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73 Abstract
74
75 Inflammatory responses are characterized by the activation of immune cells, while inflammatory 

76 biomarkers intricately interact with the immune system. While experimental studies have provided 

77 important mechanistic insights, large community-based investigations jointly profiling immune cell 

78 phenotypes and inflammatory biomarkers remain limited. This study aims to investigate the association 

79 between circulating immune cell phenotypes and inflammatory protein biomarkers in the Framingham 

80 Heart Study Offspring cohort. A sample of 873 dementia-free participants (52% female, mean age 61) had 

81 extensive profiling of peripheral blood mononuclear cells and inflammatory plasma protein biomarkers 

82 (OLINK Proteomics) collected at Offspring Exam 7 (the seventh examination cycle of the cohort, 1998 to 

83 2001). Among cross-sectional pairwise associations between 77 immune cell phenotypes and 68 

84 inflammatory biomarkers, CD8 naïve T cells showed negative associations with multiple inflammatory 

85 proteins, including CD40, CD5, CXCL9, CXCL10, IL8, OPG, TGF-alpha, TNF, TNFRSF9, and 4E-BP1. 

86 Higher levels of CD8 Cytotoxic T cells, CD8+CD27-, CD8 effector T cells, and interferon gamma-

87 producing CD8 T cells (Tc1) were all associated with higher levels of soluble CD8 alpha chain (CD8A). In 

88 contrast, CD4/CD8 T cell ratio, Immunoglobulin D (IgD)-expressing B cells and naïve Immunoglobulin D 

89 and Immunoglobulin M double-positive B cells (IgD+IgM+B cells) were associated with lower CD8A. 

90 Stratified analyses revealed significant associations primarily in males and participants over 60. These 

91 findings provide a comprehensive population-level characterization of the relationships between circulating 

92 immune cell phenotypes and inflammatory biomarkers in a well-defined community-based cohort, offering 

93 insight into immune cell-inflammatory profiles associated with aging. 

94

95 Keywords
96
97 Immune cell, peripheral inflammation, protein biomarkers, cognitive aging
98
99

100
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102 1. Introduction

103 Inflammation is triggered by the immune system's response to various harmful conditions 

104 including pathogens, damaged tissues, injuries, foreign compounds, or abnormal environments 1, 

105 2 , which induces acute inflammation that starts the healing process2. However, unresolved acute 

106 inflammation will become a state of low-grade chronic inflammation that increases susceptibility 

107 to chronic diseases such as cardiovascular diseases (CVD), cancer, type 2 diabetes, and 

108 neurodegenerative disorders3. Inflammatory responses are characterized by the activation of 

109 immune cells3, through mechanisms that detect harmful stimuli using cell surface pattern receptors, 

110 initiation of inflammatory pathways, release of inflammatory biomarkers, and involvement of 

111 inflammatory cells2. Circulating inflammatory biomarkers, which often include cytokines, 

112 chemokines, growth factors, and soluble receptors or other immune-regulatory proteins, engage in 

113 intricate interactions with the immune system 2, 4 . This complexity arises as immune cells 

114 stimulate the production of inflammatory biomarkers, while the inflammatory biomarkers in turn 

115 direct interactions among cells and contribute to cell activation and differentiation. Various 

116 immune cell subtypes are of relevance to different biomarkers4. For example, Th1, Th2, and Th17 

117 cells are characterized by their production of interferon gamma (IFN-gamma), IL4, and IL17, 

118 respectively. However, they are not the only cells that produce these proteins.

119 Previous experimental and human studies have provided important insights into immune-

120 inflammatory relationships 2, 4, 5. In particular, several population-based studies6, 7, especially in 

121 the context of aging, have linked specific immune cell subsets to systemic inflammatory markers 

122 in older adults. However, these studies have often focused on selected immune phenotypes or a 

123 limited set of inflammatory biomarkers, involved modest sample sizes, or did not comprehensively 

124 profile immune cell phenotypes and inflammatory proteins within the same community-based 
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125 cohort. As a result, large-scale studies that systematically characterize associations between 

126 detailed immune cell phenotypes and a broad inflammatory proteomic panel in humans remain 

127 relatively limited. Here we report on the relationship between circulating immune cell phenotypes 

128 and inflammatory biomarkers in dementia-free participants in the community-based Framingham 

129 Heart Study (FHS) Offspring cohort. Using extensive immunophenotyping of peripheral blood 

130 mononuclear cells (PBMCs) and high-throughput inflammatory protein profiling, we aimed to 

131 characterize population-level relationships between immune cell phenotypes and inflammatory 

132 biomarkers. We hypothesized that several immune cell phenotypes would be associated with 

133 protein biomarkers cross-sectionally. Given the age/sex associations with circulating immune cell 

134 phenotypes8,  we also examined the association by sex and age strata. 

135

136 2. Materials and Methods

137 2.1.Study sample 

138 The Framingham Offspring Study began in 1971 and recruited 5214 offspring of the Framingham 

139 Heart Study (FHS) original cohort and their spouses, a community-based sample from 

140 Framingham, Massachusetts and surrounding communities9. The Offspring cohort has been 

141 examined every 4-8 years since enrollment. The first examination with existing stored PBMCs 

142 took place at FHS Offspring Exam 7, where a total of 3539 participants attended from 1998 to 

143 2001. For this current study, we utilized immune cell profiling data collected from ~1,000 

144 Offspring participants who were selected based on availability of 2 or more vials of PBMC samples, 

145 who were dementia-free and aged 40 years and older at Exam 78. Among them, 879 participants 

146 also had a stored plasma sample for inflammatory biomarker profiling and passed the quality 

147 control procedures. We excluded participants with extensive missing immune phenotype data (n=4) 
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148 and those with incomplete inflammatory biomarker profiles (n=2), yielding a final analytic sample 

149 of 873 participants (Figure S1). All participants provided written informed consent before each 

150 examination attendance. The Institutional Review Board at Boston University Medical Center 

151 reviewed and approved the study protocol and examinations. All research was performed in 

152 accordance with the Declaration of Helsinki and relevant regulations.

153 2.2.Immune cell phenotyping

154 Immune cell phenotyping was previously performed and published 8, following protocols similar 

155 to those previously used in other large population studies 10, 11. PBMCs were collected at FHS 

156 Offspring Exam 7 and cryopreserved at -135°C for long-term storage. For this study, 

157 cryopreserved PBMC vials were retrieved from storage and thawed for flow cytometry-based 

158 immunophenotyping in 2021. Briefly, PBMCs were thawed, diluted, and filtered, then divided into 

159 five assay panels: (1) CD4/CD8 naïve/memory panel, (2) CD4/CD8 regulatory panel, (3) T-cell, 

160 B-cell and NK-cell panel, (4) CD4/CD8 stimulation panel for intracellular staining of Th1/2/17 

161 and Tc1/2/17, (5) monocyte subset panel. The complete flow cytometry procedures were described 

162 previously 8. We measured a broad panel of innate and adaptive immune cell phenotypes and 

163 reported 116 immune cell phenotypes, including T cells, B cells, NK cells, and monocytes8. 

164 Marker‐based definitions anchored differentiation states across T cells, B cells, and monocytes 

165 in this study. T-cell subsets are defined by combinations of surface markers, with CD27 and CD28 

166 levels discriminating undifferentiated cells from progressively differentiated cells12. B cells 

167 (CD19+) were partitioned by CD27/CD43 and IgD/IgM into B-1 cells (CD43+CD27+) and 

168 memory B cells (Bmem; CD43-CD27+), each resolved into IgD+, IgM+, and IgD+IgM+ subsets13, 

169 14. Monocytes were classified along the CD14/CD16 continuum into classical (CD14++CD16-), 

170 intermediate (CD14+CD16+), and non-classical (CD14dimCD16+); within each subset, markers 
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171 including HLA-DR, TREM2, CD87, CCR2, Slan, CD33, and CD163 provided activation 

172 annotations15. For downstream analyses, we selected 71 primary immune cell subtypes and 6 

173 composite ratios of cell types. These 71 primary subtypes were represented as proportions relative 

174 to their respective parent populations (e.g., T-cell and B-cell subsets as proportions of live 

175 lymphocytes, and monocyte subtypes as proportions of gated monocytes), and Table S1 provides 

176 the complete list of phenotypes with corresponding defining markers. The complete flow 

177 cytometry gating strategies underlying these marker-based definitions have been previously 

178 published and validated in the Framingham Heart Study Offspring cohort 8, where major immune 

179 cell populations are shown in Figure 1A-1E and detailed gating strategies are provided in 

180 Supplementary Figures 3-7 of that paper. The six composite ratio measures 16 were calculated 

181 using immune cell phenotypes profiled in our study, in which three are age-related immune 

182 phenotype (ARIP) measures and the other three are acute disease-related measures. ARIP is 

183 characterized by a reduced T-cell repertoire, fewer naïve T cells (Tn), and an accumulation of 

184 memory (Tm) and effector T (Teff) cells17. This reflects the natural differentiation trajectory in 

185 which Tn progressively give rise to central memory (Tcm), effector memory (Tem), and effector 

186 (Teff) subsets. The three ARIP measures included the CD4/CD8 T cell ratio, and the naïve-to-

187 memory ratios between Tn and Tm for both CD4 T cells and CD8 T cells, all of which typically 

188 decline with age. The latter ratio, denoted as Tn/Tm, was calculated by Tn/Tm = Tn / (Teff + Tem 

189 + Tcm) using Tn cells, Teff cells, Tem cells, and Tcm cells of CD4 and CD8 separately 17. The 

190 three acute disease-related measures were the ratios of CD4 Th17/Treg18, 19, CD8 Tc17/Treg20 

191 (Th17 and Tc17 cells: IL-17-secreting CD4 and CD8 T cells, respectively), and Granzyme B+ 

192 CD8+/Granzyme B+ CD4+ 21, 22; higher values of these ratios generally indicate a more 

193 inflammatory immune environment. 
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194 2.3.OLINK inflammation panel

195 The OLINK Inflammation panel was applied to stored fasting EDTA (ethylenediaminetetraacetic 

196 acid) plasma samples collected from FHS Offspring participants at Exam 7 (1998–2001). Samples 

197 were stored at -80°C until assay. A total of 92 inflammatory protein biomarkers were quantified 

198 in 2021 using the OLINK Inflammation panel. The measurement relied on the high-throughput 

199 and multiplexing Proximity Extension Assay (PEA) technology, where the protein expression 

200 levels were quantified in a relative measure on a logarithmic scale (log2) named Normalized 

201 Protein eXpression (NPX) units, with one NPX difference corresponding to a doubling of protein 

202 concentrations 23. More information is available at https://olink.com/. Samples were randomly 

203 distributed among 11 plates and processed together in a single batch, with the coefficient of 

204 variation for all proteins across the plates less than 5%, indicating the absence of any plate-related 

205 effects 24. The full list of protein biomarkers included in the OLINK inflammation panel and the 

206 corresponding percentage of samples missing or with values below limit of detection (LOD) are 

207 provided in Table S2.  For outcomes of interest, we focused on the 68 proteins for which fewer 

208 than 50% of participant values were below the LOD, as suggested by OLINK and other literature 

209 25-27. For the 68 proteins analyzed, we used the actual reported value when it fell below LOD for 

210 the protein subset that fell below LOD 28. 

211 2.4. Selected covariates and clinical definitions

212 This section focuses on selected covariates that require explicit definition. Cytomegalovirus (CMV) 

213 is a common pathogen that has an impact on the T cell subsets of individuals who are infected with 

214 it. The CMV IgG (immunoglobulin G antibody) was measured in units of U/ml from an existing 

215 plasma sample from Offspring Exam 78, with levels above the LOD (CMV > 800 U/ml) imputed 
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216 as 850 U/ml. CMV serostatus was defined as CMV-positive if CMV IgG > 15 U/mL and CMV-

217 non-positive otherwise.

218 Prevalent cardiovascular disease (CVD) was determined by occurrences before Exam 7 of 

219 coronary heart disease (myocardial infarction, angina pectoris, coronary insufficiency), transient 

220 ischemic attack, intermittent claudication, and congestive heart failure, reviewed and confirmed 

221 by a panel of physicians based on established criteria29. Diabetes status was determined based on 

222 the presence of any of the following conditions: the use of antidiabetic medications, a fasting blood 

223 glucose level of ≥126 mg/dL, or a random blood glucose level of ≥198 mg/dL.

224 2.5.Statistical analyses

225 We first performed descriptive correlation analyses between immune cell proportions and 

226 inflammatory biomarker levels using Spearman’s rank correlation. Correlations were computed 

227 using pairwise complete observations for each immune cell-biomarker pair. For each analysis (full 

228 sample and each stratum), we calculated p-values for all pairs of correlations and controlled for 

229 multiple testing using FDR ≤0.05 as statistically significant. Significant pairs were highlighted in 

230 the correlation heatmaps. Correlation analyses were conducted in the full sample and stratified by 

231 sex, age group ( ≤ 60 and over 60), and CMV serostatus (CMV-positive and CMV-non-positive).

232 Pairwise associations were investigated between the 77 immune cell phenotypes (predictors) and 

233 the 68 protein biomarker outcomes. Rank-based inverse normal transformation was applied to 

234 immune cell phenotypes and inflammatory biomarkers to reduce skewness and map variables to 

235 an approximately standard normal scale (mean 0, SD 1), thereby enabling comparison of effect 

236 sizes across phenotypes with different marginal distributions. Full sample analyses, sex-stratified 

237 analyses (male and female), and age-stratified analyses ( ≤ 60 and over 60) were conducted for 

238 each pair of associations. Two statistical models were considered for two sets of covariates. The 
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239 primary model (Model 1) included covariates of sex, age, and CMV levels measured at exam 7. A 

240 secondary model (Model 2) included all the covariates in Model 1 and further accounted for 

241 prevalent CVD, kidney function, and CVD risk factors to study the robustness of the associations. 

242 Specifically, the additional covariates in Model 2 were: 1) indicators for prevalent CVD, prevalent 

243 stroke, and prevalent atrial fibrillation (AF) at Exam 7, 2) a measure of kidney function (estimated 

244 glomerular filtration rate),  and 3) CVD risk factors including systolic and diastolic blood pressures 

245 (SBP, DBP, mmHg), diabetes status, treatment for hypertension, body-mass index (BMI, kg/m2), 

246 current smoking status, total cholesterol level (TC, mg/dL), high-density lipoprotein cholesterol 

247 levels (HDL, measured in mg/dL), and use of lipid-lowering agents at Exam 7.

248 Stratified analyses within each sex or age stratum were conducted separately using the Model 1 

249 and Model 2 covariates. For the sex-stratified analyses, all covariates were included except sex. In 

250 the age-stratified analyses ( ≤ 60 and over 60), the covariate age was included in each subgroup 

251 to adjust for age effects within the older and younger age groups.

252 Linear mixed-effects models were utilized to establish the associations between each of the 77 

253 immune cell phenotypes with each of the 68 inflammatory protein biomarkers (outcome), 

254 accommodating familial relationships via the kinship coefficient matrix. Effect sizes and 95% 

255 confidence intervals (CIs) of the immune cell phenotypes were presented and interpreted as 

256 deviations in standard deviation units, as standardization was applied to both predictors and 

257 outcomes. The false discovery rate (FDR) 30 was used to control the risk of erroneously rejecting 

258 true null hypotheses in these correlated pairwise association tests, with FDR ≤0.05 set to declare 

259 significant associations. FDR control procedures were conducted in each stratum separately. All 

260 statistical analyses were conducted using R-4.2.1 software 31, and the linear mixed-effect models 

261 were implemented via the lmekin function within the coxme package 32.
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262 2.6.Network analysis

263 In addition to exploring marginal pairwise associations between immune cell phenotypes and 

264 inflammatory biomarkers one pair at a time, we further developed a relevance network in the full 

265 sample. This network takes into account all variables included in the two datasets: immune cells 

266 and inflammatory biomarkers, with edges representing the correlations between these variables. 

267 The Sparse Partial Least Squares (sPLS) method was employed to construct the network33, which 

268 generated latent variables from each of the two datasets that maximized the covariance between 

269 them and adjusted for sex, age, and CMV levels. Subsequently, all variables in both datasets were 

270 projected based on orthogonal latent variables, and correlations between variables in the two 

271 datasets were calculated. The sPLS was conducted by the function spls in mixOmics package 34. 

272 Overall, the relevance network provides a holistic perspective by capturing the relationships 

273 among multiple immune cells and inflammatory biomarkers simultaneously instead of isolated 

274 pairwise associations. The network may highlight the key immune cells or inflammatory 

275 biomarkers that play central roles in the system and allow for pathway analyses based on the 

276 intercorrelations observed. 

277

278 3. Results

279 3.1.Participants characteristics

280 Table 1 presents the demographic characteristics of the participants in the study sample. The 

281 average age of the participants was 61 years, approximately 52% of the participants were female. 

282 The proportion of CMV-positive (CMV > 15 U/ml) was 50.4%. The demographic characteristics 

283 were comparable between females and males. The list of the 77 immune cell phenotypes of interest, 

284 quantified as proportions relative to their respective parent populations, and their summary 
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285 statistics (mean and standard deviation/SD for each cell phenotype) stratified by age group ( ≤ 60 

286 and over 60), by sex, and by CMV serostatus are presented in Supplementary File Tab 1. Table 

287 S3 provides the mean and SD of inflammatory biomarkers in the full sample and across age and 

288 sex strata. To further contextualize potential CMV- and sex-related differences in inflammatory 

289 profiles, we additionally summarize mean inflammatory biomarker levels (after inverse normal 

290 transformation) across the four sex-by-CMV strata (female CMV-non-positive, female CMV-

291 positive, male CMV-non-positive, and male CMV-positive) in Figure S2.

292 3.2. Association results

293 To provide a global overview of immune cell-protein relationships, we first examined Spearman 

294 correlations between immune cell proportions and inflammatory biomarkers in the full sample and 

295 across strata defined by sex, age (≤60 vs >60 years), and CMV serostatus (CMV-positive vs CMV-

296 non-positive; Figure S3a-g). Overall, correlations were modest in magnitude but exhibited clear 

297 and structured patterns across immune subsets and biomarkers. Notably, CD8 Tn and CD8 Tn/Tm, 

298 displayed the most consistent correlation patterns across strata. These co-variation patterns tended 

299 to be more pronounced among CMV-positive participants and in older individuals, whereas 

300 correlations were generally attenuated in CMV-non-positive and younger groups. Sex-stratified 

301 analyses showed similar overall correlation structures, with differences primarily in magnitude. 

302 Together, these correlation analyses provide a descriptive, high-level overview that complements 

303 and motivates the detailed regression-based association results presented below.

304 Figures 1 provide the forest plots of significant associations between the immune cell phenotypes 

305 and the inflammatory proteins in the full sample using Model 1. Sex/age-stratified analyses for 

306 Model 1 were presented in Figure S4-S5. Figures S6-S7 show the same associations and any 

307 newly discovered significant associations from Model 2 after adjusting for CVD, kidney function, 
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308 and CVD risk factor covariates. Complete results for all the association analyses including both 

309 Model 1 and Model 2 in the full sample and stratified analyses by sex, age, and CMV serostatus 

310 are provided in Supplementary File Tab 2.

311 As shown in the full sample analysis using Model 1 (Figure 1), a number of immune cell 

312 phenotypes were associated with protein biomarkers, especially among the CD8 T cell subtypes 

313 and B cell subtypes. Figure 1 highlights that higher levels of CD3 T cells were significantly 

314 associated with lower TNFRSF9, while higher CD4 T helper cells were associated with lower 

315 Flt3L and TNFRSF9. Higher CD4 Tcm was associated with lower TNFB. Among CD8 phenotypes, 

316 higher levels of CD8 Cytotoxic T cells, CD8+CD27-, and CD8 Teff were all significantly 

317 associated with higher CD8A, whereas a higher CD4/CD8 T cell ratio was associated with lower 

318 CD8A. Additionally, CD8 Tn/Tm was negatively associated with TNF, and CD4+CD25+ was 

319 negatively associated with TWEAK. It is noteworthy that CD8 Tn was significantly associated 

320 with 10 proteins: 4E-BP1, CD40, CD5, CXCL10, CXCL9, IL8, OPG, TGF-alpha, TNF, and 

321 TNFRSF9, with negative effect sizes ranging from -0.17 to -0.13 SD units per SD unit increase in 

322 CD8 Tn levels. Figure 1 also shows significant associations among B-cell and CD3 T-cell subsets. 

323 Higher CD38+ T cells were significantly associated with lower OSM. Higher Immunoglobulin D-

324 expressing B cells (IgD+B cells) and naïve Immunoglobulin D and Immunoglobulin M double-

325 positive B cells (IgD+IgM+B cells) were both associated with lower CD8A, while higher CD43+ 

326 B cells were associated with higher TNFRSF9. Among CD27+ B cells, higher levels were 

327 associated with lower CXCL10, CXCL11, CXCL9, and IL-12B. In addition, memory B cells 

328 (CD43-CD27+ Bmem) showed negative associations with CXCL10, CXCL11, CXCL9, IL-12B, 

329 and TNFB. Figure 1 shows that higher levels of Tc1 cells were associated with higher CD8A. In 
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330 monocyte phenotypes, higher CD14 total, classical monocytes (CM), and CD87+ CM were 

331 positively associated with HGF, and higher CD14 total was also associated with higher OSM.

332 More significant associations were observed in age-stratified analyses compared to sex-stratified 

333 analyses. As observed in Figure S4a,b,c, the stratum aged over 60 years old showed significance 

334 for a large proportion of associations regarding CD4 T cell subtypes, CD8 Tn, and B cell subtypes 

335 that were observed in the full sample. There were also several associations significant only in the 

336 older group such as those with CD8 Tn (CD6, HGF, IL-15RA, IL6, MMP-1, MMP-10) and CD8 

337 Tn/Tm (CD5, CD6, SLAMF1). Moreover, IgD+Bmem cells, IgM+Bmem cells, and 

338 IgD+IgM+Bmem cells were all negatively associated with CD40 specifically in this stratum. Only 

339 three significant associations were observed in the stratum ≤ 60 years old (Figure S4a,c,d): 

340 higher CD8 Cytotoxic T cells with higher CD8A, higher memory B cells with lower IL-12B, and 

341 higher Tc1 with lower TNFB. Notably, the association between memory B cells and IL-12B was 

342 also significant in the older group, whereas the associations of CD8 Cytotoxic T cells with CD8A 

343 and Tc1 with TNFB were not observed in the older group. Figure S5 presented the sex-stratified 

344 results, and significant associations only appeared in the male group. Many of these significant 

345 associations were also detected in the full sample analysis (male and female combined), while 

346 several were unique to males. Specifically, Figure S5a shows that CD4 Tn and CD4+CD27- were 

347 both negatively associated with AXIN1 and STAMBP, CD4 Tcm cells were negatively associated 

348 with IL-10RB, CD4 Teff cells were negatively associated with LAP TGF-beta-1 and TNFB, and 

349 CD8 Tn cells were negatively associated with IL-15RA. Figure S5b demonstrates that B cells, 

350 IgD+B cells, IgM+B cells, and IgD+IgM+B cells were all negatively associated with IL-18. 

351 Memory B cells were negatively associated with CD5, IL-10RB, PD-L1, and TNFRSF9. 

352 IgD+Bmem cells were negatively associated with CD5 and PD-L1, while IgM+Bmem cells were 
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353 negatively associated with CD40, CD5, CXCL9, IL-12B, MCP-2, and PD-L1. In addition, 

354 IgD+IgM+Bmem cells were negatively associated with CD5 and PD-L1. Figure S5c further 

355 illustrates that TH17 cells were negatively associated with CD5, Tc17 cells were negatively 

356 associated with TNFSF14, OSM, and VEGFA, Granzyme B+CD4 cells were negatively associated 

357 with STAMBP, and NCM and HLADR+NCM were positively associated with CXCL10. No 

358 significant associations were observed in the female group. We additionally refer readers to Figure 

359 S8a-e, which summarize the regression-based association effects using heatmaps to provide a 

360 global overview of positive and negative associations across immune cell phenotypes and 

361 inflammatory biomarkers for Model 1.

362 After accounting for kidney function and CVD risk factors (Model 2), a large proportion of the 

363 significant associations observed using Model 1 covariates remained significant, but with 

364 attenuated effect sizes. While several effects were no longer significant, a few new associations 

365 were observed (see Figure S6-S7). As in Model 1, no significant associations were observed in 

366 the female participant stratum (Figure S7a,b,c). However, in the stratum ≤ 60 years old, new 

367 positive associations emerged between Tc1 and CD8A and between IgM+B cells and IgD+IgM+B 

368 cells with IL-18R1, while the previously observed negative association of Tc1 with TNFB and the 

369 positive association of CD8 Cytotoxic T cells with CD8A remained (Figure S6a,c,d). In the full 

370 sample, additional associations were identified, including positive associations of CD8+CD28-

371 CD27- and Granzyme B+CD8 cells with CD8A, as well as a negative association of CD3 T cells 

372 with TWEAK (Figure S6a,d). These served as evidence indicating the involvement of additional 

373 biological pathways in these associations. 

374 3.3Network representation
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375 Figure 2 shows the top correlated pairs between immune cell phenotypes and inflammatory 

376 biomarkers (absolute similarity measure > 0.12) in the full sample. The immune cells are marked 

377 in blue boxes and proteins are in pink circles. CD8A played the role of a central node in a hub 

378 connected to 8 immune cell phenotypes, with most of them positively correlated. The observations 

379 of positive marginal associations between CD8 Cytotoxic T cells, CD8 Teff, Tc1, and CD8+CD27- 

380 with CD8A, and negative associations between CD4/CD8 with CD8A in Figure 1 were 

381 consistently presented in the network. Similarly, CD8 Tn cells were negatively correlated with 

382 CXCL9, CXCL10, and TNF, which were also suggested by significant marginal associations in 

383 Figure 1. Besides, CM and CD87+ CM were both positively correlated with HGF, which was 

384 consistent with the marginal associations identified in Figure 1. The network also highlighted B 

385 cell subtypes-protein relationships, including negative correlations of memory B cells (CD43-

386 CD27+ Bmem), IgD+Bmem cells, IgM+Bmem cells, and IgD+IgM+Bmem cells with CD40, as 

387 well as negative associations of memory B cells with CXCL9, CXCL11, and IL-12B, reflecting 

388 the robustness of marginal associations detected in Figure S4c. New associations observed in 

389 Model 2 were also reflected in this network such as CD8+CD28-CD27- with CD8A (Figure S6a). 

390 Several new connections were identified by this network approach, including CD8+ Tem and 

391 Granzyme B+ CD8+/Granzyme B+ CD4+ with CD8A, CD8 Tn and CD8 Tn/TM with CXCL11, 

392 memory B cells, IgD+Bmem cells, IgM+Bmem cells, and IgD+IgM+Bmem cells with CD5, etc. 

393 Different from the marginal associations that consider one pair of variables at a time, the network 

394 approach integratively incorporates all immune cells and proteins altogether to examine their 

395 intercorrelations. Hence, this network, which integrates all the phenotypes together, provided 

396 evidence supporting the significant marginal associations previously identified while also 
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397 presenting additional insights, including newly identified correlated pairs, to better visualize and 

398 establish potential pathways between immune cells and proteins.

399

400 4. Discussion

401 Among a dementia-free study sample from the community-based FHS Offspring cohort, we 

402 examined the cross-sectional association of innate and adaptive immune cell phenotypes and 

403 inflammatory biomarkers and observed many significant associations between 77 peripheral 

404 immune cell phenotypes and 68 inflammatory biomarkers. First, CD8 Tn, the immune cell with 

405 the highest number of significant associations, were associated with several inflammatory proteins 

406 in the full sample, including 4E-BP1, CD40, CD5, CXCL10, CXCL9, IL8, OPG, TGF-alpha, TNF, 

407 and TNFRSF9, all in negative direction. This inverse relationship suggests that lower circulating 

408 CD8 Tn proportions may serve as a systemic proxy for active immune mobilization, aligning with 

409 the naïve-to-effector transition. In support of our findings, an in vitro study reported that 4E-BP1 

410 was crucial in optimal CD8 Teff cells differentiation35. Additionally, CD40 Ligand (CD40L) 

411 reportedly engages in the proliferation of CD8+ T cells through CD40 expression on activated 

412 CD8+ T cells and is instrumental in the development of CD8 Tm cells in an in vitro study, where 

413 the complicated mechanisms in the CD40-CD40L interactions were involved in the cross-talk 

414 between CD4+ and CD8+ T cells 36.  Our observation that CXCL9 and CXCL10 were inversely 

415 associated with CD8 Tn is consistent with a report by Nolz et al that showed when CD8 T cells 

416 become activated and transform into CD8 Teff cells, they express chemokine receptors that 

417 interact with CXCL9 and CXCL10 secreted by tissues undergoing inflammation37. IL8 is 

418 expressed at low levels in naive CD4+ and CD8+ T cells, with its production and IL8R surface 

419 expression increasing during T cell activation 38 , which may explain the negative association 
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420 between IL8 and CD8 Tn observed in our study, while the absence of association with CD4 Tn 

421 remains unclear. Mice studies suggested that TNF promotes the activation and proliferation of both 

422 CD4 and CD8 Tn and Teff cells, ultimately contributing to the removal of infected cells and 

423 playing its protective role against pathogens 39. Furthermore, several associations with CD8 Tn 

424 were significant only in the older group. For example, CD6, a glycoprotein implicated in T cell 

425 development and activation in mouse models40, is associated with CD8 Tn and CD8 Tn/Tm only 

426 in individuals aged 60 and above.  In mice, IL6 drives the differentiation of a subset of CD8 Tn 

427 cells expressing IL6R into a specific type of CD8 Teff cells that promotes isotype switching in B 

428 cells 41, which corresponds to our observations of negative association between CD8 Tn and IL6 

429 levels in individuals aged 60 and above.

430 Second, CD8A protein, the soluble form of the T-cell surface glycoprotein CD8 alpha chain, was 

431 the inflammatory biomarker with the highest number of significant associations, where 7 immune 

432 cell phenotypes were associated with it in the full sample: CD8 Cytotoxic T cells, CD8+CD27-, 

433 CD8 Teff, and Tc1 in positive directions, whereas CD4/CD8, IgD+B cells, and IgD+IgM+B cells 

434 were associated in negative direction. These findings are consistent with CD8A reflecting CD8 

435 lineage activation and effector differentiation42, 43, as activation of CD8 T cells increases 

436 circulating soluble CD8 and late differentiated cytotoxic CD8 subsets (characterized by loss of 

437 CD27/CD28 and higher Granzyme B) expand. This data is further substantiated in mouse models 

438 that virally-challenged cells demonstrated a loss in the number of CD8 molecules per cell (as 

439 observed by lower mean fluorescent intensity), despite little change in the number of CD8 cells or 

440 the CD8 mRNA levels, indicating that CD8 is still being produced but is not remaining on the 

441 cellular surface 44. Because B cells do not express CD8A, the negative associations with IgD+and 

442 IgD+IgM+B cell subsets likely reflect B cell crosstalk45 where the expansion of the cytotoxic 
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443 compartment occurs alongside the contraction of the naïve B-cell reservoir during chronic or 

444 systemic inflammation.

445 Third, B cell subtypes and monocyte subtypes showed multiple significant associations with 

446 inflammatory proteins in the full sample. Specifically, CD27+ B cells and memory B cells were 

447 consistently negatively associated with CXCL9, CXCL10, CXCL11, and IL-12B, providing a 

448 clear example of chemokine-mediated tissue trafficking. Rather than a decrease in production, the 

449 CXCR3 ligands (CXCL9/10/11) likely reflect the recruitment of CXCR3+ memory B-cells out of 

450 the peripheral circulation and into inflamed tissues where these chemokines are being expressed 

451 46, whereas the IL-12B acts to shift naïve B cells to long-lasting memory cells 47.  In addition, 

452 higher CD14 total, CM, and CD87+ CM were positively associated with HGF, consistent with 

453 CD14+ CM expressing the HGF receptor, and CD87 marks a more migratory CM subset, so a 

454 more activated CM compartment aligns with higher HGF48, 49. CD14 total and CD38+ T cells 

455 were associated with OSM, as might be expected as it is expressed mainly by activated T cells, 

456 monocytes, and dendritic cells during active inflammation 50. 

457 Fourth, sex-stratified analyses identified significant associations only in the males, while in age-

458 stratified analyses the majority of significant associations were among those over age 60, with only 

459 the CD8A - CD8 Cytotoxic T cells, the IL-12B - memory B cells, and the TNFB - Tc1 associations 

460 significant in those ≤ 60 in Model 1.  Upon further adjustment for prevalent CVD, kidney 

461 function, and CVD risk factors (Model 2), effect sizes for a large proportion of significant 

462 associations were attenuated, while some new associations emerged, suggesting additional 

463 biological pathways relevant to CVD. This trend, particularly in older men, reflects general 

464 “inflammaging” where chronic low-grade inflammation drives T-cell exhaustion and CVD risk, 

465 exhibiting as higher innate and pro-inflammatory activity and lower adaptive activity 51.  
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466 We identified TNFB to be associated with CD4 Teff and CD4 Tcm in the full sample from the two 

467 models, and with Tc1 in the younger age group (<=60). The association suggests that TNFB is a 

468 key player in both the active defense (Teff) and the long-term immune "memory" (Tcm) that the 

469 body maintains and in younger populations 52, TNFB more strongly promotes a cytotoxic (killer) 

470 response 53.  CD8 Tn, CD3 T cells, and CD4 T helper cells were negatively associated with 

471 TNFRSF9. CD137 (TNFRSF9) is an inducible co-stimulatory receptor expressed upon T-cell 

472 activation54, so negative associations with naïve or broad T-cell pools (CD8 Tn, CD3 T cells, and 

473 CD4 T helper cells) are consistent with its role in driving differentiation into effector subsets. 

474 Likewise, FLT3 ligand has been shown to expand dendritic cells and promote CD4+ and CD8+ T-

475 cell activation55, and IL-12B is central for Th1 polarization and effector differentiation56; both 

476 would be expected to correlate with differentiated rather than naïve populations. These examples 

477 illustrate that while cross-sectional associations cannot capture the full dynamics of activation, 

478 several of our observations align with established mechanisms of naïve-to-effector transition. 

479 In our previous work8, most immune cell phenotypes were not strongly associated with traditional 

480 CVD risk factors, apart from limited relationships such as with smoking status. Nevertheless, these 

481 risk factors are strong predictors of inflammatory protein levels. Including them in Model 2 

482 enabled us to evaluate the robustness of the immune cell-protein associations after taking into 

483 account cardiovascular influences on circulating proteins. The attenuation observed for several 

484 associations suggests that part of the immune cell-protein relationships may be intertwined with 

485 broader cardiovascular pathways. New positive associations emerged between IgM+B cells and 

486 IgD+IgM+B cells with IL-18R1 in the stratum ≤ 60 years old. Prior work has shown that B cells 

487 themselves can express IL-18 and its receptor57, providing a plausible biological basis for these 

488 associations.
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489 Our study has several strengths. First, we leveraged the community-based FHS Offspring cohort 

490 that underwent extensive phenotyping for a comprehensive array of peripheral immune cells and 

491 inflammatory biomarkers, as well as characterized for CVD risk factors. Second, the stratified 

492 analyses by sex and age have revealed the differential associations by strata. Third, the immune 

493 cell-protein biomarker associations provide a comprehensive population-level characterization of 

494 the relationships between circulating immune cell phenotypes and inflammatory biomarkers, 

495 considering both marginal associations and also integrative network analysis. There are some 

496 limitations of this study. First, the limited sample size of our study restricted the power to detect 

497 significant associations. The significant associations detected in this study were more represented 

498 by males and the older people, posing challenges for interpretation. Second, the immune cell and 

499 inflammatory biomarkers were all measured at Exam 7 with all participants being dementia-free.  

500 The cross-sectional nature of our analyses may not capture associations during the progression of 

501 inflammation, where dynamic activation and differentiation processes cannot be fully captured by 

502 proportions of cell subsets at a single time point. The establishment of causality and directional 

503 causation is not possible: the cross-sectional design did not allow for determining whether the cells 

504 secret cytokines or the cytokines activate cell differentiation, etc. Third, when blood samples were 

505 collected, participants’ vaccination or recent infection status was not recorded, so we could not 

506 account for these potential modifying factors in our analyses. Fourth, our study measured immune 

507 cell phenotypes and protein levels in blood samples, which were easy to obtain but may not reflect 

508 the precise associations in the brain. Fifth, we assessed circulating inflammatory proteins using 

509 the Olink platform, which was not directly benchmarked against other proteomic platforms (e.g., 

510 SomaScan, mass spectrometry). Prior large-scale studies have reported only weak-to-moderate 

511 correlations across platforms58, 59, with concordance varying by protein and assay characteristics, 
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512 underscoring the need for further investigation of platform-specific findings. Sixth, PBMCs and 

513 plasma were collected at FHS Offspring Exam 7 and assayed years later using long-term stored 

514 specimens; while standardized storage conditions and assay quality control procedures were 

515 applied, we cannot fully exclude the possibility that long-term storage may have modestly 

516 influenced some biomarkers. Lastly, the FHS Offspring cohort participants are primarily white, 

517 well-educated, and located in New England. To validate our findings, replication in ethnically and 

518 geographically diverse independent samples is essential.

519 In conclusion, several peripheral immune cell phenotypes demonstrated cross-sectional 

520 associations with inflammatory biomarkers in a community-based sample free of dementia. 

521 Stratified analyses indicated that these associations were predominately observed in males and 

522 older individuals. Notably, CD8 Tn cells exhibited associations with numerous inflammatory 

523 biomarkers, all suggestive of negative relationships. Significant proteins identified in this study 

524 overlap with those in our prior study (IL6, IL8, TGF-alpha, HGF, OSM, VEGFA, TNF, etc.) which 

525 were associated with cognitive domain scores and incident Alzheimer’s Disease and related 

526 dementias 24, supporting inflammatory pathways in cognitive aging. Future work should test these 

527 immune–inflammation–cognitive aging pathways longitudinally and replicate findings in 

528 independent cohorts.
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708 Table 1. Participant characteristics at time of blood draw used for immune phenotyping and 
709 protein profiling for the study sample
710
711

Full Sample Female Male

Sample size, n, n (%) 873 450 423

Female, n (%) 450 (51.5 %) —— ——

Age, mean(range) 61 (40, 88) 61 (41, 85) 62 (40, 88)

CMV positive, n (%) 440 (50.4%) 239 (53.1%) 201 (47.5%)

Current smoker, n (%) 115 (13.2%) 71 (15.8%) 44 (10.4%)

BMI Kg/m2, mean (sd) 28 (5) 27 (6) 28 (4)

SBP mmHg, mean (sd) 127 (18) 126 (20) 128 (17)

DBP mmHg, mean (sd) 74 (9) 72 (9) 75 (9)

Hypertension Rx, n (%) 301 (34.5%) 130 (29.0%) 171 (40.4%)

Total cholesterol mg/dL, mean (sd) 199 (37) 206 (37) 192 (36)

Triglycerides mg/dL, mean (sd) 137 (85) 132 (76) 143 (93)

Lipid Rx, n (%) 199 (22.8%) 81 (18.0%) 118 (27.9%)

Fasting blood glucose mg/dL, mean (sd) 105 (27) 101 (26) 109 (28)

Type 2 Diabetes Rx, n (%) 53 (6.1%) 24 (5.3%) 29 (6.9%)

Prevalent CVD, n (%) 127 (14.5%) 39 (8.7%) 88 (20.8%)

Prevalent stroke, n (%) 16 (1.8%) 6 (1.3%) 10 (2.4%)

Prevalent AF, n (%) 36 (4.1%) 14 (3.1%) 22 (5.2%)
712
713
714 Note: CMV = cytomegalovirus, BMI = body mass index, SBP = systolic blood pressure, DBP = diastolic 
715 blood pressure, sd = standard deviation, CVD=cardiovascular disease; AF= atrial fibrillation. 
716 Rx=treatment
717

718

719

720

721

29            

ACCEPTED MANUSCRIPT

ARTIC
LE

 IN
 PR

ES
S

ARTICLE IN PRESS



722

723 Figure 1. Forest plots of effect size for significant associations of immune cell phenotypes with 
724 the protein biomarker outcomes in the full sample using Model 1 (FDR ≤ 0.05).
725 Note: Model 1 covariates included: sex, age, and CMV levels. FDR = false discovery rate, CI = 
726 confidence interval, CMV = cytomegalovirus.
727
728

729

730
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731

732 Figure 2. Network representation from the sparse partial least squares was performed on the 

733 immune cell phenotypes and inflammatory biomarkers, with edges linking immune cells to 

734 inflammatory biomarkers according to a similarity measure calculated from latent variables (see 

735 Color key for similarity measure size and direction; red edges indicate positive correlations, while 

736 blue edges indicate negative correlations).

737 Note: Tc1 cells, Cytotoxic T cells type 1; Tn, naïve T cells; Tm, memory T cells; Teff, T effector 

738 cells; Tem, T effector-memory cells; Bmem, memory B cells; CM, classical monocytes.
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