282 − 0.067
W1 Fibrinogen − 0.018 (0.028) − 0.653 .514 − 0.040
W1 Social strain 0.093 (0.028) 3.322 .001 0.205
W1 Social support x W1 

Fibrinogen
8.416 (11.277) 2.079 .021 0.128

W1 Social strain x W1 
Fibrinogen

6.914 (9.683) 2.748 .002 0.170

Rank 59/62 ​ ​ ​ ​
Adjusted R2 0.178 ​ ​ ​ ​
Deviance Explained 19.20 

%
​ ​ ​ ​

Note. W1, wave 1 (2004–2006); W2, wave 2 (2013–2014); MDD, major 
depressive disorder; GAM, generalized additive models; REML, restricted 
maximum likelihood. At W2, 123 participants exhibited at least one symptom of 
MDD.

Fig. 1. W1 Social support dimensions predicting W2 MDD severity by W1 
fibrinogen levels (Linear models) (N = 1,054) 
Note. W1, wave 1; W2, wave 2; MDD, major depressive disorder. An asterisk in 
the legend means that the simple slope of the association between W1 social 
support or strain and W2 MDD severity was statistically significant at that level.
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panic disorder symptoms as covariates. When CRP levels were the pre
dictor, the moderation analyses produced similar outcomes regarding 
effect size magnitude and direction, as well as statistical significance 
thresholds. The same pattern also occurred when the moderation ana
lyses examined fibrinogen levels as the predictor (Table S3–S16 in the 
OSM). Collectively, the present findings were fully aligned with the 
study hypotheses when testing fibrinogen levels as the predictor (Hy
pothesis 1). However, the results were partially consistent with expec
tations when examining CRP levels as the predictor (Hypothesis 2).

3. Discussion

The current study examined how social support and strain moder
ated the longitudinal relationships between baseline levels of the 
proinflammatory markers CRP and fibrinogen and nine-year MDD 
severity. The findings were partially consistent with the study’s hy
potheses. Social strain notably interacted with both increased CRP and 
fibrinogen levels to predict higher nine-year MDD severity. However, 
lower social support substantially interacted with fibrinogen levels, but 
not CRP levels. These moderation effects were strongest at moderate-to- 
high, rather than low, proinflammatory activity levels and remained 
after controlling for several clinical and demographic covariates. 
Overall, the results suggested that social support could either buffer or 
exacerbate the relationship between increased inflammation and future 
MDD symptom severity; however, this relationship varied depending on 
the proinflammatory marker and specific social support dimensions.

The notable interaction between social support dimensions and 
fibrinogen levels as a predictor of MDD severity nine years later high
lighted the complex interplay among these risk and protective factors. 
Whereas increased fibrinogen accentuated the long-term effects of 
higher social strain and lower social support on future MDD severity, 
these patterns did not survive (i.e., became statistically insignificant) at 
low fibrinogen levels. This moderation effect might imply that inter
personal stressors could amplify the impact of increased fibrinogen 

levels on MDD symptoms over a protracted timescale. Increased fibrin
ogen levels have been linked to neuroinflammatory pathways, such as 
activating microglia and compromising neurogenesis and neuro
plasticity, which might heighten future MDD severity (Patel et al., 2024; 
Petersen et al., 2018). Moreover, increased fibrinogen might impact the 
permeability of the blood-brain barrier, plausibly expanding the entry
ways of low-grade peripheral chronic proinflammatory activity into the 
CNS (Golanov et al., 2019; Piers et al., 2018). Together, these plausible 
pathways and sequelae might render people vulnerable to the adverse 
impacts of low social support and high social strain, raising the risk of 
increased nine-year MDD severity.

A similar pattern was observed when CRP levels were included in the 
equation, but the interaction was substantial with social strain instead of 
social support. The greater effect of social strain than support might be 
due to the fact that negative social experiences tend to be recalled more 
strongly than positive ones, a phenomenon rooted in evolutionary psy
chology (Yang et al., 2014). Another account might involve the medi
ating role of perceived stress triggered by conflicts, criticisms, and 

Table 2 
Multiple regression analysis of W1 CRP levels interacting with W1 social support 
dimensions to predict W2 MDD symptom severity (N = 1054).

Parameter estimate b (SE) t p d

(a) Linear model estimates
Intercept 0.904 (0.273) 3.317 .001 0.205
W1 MDD severity 0.273 (0.027) 10.031 .000 0.620
W1 Social support − 0.026 (0.008) − 3.228 .001 − 0.200
W1 CRP − 0.062 (0.653) − 0.095 .924 − 0.006
W1 Social strain 0.020 (0.007) 3.075 .002 0.190
W1 Social support x W1 

CRP
− 0.015 (0.019) − 0.816 .415 − 0.050

W1 Social strain x W1 CRP 0.034 (0.015) 2.353 .019 0.145
R2 13.9 % ​ ​ ​ ​
Adjusted R2 13.4 % ​ ​ ​ ​
F-statistic 28.207 ​ ​ ​ ​
p 0.000 ​ ​ ​ ​
(b) GAM non-linear estimates
Intercept – – – – –
W1 MDD severity 0.273 (0.027) 10.168 <.001 0.631
W1 Social support – – – – –
W1 CRP − 0.052 (0.017) − 3.011 .003 − 0.187
W1 Social strain 0.091 (0.027) 3.428 .001 0.213
W1 Social support x W1 

CRP
9.308 (12.124) 1.783 .040 0.111

W1 Social strain x W1 CRP 6.251 (8.818) 3.036 .002 0.188
Rank 59/62 ​ ​ ​ ​
Adjusted R2 0.172 ​ ​ ​ ​
Deviance Explained 18.60 % ​ ​ ​ ​

Note. W1, wave 1 (2004–2006); CRP, C-reactive protein; W2, wave 2 
(2013–2014); MDD, major depressive disorder; GAM, generalized additive 
models; REML, restricted maximum likelihood. Any ‘–’ indicates that the specific 
parameter values could not be estimated. At W2, 123 participants exhibited at 
least one symptom of MDD.

Fig. 2. W1 Social support dimensions predicting W2 MDD severity by W1 CRP 
levels (Linear models) (N = 1,054) 
Note. W1, wave 1; W2, wave 2; MDD, major depressive disorder; CRP, C- 
reactive protein. An asterisk in the legend means that the simple slope of the 
association between W1 social support or strain and W2 MDD severity was 
statistically significant at that level.
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demands from the social circle of individuals (Acoba, 2024). Increased 
CRP levels have been related to more depression symptoms, especially 
among persons facing high social stressors or strains (Orsolini et al., 
2022; Yang et al., 2014), implying a potentially synergistic impact be
tween this proinflammatory marker and social strain on future MDD 
severity. Based on prior research (Iob et al., 2020; Lei et al., 2025), 
hyperactivation of the HPA axis, which may trigger suboptimal cortisol 
modulation, could mediate the interaction between social strain and 
CRP levels in the development of MDD symptoms over time. Further, 
increased CRP levels have been correlated with unique depression 
clusters or symptoms, including low energy and psychomotor aberra
tions (Franklyn et al., 2022; Moriarity et al., 2021). Such patterns sug
gest that higher CRP levels, coupled with social strain, could be key risk 
factors for elevated MDD symptoms. These conjectures require further 
testing in future research employing longitudinal designs.

Moreover, the alignment of findings when testing linear and non- 
linear models underscores the importance of sensitivity analyses to 
confirm the robustness of the complex relationships among inflamma
tion, social support, and future MDD severity. Such concordance in
creases confidence that the results are probably reliable and replicable, 
pending more similar studies. Their agreement suggests that the links 
between CRP or fibrinogen levels and future MDD symptoms may vary 
based on analytical, interpersonal, and measurement factors (Lee and 
Whooley, 2023; Luan et al., 2020; Zainal and Newman, 2023), although 
this warrants further exploration.

The limitations of the present study warrant attention. First, we 
recognized that proinflammatory processes encompass many bio
markers; however, we focused on CRP and fibrinogen due to their 
importance and similarity. CRP is a well-established low-grade, pe
ripheral, systemic proinflammatory activity marker and has been linked 
to depression (Fatemian et al., 2024), rendering it a critical biomarker to 
explore as a distal risk factor of high MDD severity. Fibrinogen, another 
acute-phase reactive protein crucial in proinflammatory processes, has 
been reliably associated with depression (Wium-Andersen et al., 2013), 
highlighting its importance in understanding the interaction between 
inflammation and social support or strain on future MDD severity. 
Although other markers were available (e.g., intracellular adhesion 
molecule [ICAM-1]) in the MIDUS data set, we focused on CRP and 
fibrinogen due to their similarities as key acute-phase reactive proteins 
and distinct proinflammatory activity mechanisms (Kushner and 
Mackiewicz, 2020). Future prospective replication studies should test 
distinct pro-inflammatory markers, such as interleukin-12 and 
interleukin-18 (Osimo et al., 2020). Second, replication attempts should 
utilize measures aligned with the current DSM-5 diagnostic taxonomy 
(American Psychiatric Association, 2022) as the 18-year MIDUS project 
employed the prior DSM-III-R version of the CIDI-SF for consistency 
across time points. Third, associations between inflammation and MDD 
symptoms are probably reciprocal (Mac Giollabhui et al., 2021). How
ever, our research question focused on studying how social support di
mensions might alter the sign and strength of distal risk factors 
(increased CRP and fibrinogen) that predict MDD. Future research could 
apply the scar theory (MDD symptoms predicting future 
pro-inflammatory markers; Zainal and Newman, 2021, 2022a, 2023) to 
investigate how social support dimensions fit into the equation and 
provide a more nuanced understanding of this topic. Fourth, future 
studies should investigate the role of behavioral genetics and related 
unexplored and unmeasured third variables (Sforzini et al., 2023; Zavos 
et al., 2022).

Despite these limitations, the current study had some strengths. It 
employed a longitudinal design spanning a nine-year period, offering 
insights into how specific proinflammatory activity, social support, and 
mental health factors interact with one another from middle to older 
adulthood. Various sensitivity analyses were also conducted to ensure 
the robustness of observations.

If these patterns were replicated, some clinical implications would 
merit consideration. As individuals facing high social strain are 

vulnerable to the adverse effects of increased CRP and fibrinogen levels, 
improving social support dimensions and reducing proinflammatory 
activity could prevent future elevated MDD severity. Decreasing low- 
grade, proinflammatory CRP and fibrinogen activity through enhanced 
physical activity and the adoption of anti-inflammatory diets (e.g., foods 
enriched in omega-3 fatty acids) may better regulate neuroinflammatory 
pathways associated with depression. Simultaneously, boosting social 
support and reducing social strain might improve mood regulation, 
thereby decreasing CRP and fibrinogen levels and reducing depressive 
symptoms. Future public health research should investigate how 
reducing CRP, fibrinogen, and related proinflammatory activity while 
improving social support dimensions might be promising pathways to 
decrease the long-term risk of heightened MDD severity.

Regarding potential future applications, clinicians and policymakers 
could promote lifestyle improvements for the broader population, such 
as consuming more Mediterranean-style meals (Altun et al., 2019; 
Milaneschi et al., 2011) and engaging in regular physical activity in 
various settings (Frank et al., 2019; Ignacio et al., 2019). Multifaceted 
programs have been effective in enhancing social support and reducing 
social strain. These facets may include consciousness-raising efforts, 
family systems interventions, peer support programs, and phone or 
web-based interventions for middle-aged to older adults (Dam et al., 
2016; Orazani et al., 2023). Based on precision mental health (Lutz 
et al., 2024), implementation science (Beidas et al., 2025), and the 
present findings, clinical science might profit from identifying which 
strategies work best for whom based on CRP and fibrinogen levels as 
well as social support and strain to possibly enhance preventive care.
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