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analysis (PCA), and the Klemera–Doubal (KDM) 
methods were used to construct sex-specific BA for-
mulas from 296 healthy individuals (160 women, 136 
men, mean age: 70.3 years). The BA formulas were 
applied to a new cohort of 708 diseased people (376 
women, 332 men, mean age: 73.5  years) to gener-
ate BAs for each sex. Subsequently, we compared 
the classification power of CA, BAs, and selected 
variables when differentiating the healthy group from 
the comorbidity cohort, with sex stratification. As a 
result, we found that BAs from PCA and KDM were 
significantly higher than CA in the diseased group but 
comparable in the healthy group. BAs from PCA and 
KDM methods yielded higher classification accura-
cies than CA alone. Notably, frontal executive domain 
score and body reactance emerged as two promising 
markers for aging. These findings suggest that body 
composition measures and cognitive assessments 
offer a more accurate reflection of biological health 
than CA alone. A cohort with a wider age range is 
needed to generalize these findings.

Keywords Bioimpedance analysis · Seoul 
neuropsychological screening battery · Principal 
component analysis · Klemera–Doubal method

Introduction

Aging is a complex process that influenced by many 
factors such as genetics, environmental exposures, 

Abstract Aging is a complex process that affects 
human health and lifespan. While chronological age 
(CA) is a significant risk factor for many diseases, it 
does not fully capture biological changes that influ-
ence health span. This study explores cognitive meas-
ures using the Seoul Neuropsychological Screening 
Battery and body composition profiles as potential 
biological age (BA) markers in the older popula-
tion. Multiple linear regression, principal component 
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and lifestyle choices, which lead to progressive cel-
lular and molecular changes over time (López-Otín 
et  al. 2013). Chronological age (CA) is the number 
of years of living since birth that is often used as an 
indicator of aging, reflecting cumulative exposure to 
risk factors over time. However, CA alone does not 
fully capture the intricate changes of biological sys-
tems that impact a person’s health and life span (Ken-
nedy et al. 2014). As a result, there has been growing 
interest in the alternative measure of biological age 
(BA), which may offer a more accurate understanding 
of an individual’s health and aging process (Ho et al. 
2023).

BA has been researched for over 50 years, devel-
oped to offer a more nuanced estimation of the aging 
process than CA alone (Baker and Sprott 1988; Jyl-
hävä et al. 2017). A more precise assessment of BA 
provides a better estimation of the risk of impair-
ments, dysfunctions, morbidities, and mortality 
since it better reflects the steady decrease of human 
body structure and function (Levine 2013). There-
fore, several models and markers have been used to 
estimate BA, such as DNA methylation patterns, tel-
omere length, physiological functions, and physical 
measurements (Jylhävä et  al. 2017). Despite these 
advancements, no single marker has emerged as the 
gold standard for BA due to the complexity and mul-
tifaceted nature of the aging process. Consequently, 
there remains an ongoing need to discover and vali-
date new and more reliable markers that can add in 
comprehensive reflection of an individual’s BA. 
Among these, bioimpedance analysis (BIA) and the 
Seoul Neuropsychological Screening Battery (SNSB) 
are emerging tools that show promise in reflecting the 
aging process.

BIA has reported to be a simple but useful tool 
for evaluating body composition and physiologi-
cal function that commonly change during aging. 
By measuring the impedance of body tissues against 
electric current, BIA non-invasively estimates mus-
cle mass, fat distribution, and hydration status (Kyle 
et al. 2004a, b). Studies have highlighted crucial roles 
of body fat and nonfat components in relation with 
cognition and comorbidities on the aging spectrum 
(Baumgartner 2000) and BIA‐identified muscle loss 
in association with age-related negative clinical out-
comes (Aleixo et  al. 2020). Physical profile of body 
measures has enhanced age prediction accuracy (Bae 
et  al. 2008) and impedance index, such as phase 

angle, is well correlated with inflammatory factors in 
old age (Tomeleri et al. 2018).

On the other hand, cognitive abilities that reflected 
by SNSB domain scores also gradually deteriorate 
with aging. Using SNSB, several cognitive domains 
including attention, memory, language, visuospatial, 
and frontal executive can be evaluated (Ryu and Yang 
2023). These cognitive declines are often key markers 
of accelerated brain aging and are crucial for assess-
ing cognitive health in older adults (Cho et al. 2010).

To construct BAs, there are three common methods 
including multiple linear regression (MLR), principal 
component analysis (PCA), and the Klemera–Doubal 
Method (KDM). In a nutshell, MLR considers BA 
as the best prediction of CA when linearly combin-
ing multiple predictors. This method is straightfor-
ward yet falls within the biomarker paradox as it is 
based on a central distribution approach, often over-
estimates the age of younger individuals and under-
estimates the age of older individuals, making it less 
accurate for those at the extremes of the age spectrum 
(Dubina et  al. 1983). To compensate for this limita-
tion, a correction method was introduced and adopted 
in biological age research (Dubina et al. 1983). PCA 
can effectively identifies largest variation of data to 
simplify complex and redundant dimensions. The 1st 
component of PCA is thought to capture the most sig-
nificant variance across aging-related variables and 
often used to construct BA (Nakamura et  al. 1988). 
More recently, KDM method was introduced based 
on minimizing the distance between regression lines 
and biomarker variables in high dimensional spaces 
and found to be superior in estimating BA (Klemera 
and Doubal 2006; Wei et al. 2022; Kwon and Belsky 
2021).

Previous studies have often suggested mod-
eling BA across a broad age range. However, as 
older people experience more significant and long-
lasting changes in their body composition and 
cognitive abilities than younger groups, focusing 
on older populations may provide a better under-
standing of aging trends in later life. Furthermore, 
identifying significant changes in this age group’s 
physiology and cognition provides more predictive 
power when estimating the chances of morbidity 
and death. Considering these variables, the pur-
pose of this study is to examine BA in older per-
sons by utilizing BIA and SNSB measures to offer 
supplementary understanding of the biological and 
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neurocognitive facets of aging. These measures are 
simple yet believed to be powerful tools to reflect 
age-related changes regarding body composition 
and cognitive function. With advanced statistical 
methods, we seek to demonstrate their effective-
ness of these markers in reflecting the aging pro-
cess in the middle-to-old population and identify-
ing illness in diseased individuals. Ultimately, this 
research aims to provide insight on possible new 
aging markers for BA and validate them as reliable 
indicators of BA in older individuals.

Materials and methods

Participants

All participants were recruited from Gwangju com-
munity, South Korea, and divided into two cohorts, 
with ages ranging between 55 and 90  years. The 
first cohort consisted of 296 healthy individuals 
who had no record of comorbidities, comprising 
160 women and 136 men. Aging markers obtained 
from this group were used to construct BA formu-
las for each sex using MLR, PCA, and KDM meth-
ods. The second cohort included 708 individuals 
of 376 women and 332 men. Each person contains 
at least one of the seventeen diseases listed in the 
Charlson Comorbidity Index (CCI) (Charlson et al. 
1987). As a result, every individual in the sec-
ond cohort had CCI scores of one or higher. New 
input values of the same selected aging markers 
from this second cohort were then applied to the 
BA formulas to calculate three BA score for each 
sex. Data was collected from 2019 to 2023. Writ-
ten informed consent was obtained from each par-
ticipant in prior of the study. Individuals in both 
groups must have more than 3 years of education, 
had no clinical signs of dehydration or excessive 
hydration, no current acute medical condition that 
could interfere with body and mental health such 
as infection or neurological disorders. The study 
protocol was approved by the Institutional Review 
Board of Chonnam National University Hospital 
with approval number CNUH-2019-279. The study 
was conducted in accordance with the principles 
outlined in the Declaration of Helsinki.

Bioimpedance analysis (BIA)

Anthropometric measurements, including height, 
weight, and body mass index (BMI), were automati-
cally recorded using the multifrequency bioimped-
ance analyzer InBody S10 (Korea). This device also 
provides body composition parameters related to 
lean mass, fat mass, and intracellular and extracellu-
lar water volume based on impedance variables. The 
InBody S10 measures impedance at different frequen-
cies, from one to a thousand kHz, using a tetrapolar 
8-point tactile electrode system to record compre-
hensive body composition data. In calculating body 
fat mass and segmental fat-free mass, prior research 
has shown that this multifrequency BIA methodology 
compatible with dual energy X-ray absorptiometry 
method with a good specificity (Kim et al. 2014; Jeon 
et al. 2020).

In addition to the standard body composition vari-
ables, important impedance measures such as reac-
tance and phase angle were derived directly from the 
same method. Reactance and phase angle are recog-
nized as key indicators of cellular health, strength, 
and integrity, and they have been strongly correlated 
with risks of morbidity and mortality in older popu-
lations (Garlini et  al. 2019; Azevedo et  al. 2013). 
An evaluation of the cellular health of the upper and 
lower body was made by computing segmental reac-
tance and phase angle, which were calculated as the 
average values from the left and right arm (reactance-
upper, phase angle-upper) and the left and right leg 
(reactance-lower, phase angle-lower) (Doan et  al. 
2023). In accordance with the standardized proce-
dures described in the InBody S10 manual, all BIA 
measurements were performed with individuals in a 
supine position.

A total of fourteen BIA variables were utilized 
in this study, including anthropometric measures 
(height, weight, and BMI), fat-related parameters 
(percent body fat mass, visceral fat area, and waist 
circumference), lean-related measures (arm mus-
cle circumference, skeletal muscle mass, and body 
cell mass), total body water to fat-free mass ratio 
(TBWFFMR), and two pairs of segmental variables 
(reactance-upper, reactance-lower), and phase angle 
(phase angle-upper, phase angle-lower)) measured in 
both upper and lower extremities. Detailed definitions 
and computation methods for these variables can be 
found elsewhere (Doan et al. 2023).
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Seoul neuropsychological screening battery (SNSB)

Seoul neuropsychological screening battery is a com-
prehensive tool designed to assess various cognitive 
functions across multiple domains, providing valu-
able insights into age-related cognitive decline and 
potential neuropsychological disorders. In Korea’s 
population, the SNSB is widely used in clinical and 
research settings to evaluate cognitive abilities in 
older individuals at five major cognitive domains: 
attention, language, visuospatial, memory, and frontal 
executive function (Ryu and Yang 2023).

The attention domain reflects the ability to con-
centrate and process information and is known to 
decrease with age (Yakhno et  al. 2007). In addition, 
the linguistic domain is responsible for both under-
standing and producing speech, which is essential 
for communication but is often impaired in the early 
stages of dementia (Fleming 2014). The visuospatial 
function domain examines such aspects of an indi-
vidual as the ability to comprehend visual informa-
tion, which is commonly associated with activities 
of daily living such as finding one’s way from one 
place to another (Iachini et  al. 2009). The memory 
domain encompasses short- and long-term memory, 
where functional impairment of memory is usually 
acknowledged as one of the signs of cognitive aging 
at its earliest (Park and Festini 2017). At last, the 
frontal executive domain evaluates complex skills 
such as reasoning, organizing, and making judgments 
and is known to undergo changes either due to normal 
senescence or to neurodegenerative processes (Buck-
ner 2004). Collectively, these sectors depict cognitive 
health and associated patterns of decline with aging 
that is regularly seen among the elderly population.

Variable selection

Beside BIA and SNSB variables, blood pressure 
measures such as systolic blood pressure and diastolic 
blood pressure were also utilized as potential indica-
tors of aging. During stepwise selection procedures, 
only such variables were retained in final analysis 
which had significant correlation with CA because 
they represented age-related changes. Moreover, it 
is common that although these variables assess dif-
ferent domains, such as body morphology, physi-
ological and cognitive aspects, they are often cor-
related. Therefore, the variance inflation factor with 

a threshold of four was applied to reduce the effects 
of multicollinearity which was useful in getting rid 
of extra variables (see Supplementary Fig. S2). Con-
sequently, systolic blood pressure, six BIA variables 
and the five SNSB domains were identified as sig-
nificantly correlated with CA with reasonable inter-
correlativity in each sex group. These BIA variables 
were (1) height, (2) TBWFFMR, (3) reactance-upper, 
(4) reactance-lower, (5) phase angle-upper, and (6) 
waist circumference for women and arm circumfer-
ence for men.

To address the issue of multicollinearity, we opted 
for a shrinkage technique through penalized lin-
ear regression, comprising least absolute shrinkage 
and selection operator (LASSO), ridge regression, 
and elastic net (Tibshirani 1996). These methods 
are effective in minimizing the problem of overfit-
ting by adding penalties to the models’ coefficients, 
thus adjusting weights for the predictors (Tibshirani 
1996). Ultimately, while LASSO was selected as the 
feature selection model, ridge regression and elas-
tic net models were included to ensure sensitivity in 
the analyses. To improve the strength of the model, a 
double ten-fold cross-validation was adopted whereby 
data is done into several training, validation, and test 
sets to help the model to fit the unseen data efficiently. 
This procedure is useful for optimizing model predic-
tive accuracy when the variables selected also remain 
meaningful from a more practical, biological perspec-
tive with respect to aging (Berrar 2019).

Finally, eight variables were selected to construct 
BA formulas for women: systolic blood pressure, 
reactance-lower, waist circumference, TBWFFMR, 
and height in body metrics, along with frontal execu-
tive, memory, and visuospatial domain scores from 
SNSB assessments. For men, six variables were 
included in constructing BA formulas: reactance-
lower, phase angle-upper, TBWFFMR, and height in 
body metrics, as well as frontal executive and mem-
ory domain scores from SNSB assessments.

Statistical analysis and machine learning algorithms

To identify potential predictors, we examined the 
correlation between age and each of the blood pres-
sure-BIA-SNSB variables using Pearson method. 
Pearson correlation was also utilized to assess the 
multicollinearity between the selected predictors 
as well as between predicted CA and true CA. As 
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abovementioned, variance inflation factor value of 
four was set to minimize the inter-correlation between 
the selected variables.

As above mentioned, the variables that passed 
the above screening steps would be further filtered 
through penalized linear regression methods such as 
LASSO, ridge regression, and elastic net that were 
utilized to address multicollinearity of the BIA vari-
ables. Models of linear prediction were built using 
three distinct subsets of the predictors, namely the 
blood pressure-BIA variables, the five domains of 
SNSB, and their merger. To improve bias-variance 
trade-off in anticipation of deployment on a new 
unseen test set, a double ten-fold cross-validation 
approach was applied. In total, 160 healthy female 
participants were randomly split into 90% training 
set (n = 144) and 10% test set (n = 16). Similarly, 136 
healthy male individuals were randomly split into 
90% training set (n = 122) and 10% test set (n = 14). 
The 90% training set in each sex group was once 
again stratified into 90% training and 10% validation 
set. Subsequently, parameters were training on the 
training set, tuned in the validation set and test on the 
unseen test set. All predictors were standardized to 
mean zero and standard deviation (SD) before feeding 
into the prediction models. Notably, double ten-fold 
cross validation method was also employed in the 
logistic regression model that used to classify healthy 
individuals form diseased people in “Results”. The 
model performance was evaluated using area under 
the receiver operating characteristic (AUC). Delong’s 
method was employed to compare AUCs between dif-
ferent set of predictors.

The performance of the models was evaluated 
based on the correlation coefficient between the 
actual and the predicted ages as well as the intraclass 
correlation coefficient (ICC). ICC evaluates the reli-
ability or agreement of measurements from different 
observers or instruments. We used a two-way ran-
dom-effects model to assess inter-rater agreement. It 
compares the variability within measurements taken 
from the same subject to the total variability across 
all subjects. Higher ICC values indicate stronger con-
sistency and reliability, while lower values show less 
agreement. Within each combination of learning algo-
rithms and datasets, the optimal model defined by the 
lowest root mean square error (RMSE) on the unseen 
test set with the relatively high correlation coefficient 
and ICC—was selected. All the analyses were done 

separately for women and men. All statistical analy-
ses and model developments were carried out using 
R statistical software (version 4.2.3, released 2023-
03-15; R Core Team, 2023). BA from KDM method 
was estimated using the TrueTrait function from the 
WGCNA R package.

Results

Basic information of participants

Table  1 provides an overview of basic characteris-
tics and the potential aging markers of the healthy 
and disease group. The healthy cohort consisted of 
296 participants, including 160 women and 136 men, 
all of whom reported no underlying conditions, thus 
served as the healthy control group for BA construc-
tion. Their mean age was about 70 years (68.9 years 
in women and 71.9 years in men) ranging from 55 to 
90  years. Participants had relatively high education 
levels with the average being about 12–14  years of 
education.

The disease cohort consisted of 708 individuals of 
376 females and 332 males. They had slightly higher 
mean ages (72.1  years in women and 75.2  years in 
men) than the healthy cohort. The education level 
averaged 10.4  years for women and 13.7  years for 
men. Based on the CCI, participants were divided 
into four subgroups with CCI scores ranging from 
one to four and sample sizes of 329, 260, 89, and 30, 
respectively. The proportions of men and women in 
these subgroups were comparable however, the dis-
ease group was older and had considerably lower edu-
cation levels than the healthy group.

Compared to the healthy group, the disease group 
was significantly shorter in height and had higher 
values in weight, BMI, waist circumference, and 
TBWFFMR in both sexes. Additionally, the dis-
ease group exhibited lower cognitive function scores 
across five SNSB domains compared to the healthy 
group.

Given that there are differences in body composi-
tion and aging processes between women and men 
(Bredella 2017; Crimmins et al. 2019), all subsequent 
analyses will be sex stratified. This helps in compre-
hending the variability that are sex-specific to BAs 
and the health outcomes in this population.
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Aging markers selection

The statistical descriptions and correlations coef-
ficients with its 95% confidence interval (95% CI) 
between CA and blood pressure variables, BIA meas-
ures, and SNSB five domain scores are illustrated in 

Fig.  1 in descending order. Significant correlations 
were observed between CA and several markers, 
including the five SNSB cognitive domains, height, 
TBWFFMR, reactance-upper, reactance-lower, phase 
angle-upper, as well as systolic blood pressure, waist 
circumference in women, and arm circumference 

Table 1  Comparing age, education levels, and potential aging indicators between the healthy and disease cohorts for women and 
men

The values represent mean (SD) for numerical variables and n (%) for categorical variables. The p-values were obtained from inde-
pendent two sample t-test for numerical variables and Fisher’s exact test or Pearson’s Chi-squared test for categorical variables
Bold text indicates a p-value < 0.05
BMI body mass index, TBWFFMR total body water to fat free mass ratio

Women Total (n = 536) Healthy (n = 160) Disease (n = 376) p-value

Age (Years) 71.1 (6.1) 68.9 (5.8) 72.1 (6.0)  < 0.001
Education (Years) 10.8 (4.3) 11.9 (4.3) 10.4 (4.3)  < 0.001
Systolic blood pressure 127.7 (16.2) 126.1 (16.4) 128.4 (16.1) 0.145
Diastolic blood pressure 72.6 (9.9) 72.4 (9.9) 72.6 (9.9) 0.831
Height 153.9 (5.4) 154.7 (5.4) 153.6 (5.4) 0.027
Weight 58.5 (8.0) 57.0 (7.2) 59.1 (8.3) 0.007
BMI 24.7 (3.1) 23.8 (2.8) 25.0 (3.1)  < 0.001
Waist circumference 81.8 (8.8) 78.9 (8.2) 83.0 (8.8)  < 0.001
TBWFFMR 73.8 (0.3) 73.7 (0.2) 73.8 (0.3)  < 0.001
SNSB attention 8.9 (2.3) 10.0 (2.3) 8.4 (2.1)  < 0.001
SNSB memory -0.1 (0.7) 0.4 (0.6) − 0.3 (0.7)  < 0.001
SNSB visuospatial 0.3 (0.6) 0.6 (0.4) 0.2 (0.7)  < 0.001
SNSB language 0.0 (0.4) 0.2 (0.2) − 0.1 (0.4)  < 0.001
SNSB frontal − 0.1 (0.7) 0.4 (0.6) − 0.2 (0.7)  < 0.001
Alcohol intake 19 (3.5%) 4 (2.5%) 15 (4.0%) 0.393
Smoking 0 (0%) 0 (0%) 0 (0%)  > 0.999

Men Total (n = 468) Healthy (n = 136) Disease (n = 332) p-value

Age (Years) 74.2 (6.3) 71.9 (6.3) 75.2 (6.1)  < 0.001
Education (Years) 13.9 (4.5) 14.3 (4.7) 13.7 (4.4) 0.145
Systolic blood pressure 125.9 (16.1) 126.7 (15.0) 125.6 (16.6) 0.473
Diastolic blood pressure 70.6 (10.2) 71.4 (9.6) 70.2 (10.4) 0.106
Height 165.7 (5.6) 166.0 (6.0) 165.6 (5.4) 0.397
Weight 67.0 (9.0) 66.0 (9.3) 67.4 (8.9) 0.148
BMI 24.3 (2.7) 23.9 (2.7) 24.5 (2.7) 0.029
Waist circumference 86.5 (8.3) 84.1 (8.5) 87.4 (8.0)  < 0.001
TBWFFMR 73.9 (0.3) 73.9 (0.2) 74.0 (0.3)  < 0.001
SNSB attention 9.3 (2.1) 10.4 (2.1) 8.9 (2.0)  < 0.001
SNSB memory − 0.2 (0.8) 0.4 (0.5) − 0.5 (0.7)  < 0.001
SNSB visuospatial 0.4 (0.5) 0.6 (0.3) 0.3 (0.5)  < 0.001
SNSB language 0.1 (0.4) 0.3 (0.2) 0.0 (0.5)  < 0.001
SNSB frontal 0.0 (0.7) 0.4 (0.5) − 0.2 (0.7)  < 0.001
Alcohol intake 133 (28%) 49 (36%) 84 (25%) 0.019
Smoking 38 (8.1%) 16 (12%) 22 (6.6%) 0.065
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in men. Notably, the frontal executive domain score 
and reactance-lower exhibited the strongest correla-
tions with CA, with coefficients (95% CI) of − 0.48 
(− 0.59, − 0.35) and − 0.47 (− 0.59, − 0.34) in women, 
and − 0.54 (− 0.65, − 0.41) and − 0.52 (− 0.63, − 0.39) 
in men, respectively. TBWFFMR also modestly posi-
tively correlated with CA in men, with coefficient 
(95% CI) of 0.52 (0.38, 0.63). The detailed correla-
tions and data distributions of each significant marker 
with CA for women and men can be found in Supple-
mentary Fig. S1.

Furthermore, the significant markers revealed 
moderate inter-correlation between several pairs, such 
as frontal executive and attention scores (ρ = 0.68 in 
women, ρ = 0.58 in men) and reactance-lower and 
TBWFFMR (ρ = − 0.56 in women, ρ = − 0.59 in 
men), as shown in the correlation matrix in Fig.  2. 
These findings highlight potential concerns regarding 
multicollinearity when incorporating these variables 
into linear prediction models.

To minimize the effects of inter-correlation, 
we applied penalized linear regression models to 

Fig. 1  Forest plots to illustrating the significant correlations 
between blood pressure, BIA, SNSB variables and chrono-
logical age with detailed statistics in women and men. The red 
box and solid red horizontal line indicate the mean correlation 

coefficient with the corresponding 95% confidence interval 
(CI) obtained from Pearson correlation method. SD—Standard 
deviation
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effectively select aging markers that best reflect 
CA. Supplementary Table  S1 demonstrates the 
results of predicting CA using various predictor sets 
through a double ten-fold cross-validation approach. 
The LASSO model resulted in a strong correlation 
between predicted CA and true CA, accompanied 
by a relatively low mean difference and solid ICC. 
Therefore, the variables identified by the LASSO 
model were selected as potential markers for con-
structing BA. Noteworthy, ridge regression and elas-
tic net were presented for sensitivity evaluation.

The selected aging markers from the LASSO 
model included reactance-lower, frontal executive 
score, height, memory score, systolic blood pressure, 
waist circumference, TBWFFMR, and visuospatial 
score for women, while those for men were frontal 
executive score, phase angle-upper, reactance-lower, 
memory, height, and TBWFFMR. These markers 
were sorted in the descending order based on their 
importance as displayed in Supplementary Fig. S3. 
As shown, reactance-lower and frontal executive 
domain score contributed the most to predicting CA 
when combined linearly with the other markers.

BAs and CA between healthy group (CN) and disease 
group (CCI) in women

The eight selected markers obtained in women within 
the CN group were used to construct BA scores via 

MLR, PCA, and KDM methods. These BA formu-
las were then applied to the disease cohort, which 
was grouped based on CCI scores ranging from one 
to four. Details of BA formulas can be found in the 
Supplementary Section. Figure 3 illustrates the rela-
tionship between CA and BA across CN and CCI 
subgroups.

(A) Using MLR method, the correlations between 
CA and BA were strong, with coefficients (95% 
CI) of 0.90 (0.86, 0.92) in the CN group and 0.88 
(0.86, 0.90) in the CCI groups. Visually, the scat-
terplot in Fig. 3a shows that the CCI data points 
were distributed above those of the CN group, 
indicating that individuals with comorbidities 
had higher BA than their respective CA. How-
ever, the right panel boxplot comparing CA and 
BA between CN and each CCI subgroups showed 
no significant differences between BA and CA 
within any of the groups.

(B) Via the PCA method, the correlations between 
CA and BA were relatively lower compared to 
the MLR method, with coefficients (95% CI) of 
0.77 (0.69, 0.82) in the CN group and 0.68 (0.62, 
0.73) in the CCI group, as shown in Fig.  3b. 
The same pattern is observed in the scatterplot 
where it is evident that the BA values of the CCI 
group are above the CN group. This implies that 
diseased individuals had higher BA than their 

Fig. 2  Correlation matrix illustrating the relationships between the significant markers. Empty cells indicate non-significant correla-
tions among the variables
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CA counterparts. This was further supported by 
the right panel boxplot which revealed that BA 
was significantly higher than CA in all the CCI 
subgroups; however, no significant difference 
between BA and CA was noted in the CN group.

(C) Lastly, correlations between BA and CA in the 
CN and CCI grouping using the KDM method 
were among the two lowest correlated coef-
ficients of 0.60 (95% CI: 0.49, 0.69) and 0.52 
(95% CI: 0.44, 0.59), respectively. Following 
the trend seen with the other methods, the scat-
terplot showed that the data points belonging to 
the CCI group were placed higher up than those 
from the CN group, indicating that those patients 
had an increased BA as compared to the healthy 
CAs. This BA acceleration was further confirmed 
when comparing BA and CA within the CN and 
CCI groups which was evident in the right panel 
of Fig. 3c.

BAs and CA between healthy group (CN) and disease 
group (CCI) in men

Similarly, the six identified markers from men within 
the CN group were utilized to generate BA scores 
through the MLR, PCA, and KDM methods and 
applied to the comorbidity group. The findings for 
men closely mirrored those for women, emphasizing 
the disparity between BA and CA in the CCI group 
while showing no significant difference in the CN 
group. Figure  4 illustrates the relationship between 
CA and BAs across CN and CCI subgroups for men. 
Notably, the correlations between CA and BAs were 
stronger in men compared to that in women.

Classifying CCI and CN groups using CA, BA, and 
the aging markers

In this section, we compared the predictive power 
of CA, BA from MLR, BA from PCA, and BA from 
KDM methods in identifying the presence of comor-
bidities among all the participants. Additionally, we 
utilized the selected markers as a set of predictors to 
classify CCI individuals from CN people.

Figure 5 illustrated the receivers operating charac-
teristics derived from logistic regression model across 
five different combinations of predictors, namely 
CA alone, BA from MLR, BA from PCA, BA from 

KDM, the eight selected markers in women or the six 
selected markers in men. Our finding revealed that 
BA models effectively predicted the CCI group bet-
ter than CA alone. Among the BA models, the BA 
obtained from the PCA method yielded the highest 
AUC (95% CI) of 0.843 (0.729, 0.957) in women 
and the BA obtained from the KDM method pro-
duced the highest AUC (95% CI) of 0.853 (0.711, 
0.995) in men. Statistically, the AUCs from PCA 
and KDM methods were significantly greater than 
that of CA, whereas that from MLR method did not 
show a significant difference in women. Additionally, 
the AUCs obtained from the selected aging markers 
were statistically comparable to the best BA models 
in both women and men. Lastly, we combined fron-
tal executive domain score and reactance-lower as a 
simpler set of two potential aging predictors to clas-
sify healthy control and comorbidity group. Compar-
ing with the full age markers, the performance of this 
two-predictors model was poorer in both women and 
men but not in women but comparable to that obtain 
from the best BA model.

Discussions

This study investigated the potential of using BIA 
and SNSB variables as novel aging markers for older 
individuals. We found that these markers exhibit lin-
ear transformations with age, reflecting reductions in 
body height, body reactance and phase angle, along 
with an increase in total body water in fat free mass in 
both women and men. Furthermore, while cognitive 
functions also declined during the aging process in 
both gender, waist circumference and systolic blood 
pressure increased in women and arm circumference 
decreased in men. Among the numerous variables, a 
few key markers emerged as particularly significant 
in capturing biological changes during aging, such as 
body reactance from the BIA method and scores in 
the frontal domain of the SNSB.

Numerous studies have highlighted the connec-
tion between changes in body composition and the 
aging process. Aging is commonly linked to a decline 
in lean mass and an increase in fat mass, resulting 
in abnormal water distribution and reduced cellu-
lar health (Martín et  al. 2018). These indicators are 
sex-specific and critical in detecting changes in body 
composition, particularly in older adults (Briand 
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et  al. 2024). In confirming these findings, our study 
demonstrates that age leads to an increase in fat mass 
indicators, such as waist circumference in females, 
and a decrease in lean mass indicators, such as arm 
circumference in males, along with an increase in 
water content in fat-free mass.

Interestingly, we found that BIA body reactance, 
a measure of cellular health and membrane integ-
rity (Kyle et  al. 2004a, b; Azevedo et  al. 2013), to 
be the potential indicative factor of aging. Cellular 
health and cell membrane integrity are crucial indi-
cators of age acceleration (López-Otín et  al. 2013). 
As cells age, their membranes become more vulner-
able to damage, leading to increased permeability and 
loss of homeostasis (López-Otín et  al. 2023). This 
allows harmful agents, such as toxins and inflamma-
tory cytokines, to infiltrate cells, accelerating aging 
and contributing to age-related diseases (Franceschi 
et al. 2018). Preserving cellular and membrane integ-
rity is essential for preventing premature aging and 
promoting longevity (DiLoreto and Murphy 2015). 
López-Otín and Kroemer (2024) emphasized the 
importance of maintaining barrier integrity to reduce 
age-related physiological decline (López-Otín and 
Kroemer 2024). Poorer cell health and reduced mus-
cle mass are often associated with lower reactance 
value, which can be indicators of sarcopenia and 
overall frailty which often seen in older people (Yam-
ada et al. 2013). This finding suggests body reactance 
to be a critical marker of cellular health in assessing 
biological age in older adults.

On the cognition aspect, it is commonly known 
that cognitive functions decline during the aging pro-
cess, influenced by various neurobiological and envi-
ronmental factors. Research indicates that age-related 
changes in brain structure significantly correlate with 
declines in attention, memory, and frontal executive 
functions (Coffey et al. 2001). Although not all older 
adults experience cognitive declines, scores across 
various cognitive domains tend to gradually diminish 
with age, a pattern consistent with our findings. In this 

study, among the five cognitive domains assessed by 
the SNSB, the frontal function emerged as the strong-
est age-related cognitive marker for both women and 
men. This domain encompasses executive functions, 
working memory, and multitasking, which tend to 
decline with age, even in cognitively healthy individ-
uals (Buckner 2004; Turner and Spreng 2012). Pre-
vious research has observed that age-related declines 
in executive functions is a key feature of brain aging, 
supporting our finding that frontal domain score, 
emerged among other cognitive functions, serve as a 
robust indicator of cognitive aging (Goh et al. 2013).

Following the stepwise selection methods, we 
selected significant and less inter-correlated variables 
across various aging models to construct BA formulas 
and produce BA scores. Our findings show that the 
scores of BA were better able to distinguish unhealthy 
individuals with comorbidities from healthy controls. 
This is in line with the earlier studies which biologi-
cal markers can offer a more accurate reflection of 
an individual’s health compared to CA because they 
embody the changes, physiological and pathologi-
cal that come with age (Levine 2013; Zhong et  al. 
2020). Among the three models, PCA and KDM 
approaches produced better prediction outcome than 
MLR method, consistent with previous studies (Wei 
et al. 2022, Kwon and Belsky 2021). Interestingly, the 
BA that derives from PCA worked well for women, 
whereas KDM worked well for men. These findings 
highlight the importance of considering sex-specific 
approaches when assessing biological aging.

Between women and men, the aging markers such 
as frontal, reactance-lower, and TBWFFFR exhib-
ited relatively stronger correlations with CA in men 
compared with that in women. This suggests that 
older men experience more pronounced reductions 
in frontal function and cellular integrity, along with 
a greater increase in the water ratio of fat-free mass 
as they age. Previous studies have highlighted dis-
tinct differences between men and women regard-
ing cognitive function and body composition as they 
age (Bredella 2017; Kheloui et al. 2023). In terms of 
cognitive function, research has shown that women 
tend to retain certain cognitive abilities, such as epi-
sodic memory tasks and verbal ability, were better 
performed by women than men, while men may be 
more advantaged in visuospatial tasks (Kheloui et al. 
2023). This may be partly due to hormonal differ-
ences, as estrogen has been shown to play a protective 

Fig. 3  In women. (Left) Scatterplot illustrating the distribu-
tions of CA and BA derived from the a MLR method, b PCA 
method, and (C) KDM method in the normal control (CN) 
(blue) and group with comorbidities (CCI) (red). ρ is the corre-
lation coefficient. (Right) Boxplot comparing the mean CA and 
respective BAs in the CN and each CCI subgroups. Asterisks 
indicate statistical significance: ***p < 0.001, ****p < 0.0001; 
"ns" denotes not significant

◂
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role in cognitive aging in women, particularly in the 
frontal regions of the brain (Henderson 1997). Reac-
tance, a marker of cellular integrity and membrane 
function, which is associated with a greater loss of 
muscle mass and cellular strength, tends to particu-
larly decrease in the lower extremities (Doan et  al. 
2023; Yamada et  al. 2013). TBWFFMR is also usu-
ally found to increase with age in both sexes, reflect-
ing a shift towards higher extracellular water con-
tent as lean mass declines (Kyle et  al. 2004a, b). In 
this study, both reactance and TBWFFMR changed 
more pronouncedly in men than in women. These 
sex variations might be caused by not only genetic 
and hormone factors but also life course exposures 
(Horstman et  al. 2012; Hägg and Jylhävä 2021) that 
may explain the stronger predictive power for distin-
guishing health status is in men than in women in our 
study.

Interestingly, our analysis revealed that individu-
als in the CCI group consistently exhibited higher 
BAs compared to their CA, suggesting that the early 
onset of health conditions often reflect accelerated 
aging. The CCI is a well-established tool used to 
quantify the cumulative impact of comorbidities, 
often reflecting an individual’s overall health burden 
(Charlson et al. 1987). This discrepancy suggests that 
individuals with multiple health issues may experi-
ence accelerated aging processes, which could lead 
to increased morbidity and mortality risks (Chen 
et  al. 2023). Importantly, the ability of BA, particu-
larly when derived from PCA and KDM methods, 
to predict comorbidities more effectively than CA 
highlights its relevance in clinical contexts. By iden-
tifying individuals at risk earlier, healthcare providers 
can implement proactive interventions to the specific 
needs of patients with elevated BA, potentially delay-
ing the onset of further complications (Jylhävä et al. 
2017; Levine 2013). This underscores the impor-
tance of integrating biological measures into routine 
assessments to improve health outcomes for aging 
populations.

The successful identification of significant aging 
markers, including reactance-lower, frontal executive 
domain score, and the other brain and body composi-
tion metrics, reinforces the notion that a multifaceted 
approach is necessary to accurately gauge biological 

aging. Worth mentioning, the sample in this study, 
with a mean age of 70 years, was used to generate BA 
scores, providing valuable insights into aging patterns 
in late adulthood. Although not ideal for representing 
the full aging spectrum, this age group captures key 
physiological and cognitive changes typical of older 
individuals, particularly for conditions like frailty and 
cognitive decline (López-Otín et  al. 2013). Studies 
suggest that BA assessments are more accurate when 
the reference population closely matches the demo-
graphic, especially in age (Horvath 2013). While this 
limits generalization to younger cohorts, our approach 
is suitable for understanding biological aging in older 
populations. Future research should aim to validate 
these models across broader age ranges.

In conclusion, this study explores the possible con-
tributions of BIA and SNSB measures as potential 
aging markers and emphasizes the importance of uti-
lizing BA as a more reliable indicator of health status 
than CA, particularly in individuals with comorbidi-
ties. The integration of advanced statistical method-
ologies and diverse aging markers paves the way for 
a better understanding of the aging process and its 
implications for health and longevity. Future research 
should aim to refine these models further and explore 
their applicability in broader clinical contexts.

Despite the promising results, our study has sev-
eral limitations. The sample size for control group 
was relatively small and drawn from a specific older 
community in Gwangju City, South Korea, which 
may limit the generalizability of our findings. Future 
studies with larger and more diverse populations are 
warranted to validate the predictive models across dif-
ferent demographic groups and geographical regions. 
Additionally, although trying to reduce the redundant 
variables, there were still significant multicollinearity 
between predictors. Finally, incorporating additional 
biomarkers or imaging modalities alongside BIA 
and SNSB measures could enhance the accuracy and 
comprehensiveness of age prediction models.

Conclusion

This study underscores the significance of BA as 
a more accurate reflection of health status than CA, 
particularly in the older individuals with comorbidi-
ties. By utilizing BIA and SNSB measures, we iden-
tified critical aging markers, including reactance and 

Fig. 4  In men. Caption identical to Fig. 3◂
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frontal domain scores, that correlate strongly with 
biological aging processes. Our findings reveal that 
individuals in the CCI group exhibit higher BA than 
CA, suggesting that multiple health conditions accel-
erate the aging process and increase the risk of mor-
bidity and mortality. The superior predictive capa-
bilities of BA derived from PCA and KDM further 
demonstrate the need for integrating these methods in 
clinical assessments. Future research should continue 
to refine and validate these models across diverse 
populations to enhance their generalizability and 
applicability in clinical settings.
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