SCientiﬁc Reports https://doi.org/10.1038/s41598-026-41423-4
Article in Press

Circulating immune cell phenotypes are
associated with inflammatory biomarkers
in dementia-free participants from the
Framingham Heart Study Offspring cohort

Received: 17 September 2025 Jiachen Chen, Margaret F. Doyle, Yumeng Cao, Sandhya lyer, Ahmed A. Y. Ragab,
Accepted: 19 February 2026 Joanne M. Murabito & Kathryn L. Lunetta

Published online: 27 February 2026

Cite this article as: Chen J., Doyle M.F., We are providing an unedited version of this manuscript to give early access to its
Cao Y. et al. Circulating immune cell findings. Before final publication, the manuscript will undergo further editing. Please
phenotypes are associated with note there may be errors present which affect the content, and all legal disclaimers
inflammatory biomarkers in dementia- apply.

free participants from the Framingham
Heart Study Offspring cohort. Sci

Rep (2026). https://doi.org/10.1038/
s41598-026-41423-4

If this paper is publishing under a Transparent Peer Review model then Peer
Review reports will publish with the final article.

©The Author(s) 2026. Open Access This article is licensed under a Creative Commons Attribution-NonCommercial-NoDerivatives 4.0 International
License, which permits any non-commercial use, sharing, distribution and reproduction in any medium or format, as long as you give appropriate credit
to the original author(s) and the source, provide a link to the Creative Commons licence, and indicate if you modified the licensed material. You do

not have permission under this licence to share adapted material derived from this article or parts of it. The images or other third party material in this
article are included in the article’s Creative Commons licence, unless indicated otherwise in a credit line to the material. If material is not included in the
article’s Creative Commons licence and your intended use is not permitted by statutory regulation or exceeds the permitted use, you will need to obtain
permission directly from the copyright holder. To view a copy of this licence, visit http://creativecommons.org/licenses/by-nc-nd/4.0/.


https://doi.org/10.1038/s41598-026-41423-4
https://doi.org/10.1038/s41598-026-41423-4
https://doi.org/10.1038/s41598-026-41423-4
http://creativecommons.org/licenses/by-nc-nd/4.0

oul b WN K-

~

10

11

12

13

14

15
16

17

18
19

20
21

22

23

24
25
26
27

Circulating immune cell phenotypes are associated with inflammatory
biomarkers in dementia-free participants from the
Framingham Heart Study Offspring cohort

Jiachen Chen, MS!

Margaret F. Doyle, PhD?

Yumeng Cao, MS!

Sandhya Iyer, BS3

Ahmed A.Y. Ragab, PhD!

Joanne M. Murabito, MD, ScM*>

Kathryn L. Lunetta, PhD!"*

Affiliation:

1. Boston University School of Public Health, Department of Biostatistics, Boston, MA, USA.

2. University of Vermont, Larner College of Medicine, Department of Pathology and Laboratory
Medicine, Burlington, VT, USA.

3. Boston University Chobanian & Avedisian School of Medicine, Boston, MA, USA.

4. Framingham Heart Study, National Heart, Lung, and Blood Institute and Boston University
Chobanian & Avedisian School of Medicine, Framingham, MA, USA.

5. Boston University Chobanian & Avedisian School of Medicine and Boston Medical Center,

Department of Medicine, Section of General Internal Medicine, Boston, MA, USA.
* Corresponding author.

Correspondence:

Kathryn L. Lunetta, Department of Biostatistics, Boston University School of Public Health, 801
Massachusetts Avenue, Crosstown, 3™ floor, Boston, MA 02118, USA.

Email: klunetta@bu.edu

Phone: +1 617-358-2589



28
29
30
31
32
33
34
35
36
37
38
39
40
41
42
43
44
45
46
47
48
49
50
51
52
53
54
55
56
57
58
59
60
61

62
63
64
65
66
67
68
69
70
71
72

Funding information: This work was supported by the National Institutes of Health
RO1AG067457, and by NIH Research Grant 1IF99AG095040-01 funded by the Office of Data
Science Strategy (ODSS). Support for collection of FHS data was provided by the National Heart,
Lung, and Blood Institute (contract number 75N92019D00031, 75N9202500012).



73

74
75

76
77
78
79
80
81
82
83
84
85
86
87
88
89
90
91
92
93
94

95

96
97
98
99
100
101

Abstract

Inflammatory responses are characterized by the activation of immune cells, while inflammatory
biomarkers intricately interact with the immune system. While experimental studies have provided
important mechanistic insights, large community-based investigations jointly profiling immune cell
phenotypes and inflammatory biomarkers remain limited. This study aims to investigate the association
between circulating immune cell phenotypes and inflammatory protein biomarkers in the Framingham
Heart Study Offspring cohort. A sample of 873 dementia-free participants (52% female, mean age 61) had
extensive profiling of peripheral blood mononuclear cells and inflammatory plasma protein biomarkers
(OLINK Proteomics) collected at Offspring Exam 7 (the seventh examination cycle of the cohort, 1998 to
2001). Among cross-sectional pairwise associations between 77 immune cell phenotypes and 68
inflammatory biomarkers, CD8 naive T cells showed negative associations with multiple inflammatory
proteins, including CD40, CD5, CXCL9, CXCL10, IL8, OPG, TGF-alpha, TNF, TNFRSF9, and 4E-BP1.
Higher levels of CD8 Cytotoxic T cells, CD8+CD27-, CD8 effector T cells, and interferon gamma-
producing CD8 T cells (Tcl) were all associated with higher levels of soluble CDS alpha chain (CD8A). In
contrast, CD4/CD8 T cell ratio, Immunoglobulin D (IgD)-expressing B cells and naive Immunoglobulin D
and Immunoglobulin M double-positive B cells (IgD+IgM+B cells) were associated with lower CD8A.
Stratified analyses revealed significant associations primarily in males and participants over 60. These
findings provide a comprehensive population-level characterization of the relationships between circulating
immune cell phenotypes and inflammatory biomarkers in a well-defined community-based cohort, offering

insight into immune cell-inflammatory profiles associated with aging.
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1. Introduction

Inflammation is triggered by the immune system's response to various harmful conditions
including pathogens, damaged tissues, injuries, foreign compounds, or abnormal environments -
2 | which induces acute inflammation that starts the healing process?. However, unresolved acute
inflammation will become a state of low-grade chronic inflammation that increases susceptibility
to chronic diseases such as cardiovascular diseases (CVD), cancer, type 2 diabetes, and
neurodegenerative disorders3. Inflammatory responses are characterized by the activation of
immune cells3, through mechanisms that detect harmful stimuli using cell surface pattern receptors,
initiation of inflammatory pathways, release of inflammatory biomarkers, and involvement of
inflammatory cells?. Circulating inflammatory biomarkers, which often include cytokines,
chemokines, growth factors, and soluble receptors or other imniune-regulatory proteins, engage in
intricate interactions with the immune system 2 4 . This complexity arises as immune cells
stimulate the production of inflammatory biomarkers, while the inflammatory biomarkers in turn
direct interactions among cells and contribute to cell activation and differentiation. Various
immune cell subtypes are of relevance to different biomarkers®. For example, Th1, Th2, and Th17
cells are characterized by their production of interferon gamma (IFN-gamma), 1L4, and IL17,
respectively. However, they are not the only cells that produce these proteins.

Previous experimental and human studies have provided important insights into immune-
inflammatory relationships 2 4 3. In particular, several population-based studies®: 7, especially in
the context of aging, have linked specific immune cell subsets to systemic inflammatory markers
in older adults. However, these studies have often focused on selected immune phenotypes or a
limited set of inflammatory biomarkers, involved modest sample sizes, or did not comprehensively

profile immune cell phenotypes and inflammatory proteins within the same community-based
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cohort. As a result, large-scale studies that systematically characterize associations between
detailed immune cell phenotypes and a broad inflammatory proteomic panel in humans remain
relatively limited. Here we report on the relationship between circulating immune cell phenotypes
and inflammatory biomarkers in dementia-free participants in the community-based Framingham
Heart Study (FHS) Offspring cohort. Using extensive immunophenotyping of peripheral blood
mononuclear cells (PBMCs) and high-throughput inflammatory protein profiling, we aimed to
characterize population-level relationships between immune cell phenotypes and inflammatory
biomarkers. We hypothesized that several immune cell phenotypes would be associated with
protein biomarkers cross-sectionally. Given the age/sex associations with circulating immune cell

phenotypes®, we also examined the association by sex and age strata.

2. Materials and Methods

2.1.Study sample

The Framingham Offspring Study began in 1971 and recruited 5214 offspring of the Framingham
Heart Study (FHS) originai cohort and their spouses, a community-based sample from
Framingham, Massachusetts and surrounding communities®. The Offspring cohort has been
examined every 4-8 years since enrollment. The first examination with existing stored PBMCs
took place at FHS Offspring Exam 7, where a total of 3539 participants attended from 1998 to
2001. For this current study, we utilized immune cell profiling data collected from ~1,000
Offspring participants who were selected based on availability of 2 or more vials of PBMC samples,
who were dementia-free and aged 40 years and older at Exam 78. Among them, 879 participants
also had a stored plasma sample for inflammatory biomarker profiling and passed the quality

control procedures. We excluded participants with extensive missing immune phenotype data (n=4)
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and those with incomplete inflammatory biomarker profiles (n=2), yielding a final analytic sample
of 873 participants (Figure S1). All participants provided written informed consent before each
examination attendance. The Institutional Review Board at Boston University Medical Center
reviewed and approved the study protocol and examinations. All research was performed in

accordance with the Declaration of Helsinki and relevant regulations.
2.2.Immune cell phenotyping

Immune cell phenotyping was previously performed and published 8, following protocols similar
to those previously used in other large population studies 19- 11, PBMCs were collected at FHS
Offspring Exam 7 and cryopreserved at -135°C for long-term storage. For this study,
cryopreserved PBMC vials were retrieved from storage and thawed for flow cytometry-based
immunophenotyping in 2021. Briefly, PBMCs were thawed, diluted, and filtered, then divided into
five assay panels: (1) CD4/CDS8 naive/memory panel, (2) CD4/CDS8 regulatory panel, (3) T-cell,
B-cell and NK-cell panel, (4) CD4/CD§ stimulation panel for intracellular staining of Th1/2/17
and Tc1/2/17, (5) monocyte subset panel. The complete flow cytometry procedures were described
previously 8. We measured a broad panel of innate and adaptive immune cell phenotypes and
reported 116 immune cell phenotypes, including T cells, B cells, NK cells, and monocytes®.
Marker [ 1based definitions anchored differentiation states across T cells, B cells, and monocytes
in this study. T-cell subsets are defined by combinations of surface markers, with CD27 and CD28
levels discriminating undifferentiated cells from progressively differentiated cells!2. B cells
(CD19+) were partitioned by CD27/CD43 and IgD/IgM into B-1 cells (CD43+CD27+) and
memory B cells (Bmem; CD43-CD27+), each resolved into IgD+, IgM+, and IgD+IgM+ subsets13-
14 Monocytes were classified along the CD14/CD16 continuum into classical (CD14++CD16-),

intermediate (CD14+CD16+), and non-classical (CD14dimCD16+); within each subset, markers
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including HLA-DR, TREM2, CD87, CCR2, Slan, CD33, and CD163 provided activation
annotations!>. For downstream analyses, we selected 71 primary immune cell subtypes and 6
composite ratios of cell types. These 71 primary subtypes were represented as proportions relative
to their respective parent populations (e.g., T-cell and B-cell subsets as proportions of live
lymphocytes, and monocyte subtypes as proportions of gated monocytes), and Table S1 provides
the complete list of phenotypes with corresponding defining markers. The complete flow
cytometry gating strategies underlying these marker-based definitions have been previously
published and validated in the Framingham Heart Study Offspring cohort 8, where major immune
cell populations are shown in Figure 1A-1E and detailed gating strategies are provided in
Supplementary Figures 3-7 of that paper. The six composite ratio measures 1© were calculated
using immune cell phenotypes profiled in our study, tii which three are age-related immune
phenotype (ARIP) measures and the other three¢ are acute disease-related measures. ARIP is
characterized by a reduced T-cell repertoire, fcwer naive T cells (Tn), and an accumulation of
memory (Tm) and effector T (Teif) celis!”. This reflects the natural differentiation trajectory in
which Tn progressively give rise to central memory (Tcm), effector memory (Tem), and effector
(Teff) subsets. The three ARIP measures included the CD4/CD8 T cell ratio, and the naive-to-
memory ratios between Tn and Tm for both CD4 T cells and CD8 T cells, all of which typically
decline with age. The latter ratio, denoted as Tn/Tm, was calculated by Tn/Tm = Tn / (Teff + Tem
+ Tcm) using Tn cells, Teff cells, Tem cells, and Tem cells of CD4 and CD8 separately 7. The
three acute disease-related measures were the ratios of CD4 Th17/Treg!8 19, CD8 Tc17/Treg?®
(Th17 and Tc17 cells: IL-17-secreting CD4 and CD8 T cells, respectively), and Granzyme B+
CD8+/Granzyme B+ CD4+ 21. 22; higher values of these ratios generally indicate a more

inflammatory immune environment.



194

195

196

197

198

199

200

201

202

203

204

205

206

207

208

209

210

211

212

213

214

215

2.3.0LINK inflammation panel

The OLINK Inflammation panel was applied to stored fasting EDTA (ethylenediaminetetraacetic
acid) plasma samples collected from FHS Offspring participants at Exam 7 (1998-2001). Samples
were stored at -80°C until assay. A total of 92 inflammatory protein biomarkers were quantified
in 2021 using the OLINK Inflammation panel. The measurement relied on the high-throughput
and multiplexing Proximity Extension Assay (PEA) technology, where the protein expression
levels were quantified in a relative measure on a logarithmic scale (logz) named Normalized
Protein eXpression (NPX) units, with one NPX difference corresponding to a doubling of protein

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

distributed among 11 plates and processed together in a singie batch, with the coefficient of
variation for all proteins across the plates less than 5%, indicating the absence of any plate-related

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

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

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

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

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

the protein subset that fell below LOD 28,

2.4. Selected covariates and clinical definitions

This section focuses on selected covariates that require explicit definition. Cytomegalovirus (CMV)
is a common pathogen that has an impact on the T cell subsets of individuals who are infected with

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

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

Prevalent cardiovascular disease (CVD) was determined by occurrences before Exam 7 of
coronary heart disease (myocardial infarction, angina pectoris, coronary insufficiency), transient
ischemic attack, intermittent claudication, and congestive heart failure, reviewed and confirmed
by a panel of physicians based on established criteria2®. Diabetes status was determined based on
the presence of any of the following conditions: the use of antidiabetic medications, a fasting blood
glucose level of >126 mg/dL, or a random blood glucose level of >198 mg/dL.

2.5.Statistical analyses

We first performed descriptive correlation analyses between immune cell proportions and
inflammatory biomarker levels using Spearman’s rank correlation. Correlations were computed
using pairwise complete observations for each immune cell-biomarker pair. For each analysis (full
sample and each stratum), we calculated p-values for all pairs of correlations and controlled for
multiple testing using FDR <0.05 as statistically significant. Significant pairs were highlighted in
the correlation heatmaps. Correlation analyses were conducted in the full sample and stratified by
sex, age group ( < 60 and over 60), and CMV serostatus (CMV-positive and CMV-non-positive).
Pairwise associations were investigated between the 77 immune cell phenotypes (predictors) and
the 68 protein biomarker outcomes. Rank-based inverse normal transformation was applied to
immune cell phenotypes and inflammatory biomarkers to reduce skewness and map variables to
an approximately standard normal scale (mean 0, SD 1), thereby enabling comparison of effect
sizes across phenotypes with different marginal distributions. Full sample analyses, sex-stratified
analyses (male and female), and age-stratified analyses ( < 60 and over 60) were conducted for

each pair of associations. Two statistical models were considered for two sets of covariates. The
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primary model (Model 1) included covariates of sex, age, and CMV levels measured at exam 7. A
secondary model (Model 2) included all the covariates in Model 1 and further accounted for
prevalent CVD, kidney function, and CVD risk factors to study the robustness of the associations.
Specifically, the additional covariates in Model 2 were: 1) indicators for prevalent CVD, prevalent
stroke, and prevalent atrial fibrillation (AF) at Exam 7, 2) a measure of kidney function (estimated
glomerular filtration rate), and 3) CVD risk factors including systolic and diastolic blood pressures
(SBP, DBP, mmHg), diabetes status, treatment for hypertension, body-mass index (BMI, kg/m2),
current smoking status, total cholesterol level (TC, mg/dL), high-density lipoprotein cholesterol
levels (HDL, measured in mg/dL), and use of lipid-lowering agents at Exam 7.

Stratified analyses within each sex or age stratum were conducted separately using the Model 1
and Model 2 covariates. For the sex-stratified analyses, all covariates were included except sex. In
the age-stratified analyses ( < 60 and over 60). the covariate age was included in each subgroup
to adjust for age effects within the older and younger age groups.

Linear mixed-effects models were utilized to establish the associations between each of the 77
immune cell phenotypes with each of the 68 inflammatory protein biomarkers (outcome),
accommodating familial relationships via the kinship coefficient matrix. Effect sizes and 95%
confidence intervals (Cls) of the immune cell phenotypes were presented and interpreted as
deviations in standard deviation units, as standardization was applied to both predictors and
outcomes. The false discovery rate (FDR) 30 was used to control the risk of erroneously rejecting
true null hypotheses in these correlated pairwise association tests, with FDR <0.05 set to declare
significant associations. FDR control procedures were conducted in each stratum separately. All
statistical analyses were conducted using R-4.2.1 software 31, and the linear mixed-effect models

were implemented via the /mekin function within the coxme package 32.
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2.6.Network analysis

In addition to exploring marginal pairwise associations between immune cell phenotypes and
inflammatory biomarkers one pair at a time, we further developed a relevance network in the full
sample. This network takes into account all variables included in the two datasets: immune cells
and inflammatory biomarkers, with edges representing the correlations between these variables.
The Sparse Partial Least Squares (sPLS) method was employed to construct the network33, which
generated latent variables from each of the two datasets that maximized the covariance between
them and adjusted for sex, age, and CMV levels. Subsequently, all variables in both datasets were
projected based on orthogonal latent variables, and correlations between variables in the two
datasets were calculated. The sPLS was conducted by the function sp/s in mixOmics package 34.
Overall, the relevance network provides a holistic perspective by capturing the relationships
among multiple immune cells and inflammatory biomarkers simultaneously instead of isolated
pairwise associations. The network may highlight the key immune cells or inflammatory
biomarkers that play central roles in the system and allow for pathway analyses based on the

intercorrelations observed

3. Results

3.1.Participants characteristics

Table 1 presents the demographic characteristics of the participants in the study sample. The
average age of the participants was 61 years, approximately 52% of the participants were female.
The proportion of CMV-positive (CMV > 15 U/ml) was 50.4%. The demographic characteristics
were comparable between females and males. The list of the 77 immune cell phenotypes of interest,

quantified as proportions relative to their respective parent populations, and their summary

11
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statistics (mean and standard deviation/SD for each cell phenotype) stratified by age group ( < 60
and over 60), by sex, and by CMV serostatus are presented in Supplementary File Tab 1. Table
S3 provides the mean and SD of inflammatory biomarkers in the full sample and across age and
sex strata. To further contextualize potential CMV- and sex-related differences in inflammatory
profiles, we additionally summarize mean inflammatory biomarker levels (after inverse normal
transformation) across the four sex-by-CMV strata (female CMV-non-positive, female CMV-
positive, male CMV-non-positive, and male CMV-positive) in Figure S2.

3.2. Association results

To provide a global overview of immune cell-protein relationships, we first examined Spearman
correlations between immune cell proportions and inflammatory bioinarkers in the full sample and
across strata defined by sex, age (<60 vs >60 years), and CMV serostatus (CMV-positive vs CMV-
non-positive; Figure S3a-g). Overall, correlations were modest in magnitude but exhibited clear
and structured patterns across immune subsets and biomarkers. Notably, CD8 Tn and CD8 Tn/Tm,
displayed the most consistent correlation patterns across strata. These co-variation patterns tended
to be more pronounced ainong CMV-positive participants and in older individuals, whereas
correlations were generally attenuated in CMV-non-positive and younger groups. Sex-stratified
analyses showed similar overall correlation structures, with differences primarily in magnitude.
Together, these correlation analyses provide a descriptive, high-level overview that complements
and motivates the detailed regression-based association results presented below.

Figures 1 provide the forest plots of significant associations between the immune cell phenotypes
and the inflammatory proteins in the full sample using Model 1. Sex/age-stratified analyses for
Model 1 were presented in Figure S4-S5. Figures S6-S7 show the same associations and any

newly discovered significant associations from Model 2 after adjusting for CVD, kidney function,

12
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and CVD risk factor covariates. Complete results for all the association analyses including both
Model 1 and Model 2 in the full sample and stratified analyses by sex, age, and CMV serostatus
are provided in Supplementary File Tab 2.

As shown in the full sample analysis using Model 1 (Figure 1), a number of immune cell
phenotypes were associated with protein biomarkers, especially among the CD8 T cell subtypes
and B cell subtypes. Figure 1 highlights that higher levels of CD3 T cells were significantly
associated with lower TNFRSF9, while higher CD4 T helper cells were associated with lower
FIt3L and TNFRSF9. Higher CD4 Tcm was associated with lower TNFB. Among CDS8 phenotypes,
higher levels of CD8 Cytotoxic T cells, CD8+CD27-, and CD8 Teff were all significantly
associated with higher CD8A, whereas a higher CD4/CD8 T cell ratio was associated with lower
CD8A. Additionally, CD8 Tn/Tm was negatively associated with TNF, and CD4+CD25+ was
negatively associated with TWEAK. It is noteworthy that CD8 Tn was significantly associated
with 10 proteins: 4E-BP1, CD40, CDS, CXCL10, CXCL9, IL8, OPG, TGF-alpha, TNF, and
TNFRSF9, with negative effect sizes ranging from -0.17 to -0.13 SD units per SD unit increase in
CD8 Tn levels. Figure 1 also shows significant associations among B-cell and CD3 T-cell subsets.
Higher CD38+ T cells were significantly associated with lower OSM. Higher Immunoglobulin D-
expressing B cells (IgD+B cells) and naive Immunoglobulin D and Immunoglobulin M double-
positive B cells (IgD+IgM+B cells) were both associated with lower CD8A, while higher CD43+
B cells were associated with higher TNFRSF9. Among CD27+ B cells, higher levels were
associated with lower CXCL10, CXCL11, CXCL9, and IL-12B. In addition, memory B cells
(CD43-CD27+ Bmem) showed negative associations with CXCL10, CXCL11, CXCL9, IL-12B,

and TNFB. Figure 1 shows that higher levels of Tcl cells were associated with higher CD8A. In
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monocyte phenotypes, higher CD14 total, classical monocytes (CM), and CD87+ CM were
positively associated with HGF, and higher CD14 total was also associated with higher OSM.

More significant associations were observed in age-stratified analyses compared to sex-stratified
analyses. As observed in Figure S4a,b,c, the stratum aged over 60 years old showed significance
for a large proportion of associations regarding CD4 T cell subtypes, CD8 Tn, and B cell subtypes
that were observed in the full sample. There were also several associations significant only in the
older group such as those with CD8 Tn (CD6, HGF, IL-15RA, IL6, MMP-1, MMP-10) and CD8
Tn/Tm (CD5, CD6, SLAMFI1). Moreover, IgD+Bmem cells, IgM+Bmem cells, and
IgD+IgM+Bmem cells were all negatively associated with CD40 specifically in this stratum. Only
three significant associations were observed in the stratum < 60 years old (Figure S4a,c,d):
higher CD8 Cytotoxic T cells with higher CD8A, higher imeimory B cells with lower IL-12B, and
higher Tc1 with lower TNFB. Notably, the association between memory B cells and IL-12B was
also significant in the older group, whereas the associations of CD8 Cytotoxic T cells with CD8A
and Tcl with TNFB were not observed in the older group. Figure S5 presented the sex-stratified
results, and significant associations only appeared in the male group. Many of these significant
associations were also detected in the full sample analysis (male and female combined), while
several were unique to males. Specifically, Figure S5a shows that CD4 Tn and CD4+CD27- were
both negatively associated with AXIN1 and STAMBP, CD4 Tcm cells were negatively associated
with IL-10RB, CD4 Teff cells were negatively associated with LAP TGF-beta-1 and TNFB, and
CDS8 Tn cells were negatively associated with IL-15RA. Figure S5b demonstrates that B cells,
IgD+B cells, IgM+B cells, and IgD+IgM+B cells were all negatively associated with IL-18.
Memory B cells were negatively associated with CDS5, IL-10RB, PD-L1, and TNFRSFO.

IgD+Bmem cells were negatively associated with CDS5 and PD-L1, while IgM+Bmem cells were

14
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negatively associated with CD40, CD5, CXCL9, IL-12B, MCP-2, and PD-L1. In addition,
IgD+IgM-+Bmem cells were negatively associated with CD5 and PD-L1. Figure S5c¢ further
illustrates that TH17 cells were negatively associated with CD5, Tcl7 cells were negatively
associated with TNFSF14, OSM, and VEGFA, Granzyme B+CD4 cells were negatively associated
with STAMBP, and NCM and HLADR+NCM were positively associated with CXCL10. No
significant associations were observed in the female group. We additionally refer readers to Figure
S8a-e, which summarize the regression-based association effects using heatmaps to provide a
global overview of positive and negative associations across immune cell phenotypes and
inflammatory biomarkers for Model 1.

After accounting for kidney function and CVD risk factors (Model 2), a large proportion of the
significant associations observed using Model 1 covariates remained significant, but with
attenuated effect sizes. While several effects were no longer significant, a few new associations
were observed (see Figure S6-S7). As in Model 1, no significant associations were observed in
the female participant stratum (Figure S7a,b,c). However, in the stratum < 60 years old, new
positive associations emerged between Tcl and CD8A and between IgM+B cells and IgD+IgM+B
cells with IL-18R 1, while the previously observed negative association of Tc1l with TNFB and the
positive association of CD8 Cytotoxic T cells with CD8A remained (Figure Séa,c,d). In the full
sample, additional associations were identified, including positive associations of CD8+CD28-
CD27- and Granzyme B+CDS cells with CD8A, as well as a negative association of CD3 T cells
with TWEAK (Figure Sé6a,d). These served as evidence indicating the involvement of additional

biological pathways in these associations.

3.3Network representation
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Figure 2 shows the top correlated pairs between immune cell phenotypes and inflammatory
biomarkers (absolute similarity measure > 0.12) in the full sample. The immune cells are marked
in blue boxes and proteins are in pink circles. CD8A played the role of a central node in a hub
connected to 8 immune cell phenotypes, with most of them positively correlated. The observations
of positive marginal associations between CD8 Cytotoxic T cells, CD8 Teff, Tc1, and CD8+CD27-
with CD8A, and negative associations between CD4/CD8 with CD8A in Figure 1 were
consistently presented in the network. Similarly, CD8 Tn cells were negatively correlated with
CXCL9, CXCL10, and TNF, which were also suggested by significant marginal associations in
Figure 1. Besides, CM and CD87+ CM were both positively correlated with HGF, which was
consistent with the marginal associations identified in Figure 1. The network also highlighted B
cell subtypes-protein relationships, including negative corrclations of memory B cells (CD43-
CD27+ Bmem), IgD+Bmem cells, IgM+Bmem cells, and IgD+IgM+Bmem cells with CD40, as
well as negative associations of memory B cells with CXCL9, CXCL11, and IL-12B, reflecting
the robustness of marginal associations detected in Figure S4c. New associations observed in
Model 2 were also reflected in this network such as CD8+CD28-CD27- with CD8A (Figure S6a).
Several new connections were identified by this network approach, including CD8+ Tem and
Granzyme B+ CD8+/Granzyme B+ CD4+ with CD8A, CD8 Tn and CD8 Tn/TM with CXCL11,
memory B cells, [gD+Bmem cells, IgM+Bmem cells, and IgD+IgM+Bmem cells with CDS5, etc.
Different from the marginal associations that consider one pair of variables at a time, the network
approach integratively incorporates all immune cells and proteins altogether to examine their
intercorrelations. Hence, this network, which integrates all the phenotypes together, provided

evidence supporting the significant marginal associations previously identified while also

16



397

398

399

400

401

402

403

404

405

406

407

408

409

410

411

412

413

414

415

416

417

418

419

presenting additional insights, including newly identified correlated pairs, to better visualize and

establish potential pathways between immune cells and proteins.

4. Discussion

Among a dementia-free study sample from the community-based FHS Offspring cohort, we
examined the cross-sectional association of innate and adaptive immune cell phenotypes and
inflammatory biomarkers and observed many significant associations between 77 peripheral
immune cell phenotypes and 68 inflammatory biomarkers. First, CD8 Tn, the immune cell with
the highest number of significant associations, were associated with several inflammatory proteins
in the full sample, including 4E-BP1, CD40, CD5, CXCL10, CXCL9, 1L8, OPG, TGF-alpha, TNF,
and TNFRSF9, all in negative direction. This inverse relationship suggests that lower circulating
CDS8 Tn proportions may serve as a systemic proxy for active immune mobilization, aligning with
the naive-to-effector transition. In support of our findings, an in vitro study reported that 4E-BP1
was crucial in optimal CD8 Teff cells differentiation3°. Additionally, CD40 Ligand (CD40L)
reportedly engages in the proliferation of CD8+ T cells through CD40 expression on activated
CD8+ T cells and is instrumental in the development of CD8 Tm cells in an in vitro study, where
the complicated mechanisms in the CD40-CD40L interactions were involved in the cross-talk
between CD4+ and CD8+ T cells 36, Our observation that CXCL9 and CXCL10 were inversely
associated with CD8 Tn is consistent with a report by Nolz et al that showed when CD8 T cells
become activated and transform into CD8 Teff cells, they express chemokine receptors that
interact with CXCL9 and CXCL10 secreted by tissues undergoing inflammation3’. IL8 is
expressed at low levels in naive CD4+ and CD8+ T cells, with its production and IL8R surface

expression increasing during T cell activation 38 | which may explain the negative association
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between IL8 and CD8 Tn observed in our study, while the absence of association with CD4 Tn
remains unclear. Mice studies suggested that TNF promotes the activation and proliferation of both
CD4 and CD8 Tn and Teff cells, ultimately contributing to the removal of infected cells and
playing its protective role against pathogens 3°. Furthermore, several associations with CD8 Tn
were significant only in the older group. For example, CD6, a glycoprotein implicated in T cell
development and activation in mouse models??, is associated with CD8 Tn and CD8 Tn/Tm only
in individuals aged 60 and above. In mice, IL6 drives the differentiation of a subset of CD8 Tn
cells expressing IL6R into a specific type of CD8 Teff cells that promotes isotype switching in B
cells 41, which corresponds to our observations of negative association between CD8 Tn and IL6
levels in individuals aged 60 and above.

Second, CD8A protein, the soluble form of the T-cell surface glycoprotein CDS8 alpha chain, was
the inflammatory biomarker with the highest number of significant associations, where 7 immune
cell phenotypes were associated with it in the tull sample: CD8 Cytotoxic T cells, CD8+CD27-,
CD8 Teff, and Tcl in positive directions, whereas CD4/CDS, IgD+B cells, and IgD+IgM+B cells
were associated in negative direction. These findings are consistent with CD8A reflecting CDS8
lineage activation and effector differentiation??: 43, as activation of CD8 T cells increases
circulating soluble CD8 and late differentiated cytotoxic CD8 subsets (characterized by loss of
CD27/CD28 and higher Granzyme B) expand. This data is further substantiated in mouse models
that virally-challenged cells demonstrated a loss in the number of CD8 molecules per cell (as
observed by lower mean fluorescent intensity), despite little change in the number of CDS8 cells or
the CD8 mRNA levels, indicating that CD8 is still being produced but is not remaining on the
cellular surface 4#. Because B cells do not express CD8A, the negative associations with IgD+and

IgD+IgM+B cell subsets likely reflect B cell crosstalk*> where the expansion of the cytotoxic
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compartment occurs alongside the contraction of the naive B-cell reservoir during chronic or
systemic inflammation.

Third, B cell subtypes and monocyte subtypes showed multiple significant associations with
inflammatory proteins in the full sample. Specifically, CD27+ B cells and memory B cells were
consistently negatively associated with CXCL9, CXCL10, CXCLI11, and IL-12B, providing a
clear example of chemokine-mediated tissue trafficking. Rather than a decrease in production, the
CXCR3 ligands (CXCL9/10/11) likely reflect the recruitment of CXCR3+ memory B-cells out of
the peripheral circulation and into inflamed tissues where these chemokines are being expressed
46 whereas the IL-12B acts to shift naive B cells to long-lasting memory cells 47. In addition,
higher CD14 total, CM, and CD87+ CM were positively associated with HGF, consistent with
CD14+ CM expressing the HGF receptor, and CD87 marks a more migratory CM subset, so a
more activated CM compartment aligns with higher HGF48- 49, CD14 total and CD38+ T cells
were associated with OSM, as might be expected as it is expressed mainly by activated T cells,
monocytes, and dendritic cells during active inflammation 9.

Fourth, sex-stratified analyses 1dentified significant associations only in the males, while in age-
stratified analyses the majority of significant associations were among those over age 60, with only
the CD8A - CD8 Cytotoxic T cells, the IL-12B - memory B cells, and the TNFB - Tc1 associations
significant in those =< 60 in Model 1. Upon further adjustment for prevalent CVD, kidney
function, and CVD risk factors (Model 2), effect sizes for a large proportion of significant
associations were attenuated, while some new associations emerged, suggesting additional
biological pathways relevant to CVD. This trend, particularly in older men, reflects general
“inflammaging” where chronic low-grade inflammation drives T-cell exhaustion and CVD risk,

exhibiting as higher innate and pro-inflammatory activity and lower adaptive activity >1.
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We identified TNFB to be associated with CD4 Teff and CD4 Tcm in the full sample from the two
models, and with Tcl in the younger age group (<=60). The association suggests that TNFB is a
key player in both the active defense (Teff) and the long-term immune "memory" (Tcm) that the
body maintains and in younger populations 22, TNFB more strongly promotes a cytotoxic (killer)
response 3. CD8 Tn, CD3 T cells, and CD4 T helper cells were negatively associated with
TNFRSF9. CD137 (TNFRSF9) is an inducible co-stimulatory receptor expressed upon T-cell
activation®4, so negative associations with naive or broad T-cell pools (CD8 Tn, CD3 T cells, and
CD4 T helper cells) are consistent with its role in driving differentiation into effector subsets.
Likewise, FLT3 ligand has been shown to expand dendritic cells and promote CD4+ and CD8+ T-
cell activation®>, and IL-12B is central for Thl polarization and effector differentiation®®; both
would be expected to correlate with differentiated rather than naive populations. These examples
illustrate that while cross-sectional associations cannct capture the full dynamics of activation,
several of our observations align with established mechanisms of naive-to-effector transition.

In our previous work8, most immune celi phenotypes were not strongly associated with traditional
CVD risk factors, apart from limited relationships such as with smoking status. Nevertheless, these
risk factors are strong predictors of inflammatory protein levels. Including them in Model 2
enabled us to evaluate the robustness of the immune cell-protein associations after taking into
account cardiovascular influences on circulating proteins. The attenuation observed for several
associations suggests that part of the immune cell-protein relationships may be intertwined with
broader cardiovascular pathways. New positive associations emerged between IgM+B cells and
IgD+IgM+B cells with IL-18R1 in the stratum < 60 years old. Prior work has shown that B cells
themselves can express IL-18 and its receptor®’, providing a plausible biological basis for these

associations.
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Our study has several strengths. First, we leveraged the community-based FHS Offspring cohort
that underwent extensive phenotyping for a comprehensive array of peripheral immune cells and
inflammatory biomarkers, as well as characterized for CVD risk factors. Second, the stratified
analyses by sex and age have revealed the differential associations by strata. Third, the immune
cell-protein biomarker associations provide a comprehensive population-level characterization of
the relationships between circulating immune cell phenotypes and inflammatory biomarkers,
considering both marginal associations and also integrative network analysis. There are some
limitations of this study. First, the limited sample size of our study restricted the power to detect
significant associations. The significant associations detected in this study were more represented
by males and the older people, posing challenges for interpretation. Second, the immune cell and
inflammatory biomarkers were all measured at Exam 7 with all participants being dementia-free.
The cross-sectional nature of our analyses may not capture associations during the progression of
inflammation, where dynamic activation and differentiation processes cannot be fully captured by
proportions of cell subsets at a single time point. The establishment of causality and directional
causation is not possible: the cross-sectional design did not allow for determining whether the cells
secret cytokines or the cytokines activate cell differentiation, etc. Third, when blood samples were
collected, participants’ vaccination or recent infection status was not recorded, so we could not
account for these potential modifying factors in our analyses. Fourth, our study measured immune
cell phenotypes and protein levels in blood samples, which were easy to obtain but may not reflect
the precise associations in the brain. Fifth, we assessed circulating inflammatory proteins using
the Olink platform, which was not directly benchmarked against other proteomic platforms (e.g.,
SomaScan, mass spectrometry). Prior large-scale studies have reported only weak-to-moderate

correlations across platforms>8: 32, with concordance varying by protein and assay characteristics,

21



512

513

514

515

516

517

518

519

520

521

522

523

524

525

526

527

528

529

530

531

532

533

underscoring the need for further investigation of platform-specific findings. Sixth, PBMCs and
plasma were collected at FHS Offspring Exam 7 and assayed years later using long-term stored
specimens; while standardized storage conditions and assay quality control procedures were
applied, we cannot fully exclude the possibility that long-term storage may have modestly
influenced some biomarkers. Lastly, the FHS Offspring cohort participants are primarily white,
well-educated, and located in New England. To validate our findings, replication in ethnically and
geographically diverse independent samples is essential.

In conclusion, several peripheral immune cell phenotypes demonstrated cross-sectional
associations with inflammatory biomarkers in a community-based sample free of dementia.
Stratified analyses indicated that these associations were predominately observed in males and
older individuals. Notably, CD8 Tn cells exhibited associations with numerous inflammatory
biomarkers, all suggestive of negative relationships. Significant proteins identified in this study
overlap with those in our prior study (IL6, i1.8, TGF-alpha, HGF, OSM, VEGFA, TNF, etc.) which
were associated with cognitive domain scores and incident Alzheimer’s Disease and related
dementias 24, supporting inflamimatory pathways in cognitive aging. Future work should test these
immune—inflammation--cognitive aging pathways longitudinally and replicate findings in

independent cohorts.
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Table 1. Participant characteristics at time of blood draw
protein profiling for the study sample

used for immune phenotyping and

Full Sample Female Male
Sample size, n 873 450 423
Female, n (%) 450 (51.5 %)
Age, mean(range) 61 (40, 88) 61 (41, 85) 62 (40, 88)
CMYV 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) X 132 (76) 143 (93)
Lipid Rx, n (%) 199 (258%) 81 (18.0%) 118 (27.9%)
Fasting blood glucose mg/dL, mean (sd) 77105 (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%)

Note: CMV = cytomegalovirus, BMI = body mass index, SBP = systolic blood pressure, DBP = diastolic

blood pressure, sd = standard deviation, CVD=cardiovascular disease; AF= atrial fibrillation.

Rx=treatment
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Qutcome ~ Predictor

TNFRSF9 ~ CD3 T cells
Fit3L ~ CD4 T helper cells
TNFRSF9 ~ CD4 T helper cells
TNFB ~ CD4 Tcm
CD8A ~ CD8 Cytotoxic T cells
4E-BP1 ~CD8 Tn
CD40 ~CD8 Tn
CD5 ~CD8 Tn
CXCL10~CD8 Tn
CXCL9 ~CD8 Tn
IL8 ~CD8 Tn
OPG ~CD8 Tn
TGF-alpha ~CD8 Tn
TNF ~CD8 Tn
TNFRSF9 ~CD8 Tn
CDB8A ~ CD8+CD27-
CDB8A ~ CDB8 Teff
TNF ~ CD8 Tn/Tm
CD8A ~ CD4/CD8
TWEAK ~ CD4+CD25+
OSM ~ CD38+ T cells
CDB8A ~ IgD+B cells
CDB8A ~ IgD+IgM+Bcells
TNFRSF9 ~ CD43+ B cells
CXCL10 ~ CD27+ B cells
CXCL11 ~ CD27+ B cells
CXCL9 ~ CD27+ B cells
IL-12B ~ CD27+ B cells
CXCL10 ~ CD43-CD27+ Bmem
CXCL11 ~ CD43-CD27+ Bmem
CXCL9 ~ CD43-CD27+ Bmem
IL-12B ~ CD43-CD27+ Bmem
TNFB ~ CD43-CD27+ Bmem
CDBA ~ Tcl
HGF ~ CD14 total
OSM ~ CD14 fotal
HGF ~CM
HGF ~ CD87+ CM

Figure 1. Forest plots of effect size for significant associations of immune cell phenotypes with
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-0.17 (-0.24 to —0.10, 0.003)
-0.17 (~0.24 to -0.10, 0.003)
0.15 (0.08 to 0.23, 0.013)
0.15 (0.07 to 0.22, 0.024)
-0.15 (=0.22 to -0.07, 0.027)
-0.18 (0.25 to ~0.11, 0.001)
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-0.14 (~0.20 to -0.07, 0.010)
-0.11 (-0.17 to -0.06, 0.019)
-0.15 (=0.21 to -0.09, 0.003)
-0.15 (-0.22 to —0.09, 0.002)
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-0.15 (~0.20 to —0.09, 0.001)
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0.13 (0.06 to 0.19, 0.038)
0.13 (0.06 to 0.19, 0.018)
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Effect marked red had FDR<=0.05

the protein biomarker outcomes in the full sample using Model 1 (FDR < 0.05).

Note: Model 1 covariates included: sex, age, and CMV levels. FDR = false discovery rate, CI =

confidence interval, CMV = cytomegalovirus.
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Figure 2. Network representation from the sparse partial least squares was performed on the
immune cell phenotypes and inflammatory biomarkers, with edges linking immune cells to
inflammatory biomarkers according to a similarity measure calculated from latent variables (see
Color key for similarity measure size and direction; red edges indicate positive correlations, while
blue edges indicate negative correlations).

Note: Tcl cells, Cytotoxic T cells type 1; Tn, naive T cells; Tm, memory T cells; Teff, T effector

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