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ARTICLE INFO ABSTRACT

Keywords: Background and aims: Cell-free DNA (cfDNA) is elevated in several disease states. Metabolic syndrome is a
Cell-free. DNA constellation of factors associated with poor cardiometabolic outcomes. This study examined associations of
Metabolic syndrome cfDNA from the nucleus (cf-nDNA) and mitochondria (cf-mtDNA), C-reactive protein (CRP), and metabolic

Cardiometabolic risk
C-reactive protein
Inflammation

syndrome risk, in low-active smokers with depressive symptoms.

Methods: Participants (N = 109; mean age 47) self-reported medical history. Physical activity was determined by
accelerometry and anthropometrics were measured. Blood was collected and analyzed for cf-nDNA, cf-mtDNA,
CRP, triglycerides, high-density lipoprotein, hemoglobin Alc. A continuous metabolic syndrome composite risk
score was calculated. Relationships of cf-nDNA, cf-mtDNA, CRP, and cardiometabolic risk were examined with
correlations and linear regression.

Results: CRP and cf-nDNA were significantly associated with metabolic syndrome risk (r = .39 and r = .31,
respectively), cf-mtDNA was not (r = .01). In a linear regression, CRP and cf-nDNA significantly predicted the
metabolic syndrome risk score, findings that remained significant controlling for age, gender, nicotine depen-
dence, and physical activity.

Conclusions: Associations of cf-nDNA with both CRP and metabolic risk suggest a role for cf-nDNA in inflam-
matory processes associated with metabolic syndrome. The negative findings for cf-mtDNA suggest distinct roles
for cf-nDNA and cf-mtDNA in these processes.

Abbreviations: cfDNA, cell-free DNA; cf-nDNA, cell-free nuclear DNA; cf-mtDNA, cell-free mitochondrial DNA; CES-D, Center for Epidemiologic Studies Depression

Scale; DAMP, damage-associated molecular pattern; NET, neutrophil extracellular trap; FTND, Fagerstrom Test for Nicotine Dependence.
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1. Introduction

Fragments of genetic material known as circulating cell-free DNA
(cfDNA) are present in low levels in the blood of healthy individuals
(Aucamp et al.,, 2018). Extracellular DNA arises from processes of
cellular breakdown, such as apoptosis and necrosis, as well as activities
of living cells such as vesicular release during cell-signaling (Aucamp
et al., 2018). Levels of cfDNA increase dramatically in a number of
disease states (Xie et al., 2018; Ranucci, 2019; Chang et al., 2003),
presenting broad potential for clinical and research utility as a
biomarker and as a mechanistic factor contributing to disease-related
cellular processes. Circulating cell-free genetic material can originate
from the genome of the nucleus (cf-nDNA) or the mitochondria
(cf-mtDNA). These subtypes of cfDNA have distinct and overlapping
properties, and levels of each may reflect the mechanism of release and
the cell-types involved in pathological processes (Aucamp et al., 2018;
Thierry et al., 2016). Both cf-nDNA and cf-mtDNA are actively engaged
with the immune system, functioning as damage-associated molecular
patterns (DAMPs), or signals of injury that elicit an immune response,
and provide defense against pathogens by recruiting additional white
blood cells when released by activated immune cells in neutrophil
extracellular traps (NETs) (Aucamp et al., 2018). Additional inflam-
matory properties are attributed to cf-mtDNA, in part due to structural
similarities of mitochondrial DNA and bacterial DNA (Aucamp et al.,
2018).

A growing body of evidence suggests that cfDNA may be particularly
valuable in understanding cardiometabolic disease processes (Nishi-
moto et al., 2016). Metabolic syndrome is a physiologic state charac-
terized by a constellation of systemic derangements, including
elevations in blood pressure, circulating triglycerides, and waist
circumference, decreased high-density lipoprotein (HDL), and the
development of insulin resistance (Grundy et al., 2005). The systemic
cellular changes associated with metabolic syndrome give rise to a
chronic low-grade inflammatory state, with well-established associa-
tions with inflammatory markers (Weiss et al., 2013), including
C-reactive protein (CRP) (Liu et al., 2016). Smoking is associated with
high-risk cardiometabolic profiles (Weiss et al., 2013) through a number
of proposed mechanisms involving metabolic dysregulation, endothelial
dysfunction, and altered coagulation cascades (Kar et al., 2016).

Preclinical reports support an association of ¢fDNA, inflammation,
and insulin resistance, with evidence from mouse models suggesting that
obesity-induced cfDNA release directly elicits inflammation (Nishimoto
et al., 2016). In a small number of clinical studies, levels of cfDNA are
observed to increase following acute myocardial infarction (Xie et al.,
2018; Wang et al., 2015), and in individuals with insulin resistance
(Bartels et al., 2020) and cardiovascular disease (Nie et al., 2020). In a
study of N = 1337 Finnish adults ages 46-77 years-old, cfDNA was found
to be associated with individual cardiometabolic risk factors, such as
hypertension and hyperlipidemia (Jylhava et al., 2014). The observed
associations of cfDNA with cardiovascular disease suggest that each may
play a role in identifying cardiometabolic risk profiles and provide
insight into the underlying disease mechanism.

However, very few studies have examined the independent associa-
tions of cf-nDNA and cf-mtDNA with cardiometabolic risk, and there is
little evidence focused on populations with significant risk factors for
cardiovascular disease, such as those who use tobacco. The present study
aims to investigate the relationships of cf-nDNA, cf-mtDNA and the in-
flammatory marker CRP with a composite metabolic syndrome risk
score, in a sample of low-active adults with daily tobacco use and
depressive symptoms.

2. Methods
2.1. Participants

A subset of participants enrolled in a smoking cessation exercise

Brain, Behavior, & Immunity - Health 25 (2022) 100519

intervention study provided baseline data for the current study. The
original study enrolled N = 231 adult smokers. Participants were adults
ages 18-65, recruited using newspaper, internet, and community ad-
vertisements seeking adult cigarette smokers (at least 10 cigarettes per
day). Participants also had depressive symptoms (Center for Epidemio-
logic Studies Depression Scale (CES-D) > 6), low levels of physical ac-
tivity (less than 90 min of moderate-intensity exercise per week for the
past 3 months), were able to walk for 1 mile on a treadmill, and were
cleared by their physician for participation. Exclusion criteria included
current pregnancy, manic episode, suicidality or homicidal thoughts,
psychotic symptoms or lifetime psychotic disorder, current substance
use disorder or treatment within the past six months, anorexia or
bulimia nervosa within the past six months, starting or change in dose of
antidepressant medication in the last 3 months. Eligibility of prospective
participants was assessed via phone screen. Prior to enrollment, par-
ticipants were informed about the study and voluntary written informed
consent was obtained. The study was approved by the Butler Hospital
Institutional Review Board.

2.2. Procedures

2.2.1. Demographics

Medical history and current medications were obtained by self-report.
Participants were considered to have current hypertension, hyperlipe-
mia or diabetes if they endorsed having these disorders on a self-report
form or if they were taking medications to treat these conditions.

2.2.2. Psychometrics

Symptoms of depression were measured using the Center for
Epidemiologic Studies Depression Scale (CES-D) (Radloff, 1977).The
Fagerstrom Test for Nicotine Dependence (FTND) assessed nicotine
dependence (Meneses-Gaya et al., 2009).

2.2.3. Anthropometrics

Weight and height were measured with a Detecto Scale/Stadiometer
and waist circumference was measured using tape measure by an ex-
ercise physiologist. Body mass index (BMI) was calculated as weight/
height? (kg/m?).

2.2.4. Accelerometry

Accelerometry data was collected via a wrist-worn accelerometer
(Actigraph, Pensacola, FL) for one week prior to the blood draw. Mod-
erate to vigorous physical activity (MVPA) was estimated using the
Freedson cutpoint of >1952 counts/minute (Freedson et al., 1998).

2.2.5. Blood collection, processing

DNA extraction and measurement: Non-fasting blood draw was carried
out by a phlebotomist via venipuncture in the antecubital fossa. Blood
samples were centrifuged at 1000 RCF (G-force) for 5 min immediately
following the blood draw. Plasma was stored at —80 °C until cfDNA was
extracted. Upon thawing, plasma was centrifuged again at 1000 RCF (G-
force), and cfDNA was extracted using the QIAamp circulating nucleic
acid kit (Qiagen, Valencia CA). Quantitative PCR was performed in
triplicate reactions at 25 ng per reaction using Platinum SYBR-Green
SuperMix (Invitrogen, Carlsbad CA) with primers against the beta-
hemoglobin gene to detect cf-nDNA (with forward and reverse primer
sequences as follows: GCT TCT GAC ACA ACT GTG TTC ACT AGC and
CAC CAA CTT CAT CCA CGT TCA CC) and the mitochondrial D-loop to
detect cf-mtDNA (with forward and reverse mitochondrial primer se-
quences directed toward the D-loop region: CAT CTG GTT CCT ACT TCA
GGG and TGA GTG GTT AAT AGG GTG ATA GA) (Bai and Wong, 2005).
An initial heating step of 95 °C for 10 min was followed by 40 cycles of
95 °C for 15 s and 60 °C for 1 min. A standard curve of cloned amplicons
was used to calculate the copy number of unknown samples in each
reaction, which was then normalized to plasma volume.
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2.2.6. Metabolic and inflammatory assays

Assays were performed in the Women and Infants Core Clinical
Laboratory. Total cholesterol enzymatic assay was performed on the
Architect Ci4100 analyzer (Abbott Laboratory, Chicago IL) using the
Abbott cholesterol total reagent with a range of detection of 5.0mg/dl-
705 mg/dl. HDL cholesterol was assayed via accelerator selective
detergent on the Architect Ci4100 using the Abbott HDL Ultra reagent,
with a range of detection of 5mg/dl-117.0 mg/dl. Triglyceride level was
assayed via glycerol phosphate oxidase on the Architect Ci4100 analyzer
(Abbott Laboratory, Chicago IL) using the Abbott triglyceride reagent,
with a range of detection of 5.0mg/dl-1226 mg/dl. Hemoglobin A1C %
was assayed via HPLC with a boronate column on the Premier Hb9210
analyzer (Trinity Biotech, Kansas City MO) with a range of detection of
3.8%-18.5%. C-reactive protein (CRP) was measured with an immu-
noturbidimetric method using the Architect Ci4100 analyzer latex
immunoassay, with a reference range of 0.5-75.0 mg/L.

2.3. Statistical analyses

Analyses were conducted using R version 4.1.2 (Vienna, Austria).
CRP, cf-nDNA, and cf-mtDNA were skewed and therefore were
normalized using natural log transformation. A continuous metabolic
syndrome composite risk score was calculated using the sum of z-scores
for each metabolic syndrome measure (waist circumference, systolic
blood pressure, diastolic blood pressure, HDL, triglycerides, and hemo-
globin A1C). This approach allows for the assessment of the full range of
data relevant to cardiometabolic outcomes and avoids the loss of in-
formation that occurs with the use of binary threshold variables when
metabolic syndrome is clinically defined with thresholds for each
component. A previous study demonstrated non-fasting z-score com-
posites of metabolic syndrome risk reliably and accurately predict car-
diometabolic outcomes (DeBoer et al., 2020). In order to further assess
the metabolic syndrome composite risk score, the relationship of the risk
score with a medical history of cardiovascular and metabolic disorders
was examined. A diagnosis score was calculated by summing partici-
pants’ total number of current diagnoses of hypertension, hyperlipid-
emia and diabetes. The continuous metabolic syndrome composite risk
score and diagnosis score were found to be highly associated (r = .39, p
< .0001).

Missing data diagnostics showed 6% of the data were missing across
all variables used in the analyses. Missing data were imputed using
multiple imputation with m = 10 imputations. Imputation was done
using the mice package (Buuren and Groothuis-Oudshoorn, 2010).
Bivariate relationships were examined with Pearson correlations. A
linear regression model was used to examine unique contributions of
cf-nDNA and CRP to prediction of the metabolic syndrome risk score,
controlling for covariates that have substantial evidence supporting
associations with increased risk for metabolic syndrome (age, gender,
nicotine dependence, and physical activity). Sensitivity analyses were
conducted to rule out confounding effects of cancer history and
depression by including these as covariates in the model predicting
metabolic syndrome composite risk score.

3. Results
3.1. Sample characteristics

Table 1 presents the sample characteristics. The sample (N = 109)
was predominantly female, with a mean age of 47 (SD = 10). Partici-
pants identified race as White (n = 92, 84.4%), Black/African-American
(n =09, 8.3%), American Indian/Alaska Native (n = 1, 0.9%), Asian (n =
1, 0.9%), Hawaiian/Pacific Islander (n = 1, 0.9%), more than one race
(n = 3, 2.8%), or other (n = 3, 2.8%), and 7.3% of participants identified
ethnicity as Hispanic/Latinx (n = 8). The mean FTND score, assessing
nicotine dependence, was 5.2 (SD = 2.1). The mean daily moderate to
vigorous physical activity was 25.9 min (SD = 26.3). Participants
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Table 1
Sample characteristics.

Characteristic (N = 109) M (SD) or N (%)

Age 46.6 (10.1)
Gender (N, % women) 76 (70%)
Racial Identity
White 92 (84%)
Black or African American 9 (8%)
Asian 1(1%)
American Indian or Alaska Native 1(1%)
Native Hawaiian or Other Pacific Islander 0 (0%)
Multiracial 3 (3%)
Chose not to respond 3 (3%)
Ethnicity
Hispanic/Latinx 8 (7%)
Non-Hispanic/Latinx 101 (93%)
Fagerstrom Test for Nicotine Dependence Score 5.2(2.1)
Cancer history 7 (6.4%)
Cancer, current 0 (0.0%)
Hypertension 28 (26%)
Diabetes 12 (11%)
Hyperlipidemia 22 (20%)
Diagnosis score
0 66 (61%)
1 21 (19%)
2 14 (13%)
3 4 (4%)
Metabolic syndrome composite risk score 0.0 (3.7)
Cell-free nuclear DNA (cf-nDNA, copies/ml) 12.0 (.8)
Cell-free mitochondrial DNA (cf-mtDNA, copies/ml) 18.5(1.6)
Center for Epidemiology Depression Scale (CES-D) 15.1 (11.1)

identified as single (n = 58, 53.2%), married/cohabitating (n = 47,
43.2%), or divorced/separated (n = 3, 2.8%). Completion of high school
or a GED was reported by 95.5% of participants (n = 103), and 28.4% (n
= 31) had a college degree. Forty-seven participants (43.1%) were
employed full-time, while 33.0% of participants (n = 36) reported
unemployment.

3.2. Bivariate associations

Levels of cf-nDNA were highly correlated with cf-mtDNA (r(107) =
.43, p < .0001) and significantly associated with CRP (r(107) = .26, p =
.008). There was also a trend negative association of cf-nDNA with
nicotine dependence (r(107) = -.16, p = .089). The metabolic syndrome
composite risk score was significantly associated with cf-nDNA (r(107)
=.31,p=.001) and CRP (r(107) = .39, p < .0001), but not cf-mtDNA (r
(107) = .04, p = .868). Lower metabolic syndrome composite risk score
was associated with female gender (r(107) = -.26, p = .009) and nicotine
dependence (r(107) = -.25, p = .013). Greater metabolic syndrome risk
score was diagnosis score (r(107) = .44, p < .0001). cf-nDNA was also
weakly associated with the diagnosis score (r(107) = .18, p = .077).

Less physical activity was associated with CRP (r(107) = -.24, p =
.023) and female gender (r(107) = -.36, p = .0004). Lastly, female
gender was significantly associated with CRP (r(107) = .22, p = .006).

3.3. Linear models predicting metabolic syndrome composite risk score

Table 2 displays the results of the linear regression predicting the
metabolic syndrome composite risk score with cf-nDNA and CRP, con-
trolling for age, gender, nicotine dependence, and physical activity. Both
cf-nDNA ( = 0.98, SE = 0.37, p = .009) and CRP (8 = 0.24, SE = 0.05, p
< .0001) were significant independent predictors of the metabolic
syndrome composite risk score after controlling for the covariates.
Gender also emerged as a significant covariate (f = —3.68, SE = 0.72, p
< .0001). While physical activity was significantly correlated with the
metabolic syndrome composite risk score, in the model it was not sig-
nificant after controlling for the other variables (p = .086). Nicotine
dependence was a trend predictor (p = .059) and age was not significant
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Table 2
Linear regression models predicting metabolic syndrome composite risk score
(N =109).

Variable p (Std. Error) 95% Confidence Interval p-value
Model 1: cf-nDNA RZ = 0.41, 95% CI 0.26, 0.55

Intercept —6.11 (5.18) —16.41, 4.18 241
CRP 0.24 (0.05) 0.13, 0.35 <.0001
cf-nDNA 0.98 (0.37) 0.24,1.73 .009
Age 0.03 (0.03) —0.03, 0.10 .285
Gender —3.68 (0.72) -5.13, —2.23 <.0001
Nicotine dependence —0.28 (.15) —0.57, 0.01 .059
Physical activity —0.02 (0.01) —0.05, 0.00 .086
Model 2: cf-mtDNA R* = 0.37, 95% CI 0.22, 0.51

Intercept 7.05 (4.54) —-1.99, 16.08 124
CRP 0.27 (0.06) 0.16, 0.38 < .0001
cf-mtDNA —0.06 (0.20) —0.45, 0.32 742
Age 0.03 (0.03) —0.03, 0.10 .322
Gender —3.57 (0.76) —5.07, —2.06 <.0001
Nicotine dependence —0.34 (0.15) —0.64, —0.04 .024
Physical activity —0.03 (0.01) —0.06, 0.00 .054
Model 3: Sensitivity Analysis of Model 1 R* = 0.42, 95% CI 0.27, 0.55

Intercept —6.91 (5.26) —17.35, 3.54 .193
CRP 0.24 (0.05) 0.13, 0.35 <.0001
cf-nDNA 1.03 (0.37) 0.29,1.78 .007
Age 0.04 (0.03) -0.02, 0.11 211
Gender —3.89 (0.74) —5.35, —2.43 <.0001
Nicotine dependence —0.30 (0.15) —0.60, —0.002 .048
Physical activity —0.02 (0.01) —0.05, 0.01 142
Cancer —1.18 (1.34) -3.86, 1.50 .381
Depression 0.06 (0.08) -0.10, .22 .460

Notes: Gender coded as 1 = male, 2 = female. Physical activity defined as
moderate to vigorous physical activity. CRP = C-reactive protein. cf-nDNA =
Cell-free nuclear DNA.

(p = .285). The overall model R? was 0.41, 95% CI [0.26, 0.55].

A second linear regression model predicting metabolic syndrome
composite risk score included cf-mtDNA and CRP as predictors and the
same covariates reported in the previous model. In this model, cf-
mtDNA was not a significant predictor of metabolic syndrome com-
posite risk score (8 = —0.06, SE = 0.20, p = .742), but the relationship of
CRP and metabolic risk remained significant (8 = 0.27, SE = 0.06, p <
.0001). The overall model R? was 0.37, 95% CI [0.22, 0.51].

We then conducted a sensitivity analysis to examine the effects of
cancer history and depressive symptoms, as these conditions may each
affect cf-nDNA levels, cardiometabolic indicators, and CRP. The rela-
tionship of cf-nDNA and CRP with the metabolic syndrome composite
remained significant after controlling for these variables. The results for
each of these three models are displayed in Table 2.

4. Discussion

This is the first study to examine the relationships between cf-nDNA,
cf-mtDNA, CRP, and a metabolic syndrome composite risk score in
adults. This study was carried out in a sample of adult smokers with
depressive symptoms and low levels of physical activity, and also
assessed additional contributions of nicotine dependence and physical
activity. In the results presented here, cf-nDNA, but not cf-mtDNA, was
significantly associated with metabolic risk. Additionally, cf-nDNA and
CRP were independent significant predictors of the metabolic syndrome
composite risk score in a linear model controlling for relevant covariates
including age, gender, nicotine dependence, and physical activity.

These findings add to a small number of existing studies demon-
strating associations among levels of cfDNA, cardiometabolic risk, and
other indicators of inflammation (Bartels et al., 2020; Jylhava et al.,
2014; Polina et al., 2020). In these studies, total cfDNA was found to be
associated with independent metabolic risk factors such as waist
circumference, cholesterol (Jylhava et al., 2014), and insulin resistance
(Bartels et al., 2020), as well as inflammatory markers including CRP
(Bartels et al., 2020; Jylhava et al., 2014). In the present study, we found
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that cf-nDNA, but not cf-mtDNA, was associated with cardiometabolic
risk and CRP. It is notable that cf-nDNA, but not cf-mtDNA, is associated
with CRP here, as CRP reflects acute inflammatory processes that have a
well-established association with cardiovascular and metabolic disease
processes (Jylhava et al., 2014; Libby, 2006; Libby et al., 2002).
Different relationships of cf-nDNA and cf-mtDNA with cardiometabolic
risk and CRP may be due to distinct mechanisms of release (Aucamp
et al., 2018). Factors related to the study sample, such as smoking and
underlying medical problems may also influence inflammatory envi-
ronments (Hosseinzadeh et al., 2016), though no significant relation-
ships with cf-mtDNA and these variables were observed. While the
mechanism that underlies these distinct associations remains unclear, it
is hypothesized that levels of total cfDNA are related to cardiometabolic
risk via greater cellular turnover in central adiposity, providing greater
release of cfDNA into circulation (Haghiac et al., 2012). Emerging pre-
clinical evidence suggests that increased total cfDNA may contribute to
low-grade inflammation present in metabolic syndrome (Nie et al.,
2020). In rodent models, cfDNA released from apoptotic adipose cells
promotes accumulation of macrophages in adipose tissue via toll-like
receptor 9 (Nishimoto et al., 2016), suggesting the DAMP function of
cfDNA may contribute to a chronic, low-grade inflammatory state, and
potentially accelerating the development of poor cardiovascular out-
comes (Nie et al., 2020; McCarthy et al., 2014).

While both cf-nDNA and cf-mtDNA function as DAMPs and can elicit
an immune response, cf-mtDNA has molecular elements similar to
bacteria which stimulate the innate immune system (Aucamp et al.,
2018). Results of pre-clinical work suggest that mitochondrial DNA may
function as a mediator in the development of cardiovascular diseases
due to its unique inflammatory profile (Nakayama and Otsu, 2018).The
findings presented here highlight the importance of future studies
examining how cf-mtDNA and cf-nDNA might provide distinct insights
into inflammatory pathways within cardiometabolic disease risk.

The present study is an important contribution to the literature in
part due to its focus on a sample of individuals that use tobacco and have
sedentary lifestyles, each prominent risk factors for cardiometabolic
disorders. In our sample, severity of nicotine dependence was negatively
associated with composite metabolic syndrome risk score, likely due to
inhibitory effects of nicotine on appetite and body mass (Chao et al.,
2019), that may have outweighed potential effects on blood pressure
and other components of the composite risk score. Nicotine effects did
not persist in the model with cf-nDNA, CRP, and covariates, and while
some studies have suggested an association of nicotine and cfDNA and
other inflammatory processes (Hosseinzadeh et al., 2016), our findings
did not indicate a link. Very little is published about the specific rela-
tionship of smoking and cfDNA and previous work in this area is limited
to samples of pregnant women, with mixed findings indicating both
increased cfDNA (Poon et al., 2013) and no difference in ¢cfDNA (Lapaire
et al., 2007). The low levels of physical activity in the sample added
another dimension to the study because physical activity is hypothesized
to alter cfDNA clearance mechanisms (Kustanovich et al., 2019),
decreasing cfDNA levels after high-intensity physical exercise (Velders
et al., 2014). As such, higher levels of cfDNA would be expected in
participants with lower levels of physical activity and higher car-
diometabolic risk scores. However, we did not observe a relationship of
cfDNA and our measure of physical activity.

We also observed significant contributions of gender to car-
diometabolic risk. This is expected due to established differences in
cardiometabolic profiles leading to different cut offs for metabolic syn-
drome criteria between men and women (Grundy et al., 2005). Previous
studies have had mixed findings related to associations of cf-nDNA and
gender. There is no strong evidence to suggest differences in cf-nDNA or
cf-mtDNA levels by gender, but there is some limited evidence to suggest
menopause may impact cfDNA levels in women (Jylhava et al., 2012).
Only one study has previously examined the relationship of cfDNA to
ethnicity or race. In a sample of pregnant women, higher levels of
cf-nDNA were found in women reporting Hispanic/Latinx ethnicity and
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Black race compared to non-Hispanic/Latinx and White women,
respectively (Silver et al., 2017).

The current study measured circulating cfDNA, which has emerged
as an increasingly important tool in understanding cellular activity in a
range of disease processes. The protocols carried out here reflect current
standards for isolating and extraction of genetic material from plasma.
The genetic material quantified is considered to be circulating system-
ically prior to processing, but it is possible that these methods might also
quantify intracellular DNA. Even if this was the case, as the same pro-
cedure was applied to all participant samples, the effects reported here
relating cf-nDNA to metabolic syndrome composite risk score are not
likely to be spurious.

The following limitations provide direction for future investigation.
The metabolic syndrome composite risk measure used in this study is
sample-specific and contains non-fasting measures of triglycerides and
uses A1C in place of glucose. A recent epidemiological survey suggests
that non-fasting and fasting measures were similarly linked to risk of
diabetes and congestive heart disease (CHD) (DeBoer et al., 2020). In
that study, the metabolic syndrome measure was a sample-derived
z-score sum of each component of metabolic syndrome, which reduces
the bias introduced by non-fasting bloodwork. We also found that a
diagnosis score calculated by summating the number of cardiometabolic
disorder diagnoses (hypertension, hyperlipidemia, and diabetes) re-
ported by participants was strongly associated with the cardiometabolic
risk score and weakly associated with cf-nDNA. The metabolic syndrome
composite risk score may better reflect the current health status of
participants, as the diagnosis score is limited by participant self-report
and variable levels of treatment.

4.1. Conclusions

In conclusion, these results demonstrate that cf-nDNA, but not cf-
mtDNA, is a predictor of both CRP and a cardiometabolic risk score.
Furthermore, cf-nDNA is independent of CRP in predicting metabolic
syndrome composite risk score. These findings offer further evidence of
arole for cf-nDNA in inflammation and cardiometabolic risk. Cf-mtDNA,
which has been shown to activate the immune system in other work,
represents a distinct pathway not implicated in cardiometabolic risk in
this study. Future work should examine the role of c¢f-nDNA in patho-
physiological processes underlying cardiovascular and metabolic
disease.
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