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ARTICLE INFO ABSTRACT

Keywords: Frailty is a complex medical condition characterized by decline in physiological functions and global health of

Aging older people, representing a strong risk factor for disability, hospitalization, and mortality. The identification of

Biomarkers biomarkers reliably associated with frailty could provide more information on the actual health status and

E;Zﬁg index outcome of older subjects. To this aim, we investigated possible associations of four biomarkers related to age

Random forest decision model and age-related diseases, namely GDF15, FGF21, sRAGE, and NfL, with frailty, measured using frailty index (FI),
in community-dwelling subjects of different age. The study was conducted on a cohort of 463 subjects (50-113
years) enrolled before the Covid-19 pandemic and categorized as frail and non-frail, based on a 45-item FI,
according to the deficit accumulation model. Plasma levels of the four biomarkers were analysed by Ella
Automated ELISA and investigated for their possible association with FI. A Random Forest Decision model was
used to assess the biomarkers’ discrimination power with respect to FI. In our cohort, FI was associated with
plasma levels of GDF15, NfL and FGF21, but not SRAGE. The first two were also associated with survival. The
model based on those four biomarkers estimated frailty with 82 % accuracy. Moreover, frailty estimate obtained
with this model led to a more refined prediction of survival on a 3-year follow-up. Our data suggest that GDF15,
NfL, FGF21 and sRAGE plasma levels can be proposed as parameters to provide additional information about
frailty status and survival with respect to FI in community-dwelling subjects.

accumulation model. The former method was proposed by Fried et al.
and is based on a “yes/no” scoring system of 5 items, including

1. Introduction

Frailty is a condition strongly associated with advanced age, char-
acterized by an accelerated decline of multiple systems, reduced ho-
meostasis with increased vulnerability and higher risk of adverse
outcomes, including disability, hospitalization, multimorbidity and
mortality (de Breij et al., 2021; Cano-Escalera et al., 2023). Several
quantitative and clinical methods are proposed in literature to assess and
measure frailty (Bamps et al., 2023). Classically, the definition of frailty
is based on two methods: the phenotype model and the deficit

exhaustion, shrinking, weakness, slowness, and low physical activity
(Fried et al., 2001). According to this method, an individual is consid-
ered frail if 3 (or more) out of these 5 items are present. The latter
approach, based on deficit accumulation, was initially proposed by
Rockwood and Mitnitski (2007). This approach defines frailty using a
ratio indicated as Frailty Index (FI). This ratio compares the number of
observed deficits to the total number of items assessed. FI is strongly
associated with the risk of death and worsening of health status,
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especially when at least 30 items are included in the calculation (Searle
et al.,, 2008). In addition to considering the accumulation of health
deficits in the FI calculation, the identification of new biomarkers
associated with frailty would be extremely important to allow for an
early diagnosis, before clinical symptoms and signs appear, as well as to
support the clinical diagnosis, to investigate the pathophysiological
pathways implicated in frailty and also to improve the ability in refining
the prognosis of frail older subjects.

In order to search for frailty-associated biomarkers, it is difficult to
decide which ones to investigate a priori, since each biomarker can be
linked to specific diseases or health conditions that impinge upon frailty.
In this study, we tested the hypothesis that markers for biological age
could also be useful in assessing frailty, as recently proposed (Salvioli
et al., 2023). This hypothesis is rooted in the GeroScience concept,
which suggests that aging and age-associated diseases share funda-
mental molecular mechanisms (Sierra et al., 2021). As a result, circu-
lating biomarkers related to aging should show significant correlations
with several diseases and other age-related conditions, as well as frailty
(Franceschi et al., 2018). In this regard, we have studied in 463 partic-
ipants aged between 50 and 113 years from the Italian general popu-
lation the plasma levels of 4 selected biomarkers, known for being both
associated with age and produced in the framework of diverse important
biological process, namely Growth Differentiation Factor 15 (GDF15),
Fibroblast Growth Factor 21 (FGF21), soluble Receptor for Advanced
Glycation End-products (SRAGE) and Neurofilament light chain (NfL).

GDF15 is a member of the TGF-f superfamily induced by several age-
related stressors, such as inflammation, cell senescence and mitochon-
drial dysfunction (Conte et al., 2022). The level of GDF15 increases with
age, and this molecule is considered one of the main biomarkers of
aging. Elevated circulating concentrations of GDF15 have been linked to
age-related diseases and all-cause mortality (Tanaka et al., 2018; Conte
et al., 2019). Like GDF15, also FGF21 levels increase with aging (Conte
et al.,, 2019). FGF21 is a stress-responsive hormone involved in the
regulation of energy metabolism known for counteracting age-related
metabolic changes and promoting health and longevity (Zhang et al.,
2012; Conte et al., 2021). Our previous study found that FGF21 levels
were higher in centenarians’ offspring, a model of successful aging,
compared to age-matched controls and patients suffering from either
Type 2 diabetes or Alzheimer’s Disease. This finding suggests that FGF21
may be a valuable candidate biomarker of healthy aging (Conte et al.,
2021). RAGE is a multiligand transmembrane receptor that may interact
with many molecules released during cellular stress, and it transduces
several biological signals involved in the inflammatory process
(Chavakis et al., 2004). RAGE also exists in two soluble isoforms, esR-
AGE and cRAGE, collectively indicated as SRAGE, detected in the cir-
culation and in body fluids, such as those of bronchoalveolar
compartment or the synovial space. Several studies have analysed the
levels of sSRAGE in healthy subjects and patients; however, its biological
significance as a biomarker is not yet fully understood. Evidence sug-
gests that the circulating levels of SRAGE could reflect the activation of
RAGE, thus considering the soluble form as a marker of inflammatory
reaction (Erusalimsky. 2021). Notably, SRAGE levels are decreased with
age (Scavello et al., 2019). NfL is a subunit of neurofilaments, mainly
found in the soma of myelinated neurons; it can be present in cerebro-
spinal fluid and blood upon axonal damage and neuronal death.
Elevated plasma levels of NfL are observed in neurodegenerative dis-
eases, such as Alzheimer’s disease, and in older individuals with
cognitive impairment and physical decline (Giacomucci et al., 2022).
Similar to the previous markers, also NfL shows an association with age
(Gaetani et al., 2019).

Based on gene expression databases aimed at identifying genes
regulated during the aging process, GDF15, FGF21, sRAGE have been
proposed as components of a panel of potential biomarkers for frailty
(Cardoso et al., 2018). Nevertheless, to our knowledge, a systematic
study of these biomarkers concerning FI in the general older population
is missing. At variance, NfL, despite being a marker of
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neurodegeneration, has been questioned as a marker of frailty (Lu et al.,
2022). However, it is noteworthy that in this study, frailty was measured
using Fried’s criteria and not by the deficit accumulation model.

2. Methods
2.1. Subjects and sampling

2.1.1. Community-dwelling subjects

Clinical data and biological samples were obtained from 463
community-dwelling Italian subjects aged between 50 and 113 years
(Table S1), collected before the Covid-19 pandemic. This population was
divided into four age groups: 75 ADULTS (A, age range 50-69 years),
117 OLDER PEOPLE (O, age range 70-88), 109 NONAGENARIANS (NG,
age range 89-98) and 162 CENTENARIANS (C, age range 99-113). All
subjects were enrolled in Italy in the framework of the following pro-
jects: Italian National Project PRINO6 and PRINQ9 for A, O and C sub-
jects; EU Project GEHA for NG subjects. The Ethical Committee of
Sant’Orsola-Malpighi University Hospital (Bologna, Italy) approved the
study protocols. All subjects signed the informed consent before entering
the study. A standard questionnaire was administered by nursing staff to
collect demographic and lifestyle data, health status, anthropometric
measurements, medical history and medications. As for NG and C, in all
cases where the subject was unable to respond autonomously (hearing
or sight problems), the interview was performed with a relative or a
caregiver. Exclusion criteria were the presence of malignant neoplasia
and/or therapy with immune suppressor drugs (like cyclosporine,
methotrexate, glucocorticoids) or anticoagulants. A 3-year mortality
follow-up was conducted by telephone recalls on NG and C groups, and
concluded before Covid-19 pandemic, too.

2.1.2. Sample/data collection

Blood was drawn in the morning after an overnight fasting for all
subjects. All samples were processed immediately to collect plasma and
serum. Plasma was obtained within 2 h from venipuncture by centrifu-
gation at 2000xg for 20 min at 4°C and rapidly frozen and stored at
-80°C.

Serum concentrations of total and HDL cholesterol, triglycerides, C-
reactive protein (CRP), glycaemia, albumin, and creatinine were
measured by standard biochemical assays.

Body mass index (BMI) was calculated as weight in kilograms
divided by the square of the height in meters (kg/m?). Handgrip strength
test was performed to measure the maximum isometric strength of the
hand and forearm muscles using a hand-held dynamometer (SMEDLYS’
dynamometer, Scandidact, Kvistgaard, Denmark) for two performances
with dominant hand.

The plasma level of GDF15, FGF21, sRAGE and NfL was analyzed
using the Simple Plex Human Cartridges (ProteinSimple/Bio-Techne)
run on an Ella Automated Immunoassay System (ProteinSimple/ Bio-
Techne), according to manufacturer’s instructions.

The mean values of biochemical and functional parameters for each
group were reported in Table S1.

2.2. Assessment of frailty status and Frailty Index calculation

Frailty index (FI) was calculated according to the deficit accumula-
tion approach following the methodology proposed by Theou et al.
(2023). In particular, FI was constructed considering 45 health param-
eters listed in Table S2. All deficits were coded so that the presence of a
deficit scored 1 and its absence 0. For variables with an intermediate
response, a score of 0.5 was assigned. The sum of all scores was then
divided by the number of the parameters considered. A ratio equal to
0 represents complete absence of deficits. According to previous studies,
we used FI > 0.25 as the threshold over which subjects were considered
frail (Song et al., 2010; Gordon et al., 2021).
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2.3. Statistical analysis

SPSS 28.0 (IBM, New York, NY, USA), JASP 0.19.1.0 (2018, http
s://jaspstats.org) and JMP Pro 17 (SAS 2024) were used for data
analysis.

The Shapiro-Wilk test was used to asses normality of distribution.
Continuous variables with were expressed as mean + standard deviation
(SD) or =+ standard error of mean (SE). Categorical variables were pre-
sented as numbers (1 or 2).

Data did not follow a normal distribution and thus were analysed by
using Mann-Whitney or Kruskal-Wallis tests. Bonferroni correction was
applied to correct multiple comparisons. Correlation analyses were done
with Spearman’s test.

Cumulative survival curves were employed to display 3-year all-
cause mortality. The association between FI and mortality was evalu-
ated by a Cox regression model adjusted for age and gender, while the
association between biomarkers and mortality in each age group was
evaluated by a Cox regression model adjusted for FI and gender.

Network analysis was conducted using the Selection Operator
(EBICglasso) method. Data were analysed to examine the network
structure of all the variables considered (biomarkers, FI, alive days). The
EBICglasso was applied to the partial correlation matrix.

A Principal Component Analysis (PCA) was used to understand the
possible relationship among biomarkers analysed as described in
Chiariello et al. (2024).

A p-value < 0.05 was considered statistically significant.

2.3.1. Random Forest Decision (RFD) analysis

To assign the correct status of frailty or non-frailty using the level of
GDF15, FGF21, sRAGE and NfL, we have developed a Random Forest
Decision (RFD) analysis, a method that builds upon the concept of de-
cision trees for risk stratification. This statistical approach stratifies the
population into low and high-risk strata based on patient characteristics.
In this work, the RFD was developed according to the following steps: i)
Bootstrap the original dataset to create B bootstrap samples; ii) on each
of the B bootstrap samples, grow a survival tree in which at each node it
randomly selects m < p predictors as candidate split variables, where m
is the number of candidates split variables considered, and p is the total
number of predictors. From the m variables, determine the optimal split
variable and the split point to maximize the difference between the
estimated survival curves at the resulting child nodes; iii) continue the
recursive partitioning algorithm as long as the node has no less than d,
> 0 unique deaths; iv) calculate the cumulative hazard function for the
terminal nodes for each tree and obtain an ensemble cumulative hazard
function by averaging across the B trees.

The tree training parameters used in this work are: i) number of trees
generated = 100, ii) number of predictor variables used in each tree = 3,
and iii) minimum number of observations in a leaf node = 5. The ma-
chine learning algorithms divide the data into training data (constituted
by 334 observations) and validating data (constituted by 129
observations).

This study adopted a 10-fold cross validation method to evaluate the
decision random forest model. The 10-fold cross validation method in-
volves randomly separating the acquired data sets into 10 data sets that
are equal in sample size. The decision random forest model was created
based on a training data set. Ten repeated empirical tests were con-
ducted, where each subset was used as the test data. The bootstrap (100
replications) optimism-corrected area under the receiver operating
characteristic curve (ROC) was estimated using JMP software. The de-
cision tree developed on the training data was used to obtain the split-
ting criteria for different nodes and was then applied to observation in
the test data. Models are evaluated by constructing the confusion matrix
for test data. In addition, accuracy, sensitivity, and specificity are also
measured for each model. Accuracy, sensitivity, and specificity of a
classification model are defined as follows (Esmaily et al., 2018): i)
Accuracy = (TP+TN)/(TP+FP+TN+FN); ii) Precision = TP/(TP+FP);
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iii) Sensitivity =TP/(TP+FN); iv) Specificity=TN/(FP+TN); V)
F-Score= 2 x ((Precision x Sensitivity)/(Precision + Sensitivity)); where
TP, TN, FP, and FN represent true positive, true negative, false positive
and false negative counts, respectively. The F-score is a measure of
predictive performance that combines precision and sensitivity into a
single numerical value, as indicated in its equation. This value repre-
sents the harmonic mean of precision and sensitivity. The F-score ranges
between 0, if either precision or sensitivity is 0, to 1, indicating perfect
precision and sensitivity (Mitchell, 1997).

The receiver operating characteristic (ROC) curve is the plot that
displays the full picture of trade-off between the sensitivity and (1-
specificity) across a series of cut-off points. The area under the ROC
curve is considered an effective measure of inherent validity of a diag-
nostic test.

3. Results
3.1. GDF15, FGF21 and NfL, but not sRAGE, correlate with FI

We have calculated the FI in our cohort as detailed in Materials and
Methods section, and, as expected, it increases with advancing age
(Fig. 1A), with mean values of 0.141 + 0.05 in adult people (A, 50-69
years), 0.169 + 0.07 in older people (O, 70-88 years), 0.295 £+ 0.12 in
nonagenarians (NG, 89-98 years) and 0.355 +0.11 in centenarians (C,
99-113 years). The proportion of frail subjects in each age group is
shown in Fig. 1B. The number of frail subjects does not increase linearly,
and explodes only in NG and C groups, that is, after 88 years of age.
However, when we considered separately frail and non-frail subjects
(Fig. 1C), we noted that in these latter the mean value of FI is not
different between A and O groups and between NG and C, suggesting
that in our cohort the age of 88 years (upper limit of the O group) ap-
pears as a crucial threshold for the increase of FI in non-frail subjects. As
far as frail subjects, average FI values resulted higher in NG and C groups
with respect to O group. No meaningful comparison was possible with
the A group, as only one frail subject was present in this group.

In the same cohort we measured the plasma levels of the four bio-
markers and investigated their potential correlation with FI. Spearman
correlation analysis indicated that GDF15, FGF21, and NfL are positively
correlated with FI in O, NG and C groups (Table 1). SRAGE was associ-
ated with FI only in the O group.

We further analysed the levels of each biomarker in each age group
considering frail and non-frail subjects separately, and we found that the
levels of GDF15 were significantly higher in frail subjects with respect to
age-matched, non-frail subjects in O, NG and C groups (Fig. 2A). Once
again, it is to remark that in the A group only one frail subject was
present, so no statistical comparison with non-frail subjects was
possible. Regarding FGF21 and NfL, significant differences were present
in NG and C groups (Fig. 2B-C), while for sSRAGE a significant difference
was present only in the O group (Fig. 2D).

Our previous study showed that high levels of GDF15 and FGF21
were associated with decreased survival (Conte et al., 2019). NfL is re-
ported to be associated with mortality, too (Wurm et al., 2024). We then
wondered whether such an association between these biomarkers and
decreased survival could actually be due to the association with FI. We
thus evaluated survival curves at 3 years from recruitment (Fig. S1). The
subjects were divided into two groups according to the median of each
biomarker (low and high plasma level) and Kaplan-Meier analysis
indicated that GDF15 and NfL were significantly associated with sur-
vival in the NG and C groups, with high levels of both biomarkers
associated with lower survival (Log Rank 0.013 for GDF15 and <0.001
for NfL) (Fig. 3A-B); however, a univariate Cox regression analysis
revealed that the association with survival of GDF15 but not NfL. was
affected by frailty status (HR: 2.245, 95 % CI: 1.20-4.18; p = 0.011 for
GDF15; HR: 1.803, 95 % CI: 0.95-3.43, p = 0.72 for NfL).
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Fig. 1. Frailty index (FI) in age groups: adults (A), older people (O), nonagenarians (NG), centenarians (C). (A) regression analysis of FI and age in A, O, NG and C.
(B) Prevalence of non-frail and frail subjects by age group. (C) FI in non-frail (NF) and frail (F) subjects, in each age group (left panel), data are expressed as mean +
SE, p-value refer to Kruskal-Wallis test; p values of pairwise comparisons between each age groups in NF (grey table) and F (black table) cohorts (right panel).
Bonferroni correction was applied for the 6 multiple comparisons performed in NF and F.

Table 1

Spearman correlation analysis between biomarkers and FI.
Spearman correlation with F.I. A (o] NG C

p p p p p p p p

GDF15 0.124 0.288 0.282 0.002 0.390 < 0.001 0.315 < 0.001
FGF21 0.007 0.952 0.226 0.014 0.324 < 0.001 0.229 0.003
SRAGE —0.006 0.958 0.220 0.017 0.048 0.619 —0.030 0.704
NfL 0.055 0.638 0.187 0.043 0.522 < 0.001 0.395 < 0.001

Note: A: adults; O: older people; NG: nonagenarians; C: centenarians.

3.2. GDF15 and NfL differently interact with FI and survival

To better understand the possible interplay among biomarkers and
between biomarkers and frailty, we performed a network analysis
applying Selection Operator (EBICglasso) method (hyperparameter set
at 0.5 and stability of the centrality indices and edge accuracy both
estimated with 1000 bootstraps; data not shown) and a principal
component analysis (PCA). Fig. 4A shows the estimated network struc-
ture for the four biomarkers, FI and survival of the subjects. The corre-
lation strength between parameters is represented by the thickness of
the line connecting the nodes. Positive correlations were represented in
blue, while negative correlations were represented in red. The strongest
correlations are found between GDF15 and FI and between FI and sur-
vival. In agreement with the above-described data, GDF15 but not NfL is
connected to survival mainly via FI; therefore, it can be inferred that
GDF15 is an accurate marker for frailty, whose effect on survival is
mediated by its association with frailty, while NfL is a direct predictor of
poor survival.

PCA was applied to explore the importance of these biomarkers in
determining frail and non-frail individuals. The plasma levels of GDF15,
FGF21 and NfL contributed the most to component 1, which explained
40.9 % of the variance in the data. The second component explained

24.1 % of the variance in the biomarker’s levels, with SRAGE contrib-
uting most to this component. The scores for these two components were
significant (p < 0.001), and the score plot of the PCA showed that frail
subjects were characterized by all these biomarkers (Fig. 4B).

3.3. GDF15 and NfL can be used to classify frail subjects by a Random
Forest Decision (RFD) model

Based on the results described so far, we wanted to assess whether
the four biomarkers can discriminate between frail and non-frail sub-
jects. We therefore applied the RFD model, which indicated GDF15,
FGF21, sRAGE, and NfL as effective factors for estimating frailty status.
Among the combinations extrapolated from the RFD, those that showed
the greatest predictive capacity (>88 %) are reported in Table 2. A
subject is considered non-frail in the first five cases (Rules 1-5), frail in
the last two cases (Rules 6-7). A schematic representation of the decision
tree is shown in Fig. S2.

The performance of RFD in assigning subjects to the correct frailty
group (validation group) is characterized by a high level of sensitivity
(75.38 %), specificity (89.06 %), precision (87.50 %), accuracy
(82.17 %) and F-score (0.81), as reported in Table 3. The ROC curves
reported in Fig. 5A reveal an Area Under the Curve (AUC) equal to 0.91
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Fig. 3. Kaplan-Meier survival curves.Cumulative survival curves in nonage-
narians and centenarians clustered according to their GDF15 (A) and NfL (B)
plasma levels. Cumulative survival is expressed on the y-axis, while time (days)
of the observation period is expressed on the x-axis.

(95 % confidence interval: 0.85-0.98) corresponding to a high level of
accuracy as proposed by Swets (1988). In the construction of the Forest,
NfL is the marker that was used most (54 %), followed by GDF15 (22 %),
FGF21 (13 %) and sRAGE (11 %).

Since the level of GDF15 and NfL seemed to predict survival, we
wanted to verify whether our model may help refining survival predic-
tion over FI. We then performed a Kaplan-Meier analysis of 3-year sur-
vival, and we found that concordance or discordance between FI-based
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Fig. 4. Interplay among biomarkers and frailty index (FI). (A) Network based
on thresholder EBICglasso correlations among biomarkers, FI and days of sur-
vival; positive edges are blue and negative edges are red. (B) Principal
component analysis (PCA) in non-frail (grey dots) and frail (black dots) sub-
jects; plot shows the association of the different biomarkers with frail group.
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Table 2
Random Forest Decision Model for frailty. Rules (R) extracted through random
forest. Biomarkers’ concentrations are expressed in pg/ml.

Random Forest Decision Model Probability
(%)

R1 If GDF15 < 1131 then: NON-FRAIL 97.3

R2 If GDF15 = 1131-1992 and NfL < 23 then: NON-FRAIL 97.2

R3 If GDF15 = 1131-1992 and NfL > 23 and sRAGE > 1108 98.1
and FGF21 < 841 then: NON-FRAIL

R4  If GDF15 = 1131-1992 and NfL > 23 and sRAGE > 1108 88.7
and FGF21 > 841 then: NON-FRAIL

R5 If GDF15 = 1131-1992 and NfL > 23 and sRAGE < 1108 90.7
and FGF21 < 841 then: NON-FRAIL

R6 If GDF15 = 1131-1992 and NfL > 23 and sRAGE < 1108 98.4
and FGF21 > 841 then: FRAIL

R7  If GDF15 > 1992 then: FRAIL 96.8

Table 3

Performance of testing models in the validation group. TP, TN, FP, and FN are
the parameters used to evaluate accuracy, precision, sensitivity, specificity and
F-score.

VALIDATION GROUP (N = 129)

Predicted Frail Predicted Non-Frail Total

FI > 0.25 49 (TP) 16 (FN) 65 (TP-+FN)
FI < 0.25 7 (FP) 57 (TN) 64 (FP+TN)
Total 56 (TP+FP) 73 (FN+TN) 129 (N)
Accuracy 0.82

Precision 0.88

Sensitivity 0.75

Specificity 0.89

F-Score 0.81

Note: Accuracy = (TP+TN)/(TP+FP+TN+FN); Precision = TP/(TP+FP);
Sensitivity = TP/(TP+FN); Specificity= TN/(FP+TN); F-Score = 2 x ((Precision
x Sensitivity)/(Precision + Sensitivity)). TP: true positive counts; TN: true
negative counts; FP: false positive counts; FN: false negative counts.

and RFD model-based diagnosis of frailty produced clearly different
survival curves. In particular, subjects diagnosed as non-frail by both FI
and RFD model have a better survival with respect to those considered as
non-frail only by FI but not RFD model (Fig. 5B). At variance, subjects
diagnosed as frail by both FI and RFD model have a lower survival with
respect to those considered as frail only by FI but not RFD model
(Fig. 5C).

4. Discussion

The interest in implementing frailty assessment is emerging in order
to enhance the accuracy of traditional risk- and disease-focused
approach, with the aim to improve identification of those individuals
who may have an increased risk of death though they may appear stable
and capable of withstanding the stresses of procedures, treatments, and
surgery. In this framework, the combination of blood-based biomarkers
assessment and FI assessment could contribute to improve the stratifi-
cation of patients at increased risk of severe outcomes. The concept of
frailty, originally introduced by Fried et al. (2001) and Rockwood and
Mitnitski (2007), evolved over time; nowadays different types of frailty
are recognized (physical, social, cognitive, psychological, etc.). We
focused on physical frailty, which becomes more frequent with
advancing age, independently of the definition used (frailty as a syn-
drome or a deficit accumulation). In a recent review, Kim and Rockwood
(2024) discussed the importance of frailty in older adults and how to
manage it, indicating the burning interest of this topic for geriatricians
and gerontologists. In this study we tested the hypothesis that bio-
markers of aging can also be used to identify frail subjects. In fact,
grading of frailty through the evaluation of deficit accumulation is a
relevant and proxy estimate of biological age (Diebel and Rockwood,
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2021). Therefore, it is straightforward to think that biomarkers of age
could be associated with frailty and could supplement the classical
clinical and functional record-based approach for frailty assessment, as
recently proposed (Salvioli et al., 2023). The use of biomarkers of age in
frailty identification may even provide useful surrogate outcome mea-
sures that can be used in intervention studies to reduce the rate of aging.

The biological mechanisms at cellular and sub-cellular levels that
underlie frailty are not totally clear but, according to the GeroScience
concept, they are likely shared with the aging process and include
chronic inflammation, cellular senescence, mitochondrial dysfunction,
and deregulated nutrient sensing (Kennedy et al., 2014; Lopez-Otin
et al., 2023). In this perspective, we decided to focus our study on
GDF15, FGF21, sRAGE, and NfL as they are considered informative on
crucial hallmarks of aging as defined by Lopez-Otin et al. (2023). In
particular, GDF15 is considered a reliable marker for mitochondrial
stress, is a component of the senescence-associated secretory phenotype,
and it is involved in modulating inflammation (Tanaka et al., 2018;
Conte et al., 2019; Moon et al., 2020). Interestingly, it is associated to a
number of age-associated disorders including cachexia and sarcopenia,
this latter being a typical feature of frailty (Conte et al., 2022). FGF21 is
involved in the response to metabolic stress and is considered a reliable
marker of healthy aging, even though there are data indicating that it is
mediator of muscle loss and premature aging induced by Opa-1 defi-
ciency (Zhang et al., 2012; Conte et al., 2021; Tezze et al., 2017). SRAGE
has protective effects against inflammation likely by sequestering li-
gands that include Advanced Glycation End products, S100/cal-
granulins, HMGB1-proteins, amyloid-beta peptides, and the family of
beta-sheet fibrils, even though its plasma levels have been associated
with many geriatric conditions including acute coronary syndrome
(Bierhaus et al., 2005; Jensen et al., 2015). Finally, NfL is considered as a
reliable marker of neuronal damage, but is also showing a positive as-
sociation with all-cause and cardiovascular mortality (Giacomucci et al.,
2022; Lohner et al., 2025). Most importantly, as mentioned in the
Introduction section, all these biomarkers have also been studied in
relation to biological age (Tanaka et al., 2018; Conte et al., 2019, 2022;
Scavello et al., 2019; Gaetani et al., 2019). They have also been occa-
sionally investigated for possible association with frailty in the recent
past (Boreskie et al., 2020; Lu et al., 2022; Kamper et al., 2024; Laghi
et al., 2024), with different results, but they were never considered
together.

We have investigated the possible association of plasma levels of
these 4 biomarkers with FI, assessed on a 45 items-base in a population
of 463 community-dwelling subjects aged 50-113 years. The main
findings of this study are the following: i. FI is associated with the
plasma levels of GDF15, NfL. and FGF21, but not with sRAGE; ii. among
the 4 biomarkers analysed, GDF15 and NfL are the most important for
differentiating frail from non-frail subjects; iii. these two biomarkers are
also associated with survival in a three-year follow-up in nonagenarians
and centenarians, however, the effect of GDF15 on survival appears
mediated by its association with FI, whereas NfL does not show this
mediation. This is reasonable, given the strong association of GDF15
with age-related diseases and several geriatric conditions (Conte et al.,
2021; Tanaka et al., 2018), which are also considered calculating FI as
deficit accumulation. On the other side, the fact that the association of
NfL with survival is not (or at least not totally) mediated by the asso-
ciation with FI may reflect distinct roles of NfL not only as a marker of
cognitive decline leading to frailty, but also - and probably most
importantly — as a marker of physical frailty leading to death. Further
studies should be necessary to clarify this point.

At this stage, we wanted to explore the possibility that a Random
Forest Decision (RFD) model could be built up using the plasma levels of
these 4 biomarkers to identify frail and non-frail subjects. This method is
popular in medicine due to its intuitiveness and comparability to clini-
cians’ clinical decisions. Random forests were developed as a whole
learning method based on a collection of decision trees, where the
overall random forest prediction is the ensemble average or majority
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Fig. 5. Analyses of the ability of the algorithm. (A) Comparison of ROC curves of frail (light blue) and non-frail subjects (red) from the random forest model (B)
Cumulative survival curves of non-frail subjects; grey line: all subjects; blue line: subjects defined as non-frail by both FI and RFD model; light red line: subjects
defined as non-frail by FI but not RFD model. (C) Cumulative survival curves of frail subjects; black line: all subjects; blue line: subjects defined as frail by both FI and

RFD model; red line: subjects defined as frail by FI but not RFD model.

vote. Overfitting is minimized using a random selection of subjects and
predictor variables during the construction of trees in the random forest.
Random sampling of predictor variables at each decision tree node re-
duces the correlation among the trees in the forest and thereby improves
the precision of the ensemble predictions (Breiman, 2021). This work
generated an RFD model that can correctly classify people as frail or
non-frail with an accuracy of 82 %. In order to confirm the validity of
our classification and to explore its possible added value over FI, we
analysed the survival curves of nonagenarians and centenarians (for
which a 3-year follow-up was available) and demonstrated that
concordance or discordance between FI and RFD model in posing the
diagnosis of frailty are characterized by different survival curves, indi-
cating that the evaluation of the four biomarkers can contribute in
refining the prediction of frailty outcomes on medium-long term.

Finally, it is worth noting that the variations in the concentrations of
the considered biomarkers displayed a monotonal trajectory until
extreme age (i.e., centenarians), except for SRAGE. Contrary to this
finding, it has been previously reported that SRAGE decreases with age
(Giacomucci et al., 2022). Of note, however, that in this study the
decrease of SRAGE concentrations was driven by the cleaved form of the
full-length RAGE, while we have measured the whole SRAGE, including
the es-RAGE derived from alternative splicing of the primary transcript,
which seems unchanged. It is therefore likely that this technicality can
account for this discrepancy. However, further studies are needed at this
stage to confirm or discard the association of sSRAGE with age.

As a whole, this study suggests that biomarkers informative on

mitochondrial stress, cell senescence, metabolic stress, inflammation,
and neurodegeneration, namely GDF15, FGF21, sRAGE, and NfL can
provide invaluable information about physical frailty in community-
dwelling subjects, especially if considered in combination. In partic-
ular, we have created RFD model based on the plasma levels of these
biomarkers that can classify quite precisely subjects as frail or non-frail,
and that can help implementing the prediction power of FI on a popu-
lation of community-dwelling people.

The major strength of this study is the use of advanced statistical
techniques that allowed the generation of an algorithm (Table 2),
created on a dataset obtained from real-world community-dwelling
people, encompassing the whole human lifespan from late adulthood to
extreme longevity (centenarians and super-centenarians). This study
also has some limitations that must be acknowledged, among which the
first is the relatively low number of subjects investigated, with a limited
follow-up. It is however to note that many other studies on frailty have
made use of similar or even smaller numbers of subjects, indirectly
supporting the validity of our results (van Sleen et al., 2023; Zhou et al.,
2024). A second limitation is the lack of a further, independent valida-
tion cohort, which is difficult to obtain in particular for the extreme ages
(nonagenarians and centenarians). A third limitation is that in other
settings (e.g. those characterized by acute illness), the RFD model might
not work as well, having been trained with biomarkers values obtained
from people in a stable health condition. A fourth limitation could be the
presence of possible unnoticed biases, as economic and psychosocial
aspects that may somehow affect the level of the considered biomarkers.
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Larger studies will be necessary to validate the proposed model in
different clinical settings.
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