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A B S T R A C T

Sarcopenia is an age-related multifactorial process that involved several biological mechanisms, whose specific
contribution and interplay is still unknown. The present study proposes prognostic networks based on machine
learning approaches to unravel the interplay among those biological mechanisms mainly involved in the de-
velopment of Sarcopenia. After analyzing 114 biological and clinical variables in adults older than 70 years, and
using all the biological prognostic networks detected by machine learning with accuracy higher than 82%, we
designed a consensus classifier based on majority vote that improve the predictive accuracy of Sarcopenia up to
91%. Additionally, we applied logistic regression analysis to propose the interplay among the most dis-
criminative biological variables of Sarcopenia: anthropometry, body composition, functional performance of
lower limbs, systemic oxidative stress, presence of depression and medication for the digestive system based on
proton-pump inhibitors. Our data also demonstrate that besides a loss of muscle mass, impairments on functional
performance of lower limbs are more relevant for develop Sarcopenia than those affecting the muscle strength.

1. Introduction

Sarcopenia is a burdensome geriatric syndrome characterized by a
loss of muscle mass and strength as well as impaired functional per-
formance (Cruz-Jentoft et al., 2010a, b). Nowadays, the prevalence of
Sarcopenia in adults over 70 years of age is higher in women (35.3%)
than men (13.1%) (Coto Montes et al., 2017). Besides female gender,
other risk factors of Sarcopenia have been recently described including
advanced age, low physical performance, malnutrition, depression,
hypertension and pre-frailty (Coto Montes et al., 2017). Several cellular
and molecular deregulations can be associated with Sarcopenia in-
cluding an increased oxidative stress, a pro-inflammatory state, al-
terations in protein synthesis and/or degradation as well as fat in-
filtration in the muscle that increase its sensibility to apoptosis (Bellanti
et al., 2018; Brzeszczynska et al., 2018; Coto Montes et al., 2017; Cruz-
Jentoft et al., 2010a, b; Marzetti et al., 2012; Tong et al., 2011; van Dijk
et al., 2018v). Given its multifactorial character, involving several dif-
ferent biological mechanisms, whose specific contribution and interplay

is still unknown, it is really complicated a precise diagnosis of Sarco-
penia as well as the development of effective preventive and ther-
apeutic strategies. In the present study, we applied machine learning
techniques and logistic regression analysis in a set of data obtained
from a retrospective study to unravel interplay among those biological
mechanisms mainly involved in the development of Sarcopenia.

2. Material and methods

2.1. Setting and population sample

The participants represent an urban population sample (N=200) of
older (≥70 years) people belonging to the FRADEA (Frailty and
Dependence in Albacete) cohort, which has been extensively described
in previous publication set (Abizanda et al., 2011; Caballero et al.,
2014; Coto Montes et al., 2017). All the data used in this study were
obtained through a valid signed informed consent form from each
participant or participant's guardian after been informed about the
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purposes and goals of the study. This research complied with the De-
claration of Helsinki concerning research with humans. The description
of the variables (N=114) studied in the population is listed in sup-
plementary Table 1. Sarcopenia was diagnosed by applying the algo-
rithm proposed by the European Working Group on Sarcopenia in Older
People (EWGSOP) (Cruz-Jentoft et al., 2010a,b). By this way, and ac-
cording with the cut-off points applied in our previous studies (Coto
Montes et al., 2017), presence of Sarcopenia was detected with a low
skeletal muscle index (SMI, ≤ 8.31 kg/m2 for men and ≤ 6.68 kg/m2

for women) together with a low gait speed (< 0.8m/s) and/or poor
grip strength on the dominant hand (≤ 30 kg for men and ≤ 20 kg for
women). The methodology of the study variables has been extensively
described in our previous works (Abizanda et al., 2011; Caballero et al.,
2014; Coto Montes et al., 2017).

2.2. Machine learning methodologies

Machine learning analyses were applied to implement a consensus
classifier based on majority voting over a set of high-discriminative
variables networks in order to optimally separate the population be-
tween healthy (G1) and sarcopenic (G2) participants, exploring its
uncertainty space to make decisions, as described previously (Cernea
et al., 2018; De Andres-Galiana et al., 2015, 2016a,b). This metho-
dology is summarized in Fig. 1. Briefly, this mathematical methodology
is based on the estimation of the Fisher´s ratio (FR) to detect high-
discriminative variables (headers) and low-discriminatory variables
(helpers) in the samples classification (G1 versus G2). Then, we calcu-
lated the shortest list of prognostic variables with the highest predictive
accuracy, based on Leave-One-Out-Cross-Validation (LOOCV), as de-
scribed previously (Cernea et al., 2018). A random sampler will find the
high-discriminatory prognostic networks with the highest predictive
accuracy and stability, by considering both headers and helpers vari-
ables, given that high-discriminatory variables (headers) serve to span
the main features of the classification, whilst variables with lowest
discriminatory ratios (helpers) account for the details in the dis-
crimination. Next, a consensus classifier based on majority vote was
implemented to predict the class (G1 or G2) of new incoming samples.
This algorithm used all the equivalent networks that have been sampled
with a predictive LOOCV accuracy higher than 82%. Finally, a fre-
quency classification analysis showed those most frequent variables in
the samples classification.

Notably, this methodology was applied considering the following
sceneries:

(A) All the prognostic variables of the study, except the Skeletal-Muscle
Index (SMI) (n= 113).

(B) All the prognostic variables, excluding the SMI and those measures
obtained by bioelectrical impedance analysis (BIA, n=90).

(C) All the prognostic variables, excluding the SMI, BIA measures and
functional performance variables (n=78).

We should note that, the values of SMI are the most relevant data to
detect presence of Sarcopenia in the elderly (Cruz-Jentoft et al., 2010a).
Due to this, SMI data was excluded from the machine learning analysis,

since that it would have the most discriminative potential, so that it
could affect the real predictive value of the rest of variables included in
the study. BIA measures and/or those related to the functional perfor-
mance were also excluded in the sceneries B and C, respectively, in
order to identify the discriminative potential of those variables that are
not directly related to current criteria for diagnosing Sarcopenia at the
clinical practice.

The stability of high-discriminative prognostic networks was ex-
amined by random hold-out experiments, using 75% of samples for
training and 25% for validation, as well as a simple statistical analysis
of the random hold-out results, providing the median, accuracies, the
inter-quartile and the standard deviation of the predictive accuracy.

2.3. Statistical analysis

Pearson´s correlation coefficients were calculated to show correla-
tions network among the most discriminative variables (headers) of
Sarcopenia. Bivariate logistic regression was performed, including
those variables most frequents in the samples classification. The cali-
bration of this logistic equation was performed by the R2 determination
coefficient, and the area under the receiver operator characteristic
(ROC) curve with its 95% confidence intervals. The model fit was
verified using the Hosmer-Lemeshow goodness-of-fit test as well as its
prognostic sensibility based on percentages of predictive successes total
and for each class (G1 and G2). Statistical analyses were performed
using SPSS, version 15.0 for Windows (SPSS Inc., Chicago, IL, USA).

3. Results

The baseline characteristics of the population sample are detailed in
supplementary Table 1. According to our previous studies (Coto Montes
et al., 2017) a 26% (n=52) of Sarcopenia prevalence was observed.
Among them, a 23.1% (n=12) of participants with decreased skeletal
muscle mass and slow gait speed was observed. 28.8% (n= 15) of the
participants showed decreased skeletal muscle mass and poor grip
strength on the dominant hand. Notably, a total of 48.1% (n=25) of
the participants presented decreased skeletal muscle mass together with
slow gait speed and deficient hand-grip strength, which might represent
elderly individuals with a severe Sarcopenia, as considered by the
EWGSOP (Cruz-Jentoft et al., 2010a, b).

The distribution of Fisher’s ratio (FR) of all variables is shown in
Fig. 2A. The curve presents 3 regions: (1) the variables with FR greater
than 0.8 (n=10). (2) The central part with FR between 0.8 and 0.1
(n= 18). (3) The tail, with FR lower than 0.1 (n=84), where the curve
gets almost horizontal. These last are helper variables and serve to
expand high-frequency details in the samples classification (Saligan
et al., 2014). Additionally, those variables with the highest dis-
criminatory power (header variables, n= 28), as considered by a FR
equal or higher than 0.1, are listed in Fig. 2B, thus providing those
variables that optimally separate both classes (G1 versus G2). The
variable with the highest discriminative power was the fat-free mass
(FFM) with a FR of 1.06 (Fig. 2B).

The correlations network among these 28most predictive variables
for Sarcopenia is showed in Fig. 3. The fat-free mass (FFM) was the
header prognostic variable with 3 sub-headers, the muscle mass on the
right leg (RLMM), the fat-free mass of the trunk (TrFFM) and the muscle
mass on the right arm (RAMM). These variables have strong correlation
with the FFM of 0.92, 0.97 and 0.94, respectively, and delimit three
main predictive branches in this correlations network. Notably, dif-
ferent BIA measures in legs, trunk and left arm together with anthro-
pometry data (weight, the body muscle index and abdominal girth)
correlated to RLMM. BIA measures in the trunk, epidemiological and
clinical variables (gender, height, and depression) as well as functional
performance data (gait speed and grip force) correlated to TrFFM. Fi-
nally, BIA measures on the right arm, the upper limb performance,
weekly kilocalories consumed and hemoglobin levels correlated toFig. 1. Flow chart of machine learning methodology.
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RAMM (Fig. 3).
The shortest list of predictive variables, ordered by their individual

discriminatory power (FR), together with the best predictive accuracies
obtained for each of the possible sceneries considered (82% for A, 80%
for B and 77% for C) is summarized in supplementary Table 2. Variables
related to epidemiology (gender and height), anthropometry and body
composition (weight, body mass index, and abdominal girth), and
functional performance (weekly kilocalories consumed and hemoglobin
levels) as well as the presence of depression were common among the
three sceneries analyzed (supplementary Table 2).

Table 1 shows the high-discriminatory prognostic networks for
Sarcopenia in the different sceneries considered. By this way, the pre-
dictive accuracy obtained increased to 86.5% in case A, 84.5% in case
B, and 83.5% in case C. Likewise, a stability analysis was performed to
validate these prognostic networks (Table 1, bottom). It can be ob-
served that the median as well as mean accuracies are very close, with
low inter-quartile range and low standard deviations. Therefore, these
prognostic networks can be considered very stable.

The high-discriminatory prognostic network for the scenery A pre-
sented 13 predictive variables. It mainly included BIA measurements,
specifically the fat-free mass and various variables related to body fat
levels (RAF, TF, LAF, TrF, RAFR, RLFR) as well as values of anthro-
pometry (BMI, AG), functional performance (WK, GS4mC) and

medication for the digestive system (D-PPI) and the central nervous
system (D-Bdz) (Table 1).

The high-discriminatory prognostic network for the scenery B pre-
sented 22 predictive variables. It mainly included anthropometry data
(Wg, BMI), measurements of functional performance (GS4mC, RMR,
LC, LTI), biochemistry (Gl, Lk, Try), parameters related to oxidative
stress (LP, TAC) as well as clinical conditions of depression, hyperten-
sion and dyslipidemia (Dp, YI, Hyp, Dl). Medication for the following
systems was also included in this scenery: digestive (D-PPi), nervous
(ND-Bdz, D-Ach), respiratory (D-RS), urinary (D-AU, D-Dr) and cardi-
ovascular (D-C) (Table 1).

The high-discriminatory prognostic network for the scenery C pre-
sented 10 predictive variables. It mainly included weight (Wg), clinical
variables of depression (YI), hypertension (Hyp) and comorbidity
(CHI), biochemistry (Try, Lph) and medication for the following sys-
tems: locomotor (D-LS), cardiovascular (D-H, D-C) and the central
nervous system (D-Adp) (Table 1).

By using all different prognostic networks detected with a predictive
accuracy higher than 82%, we have designed a consensus classifier for
the Sarcopenia that increase the final predictive accuracy up to 91%.
This consensus classifier works by majority voting to predict (G1 versus
G2) the class of new incoming samples. The most frequent variables in
the samples classification are listed in Table 2. The common variables
among the 3 sceneries considered include the body mass index (BMI),
weekly kilocalories consumed (WK), presence of hypertension (Hyp),
dyslipidemia (Dl), systemic levels of lipid peroxidation (LP), neu-
trophils levels (Ntph), the total antioxidant activity (TAC) as well as
drugs for the digestive system (D-PPI) and the central nervous system
(D-Bdz, ND-Bdz) (Table 2).

Fig. 4 shows the interplay among the most frequent variables in the
samples classification and with the major importance in the vote by
majority consensus to predict Sarcopenia in the elderly. Specifically,
this predictive signature included BIA measures (FFM), anthropometry
(BMI, Wg), levels of oxidative stress (LP, TAC), functional performance
(GS4mC) as well as presence of depression and medication for the di-
gestive system (D-PPI) (Fig. 4A). These variables predict a 77.1% of the
variance of Sarcopenia in our population. The Hosmer-Lemeshow
(p > 0.05) test revealed a robust goodness of fit for this regression
model. The discrimination power of this predictive signature was of
97.1% (95% CI, 0.951-0.991, p < 0.001) showing a total sensibility
prognostic of 91.5%, with a 94.6% of successes in the prediction of the
G1 class (healthy participants) in comparison to a 82.7% of successes in
the prediction of the G2 class (Sarcopenia) (Fig. 4B).

4. Discussion

The present study allows to deep into the interplay of those main
biological mechanisms imply in the onset and development of
Sarcopenia. Machine learning methodology has been the initial step to
find those biological variables mainly implicated in the diagnosis of
Sarcopenia. These techniques were already used to solve other medical
problems with clinical data, such as prediction of treatment response in
Hodgkin lymphoma (De Andres-Galiana et al., 2015), and several de-
cision making problems in patients with chronic lymphocytic leukemia
(De Andres-Galiana et al., 2016a). Besides, it has been successfully
applied into bioinformatics modeling of highly dimensional omics data
(Saligan et al., 2014). This methodology revealed that the fat-free mass
is the most discriminative variable for Sarcopenia. Accordingly, the best
prognostic network of Sarcopenia, with a predictive accuracy of 86.5%,
mainly selected those variables related to BIA measures in different
body parts, what could be expected, considering that main predictors of
Sarcopenia are those variables directly or indirectly related to measures
of muscle mass. Notably, body fat data determined by BIA were also
included in this prognostic network. These results support that not only
changes on the lean mass are directly related to Sarcopenia, but also
implies that body fat levels have an important role in triggering

Fig. 2. Discriminative power of the study variables (A) Fisher’s ratio (FR) dis-
tribution for the Sarcopenia classification problem. (1), variables (n=10) with
a FR greater than 0.8 value. (2), variables (n=18) with a FR between 0.8 and
0.1 values. (3), variables (n=84) with a FR lower than 0.1 value. (B) Header
variables (n= 28) with the highest discriminatory power between healthy and
Sarcopenic participants, as indicated by a FR equal or higher than 0.1.
Abbreviations are extensively described in supplementary Table 1.
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Sarcopenia, according to several works that propose fat infiltration in
the muscle as a relevant factor for Sarcopenia development (Auyeung
et al., 2013; Bucci et al., 2013; Coto Montes et al., 2017; Choi, 2013).

Once BIA measurements were not considered, other variables
achieved predictive potential, including anthropometry data, functional
performance of the lower extremities, depression condition, hyperten-
sion as well as different types of medication and biochemical para-
meters, including those related to oxidative stress (systemic lipid per-
oxidation and the total antioxidant capacity). Although we observed
stability in the three prognostic networks showed, we should note that
the predictive combination of variables included in the scenery B was
too big, since 22 predictive variables were included. Therefore, it would
attract less interest for the clinical point of view. This prognostic net-
work also revealed that impairments on functional performance, by
themselves, do not have enough prognostic power for sarcopenia, un-
less they are combined with BIA data. This way, after excluding both
BIA data as well as measures of functional performance in our mathe-
matical modeling, we obtained a prognostic network of Sarcopenia with
the lowest prognostic accuracy (83.5%). Besides these three better
prognostic networks, there are several other predictive combinations
that involve different networks of prognostic variables that may play a
role in the binary classification (Healthy versus Sarcopenia) of the
samples. Using all those prognostic networks with accuracy higher than
82%, we have implemented a consensus classifier by majority vote that
increases the predictive accuracy of Sarcopenia to 91%.

The current diagnosis of Sarcopenia according to the EWGSOP al-
ways takes into account measurements of functional performance (gait
speed) and muscle strength (grip force), besides loss of muscle mass,
indicated by the SMI and assayed by BIA, among other methodologies
proposed (Cruz-Jentoft et al., 2010a). In our mathematical prediction,
we have always excluded the SMI, due to its relevance for the current
clinical diagnosis of Sarcopenia in the elderly (Cruz-Jentoft et al.,
2010a). This way, we were able to study the discriminative and/or
predictive potential of other variables involved in the diagnosis of
Sarcopenia, gait speed and grip force. Notably, both data were identi-
fied as header variables due to their high discriminative power, as in-
dicated by their FR, and both were included in the shortest lists of
predictive variables. We should note that, the predictive accuracy was
always increased when gait speed data were considered in these pre-
dictive lists. Also, the high-discriminative prognostic networks with the
highest predictive accuracy only selected gait speed as prognostic
variable. Additionally, gait speed showed a higher frequency than grip
force in the consensus classifier by majority vote. Given these premises,
our present results strongly support the validity and reliability of the
current European consensus for a clinical diagnosis of Sarcopenia, but
prioritizing the component of functional performance on the lower
limbs over the muscle strength component. Therefore, functional per-
formance of the lower limbs seems to be paramount for the current
diagnosis of Sarcopenia. Accordingly, this component has been also
proposed as the main indicator affected for developing the condition of

Fig. 3. Correlations network among the most predictive variables of Sarcopenia. Pearson´s correlation coefficients were calculated among the most discriminative
variables (header variables) of Sarcopenia. Abbreviations are extensively described in supplementary Table 1.
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pre-fragility in the elderly (Caballero et al., 2014; Cruz-Jentoft et al.,
2010a).

Finally, and based on the most frequent variables for sample

classification and with the highest importance in the consensus by
majority vote, we propose a predictive signature for Sarcopenia, with
high-discriminative power and sensitivity, in order to go deeper into the
interplay among the main biological mechanisms involved in the de-
velopment of Sarcopenia in the elderly. In accord with our results, the
most important variable within this predictive equation was gait speed
at 4m. Although recent works emphasize a low impact of Sarcopenia on
body mass index (Benton and Silva-Smith, 2018), our results demon-
strate a relevant role of changes in body mass for predicting Sarcopenia,
since this variable was the second in importance in our logistic equa-
tion. The next variable of importance in the equation is medication for
the digestive system, specifically proton-pump inhibitors, which are
widely used to treat gastric acid-related disorders. The use of this type
of medication is frequent in older adults and it is important to note that
a long-time therapy with proton-pump inhibitors has been associated
with several adverse effects including anemia, enteric infections, de-
mentia, pneumonia, osteoporosis, bone fractures at multiple sites as
well as ischemic heart and chronic kidney diseases (Vaezi et al., 2017;
Wang et al., 2017). Likewise, prolonged use of proton-pump inhibitors
may also induce myopathies (Vaezi et al., 2017) that increase the risk of
muscle atrophy. Thus, our data support that negative effects of proton-
pump inhibitors on the muscle quality and/or function are risk factors
relevant for developing Sarcopenia in the elderly.

Recent works have demonstrated that depressive symptoms may
increase the age-related deterioration of body composition (Walther
et al., 2017). Accordingly, presence of depression was also included in
our logistic equation. The association between Sarcopenia and depres-
sion has been observed in several recent studies, since this clinical
condition is more than 2 fold prevalent in older adult with Sarcopenia
as compared to healthy older adults (Coto Montes et al., 2017; Chang
et al., 2017; Kilavuz et al., 2018). Other variables with predictive im-
portance in our logistic equation were fat-free mass and the weight. It is
well-known that Sarcopenia causes great impact on the lean mass index
(Benton and Silva-Smith, 2018), and these values have been always the
highest discriminative for Sarcopenia in our mathematical model.
However, when BIA measures were excluded, the weight has achieved a
notable predictive value instead of the fat-free mass.

Finally, measures of oxidative stress, based on systemic lipid per-
oxidation levels and the total antioxidant capacity, were also included
in our logistic model. Oxidative stress has been extensively correlated to
a loss of muscle mass and, therefore, it may favour the onset and de-
velopment of Sarcopenia (Bellanti et al., 2018; Caballero et al., 2014;
Coto Montes et al., 2017; Chung et al., 2018; Marzetti et al., 2012;
Zacarias-Flores et al., 2018). In fact, lipid peroxidation has been re-
cently described as the oxidative stress related most contributing vari-
able to the skeletal muscle loss in Sarcopenia (Zacarias-Flores et al.,
2018). Our recent works also suggest that systemic lipid peroxidation
levels could be used as an early redox biomarker for Sarcopenia de-
tection in independent older adults, before disability or functional de-
pendence appears (Coto Montes et al., 2017). Likewise, it was observed
an association between low levels of antioxidants and adverse clinical
outcomes in the elderly, including deficiencies on functional physical
performance of the upper body extremities (Caballero et al., 2014), the
presence of frailty (Ble et al., 2006), Sarcopenia (Bellanti et al., 2018)
and even an increased risk of death (Li et al., 2011; Shardell et al.,
2011). Therefore, our present data support the fact that oxidative stress
is a key component in the physiopathology of Sarcopenia, in accord
with several works that propose a dietary control based on antioxidants
as one of the best clinical intervention to prevent the onset of Sarco-
penia (Chung et al., 2018; Guescini et al., 2017; Haramizu et al., 2017;
Khor et al., 2014; Molino-Lova et al., 2017; van Dijk et al., 2018v).

Some limitations of this study must be considered. In order to in-
clude as many types of variables as possible, we worked with an urban
population sample of just 200 participants. In this way, longitudinal
studies in population sample of higher size should be performed to
better document the validity and selectivity of our prognostic networks

Table 1
Predictive high-discriminative networks with their corresponding predictive
accuracies together with their stability analysis (bottom table).

Table 2
Most frequent variables in the samples classification based on majority vote in
the different sceneries considered. Common variables among sceneries appear
on grey background. Variables in bold indicate those variables with the most
prognostic importance for each one of the scenery considered (A, B and C).
Abbreviations are extensively described in supplementary Table1.
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and predictive models.

5. Conclusions

On one hand, machine learning approaches had allowed us to define
those biological variables with the highest predictive power for
Sarcopenia. These variables include measures of body composition and
anthropometry, functional performance on the lower limbs, clinical
conditions such as depression, biochemical data that include systemic
levels of oxidative stress as well as medication for the digestive system,
in order to establish the best prognostic networks that distingue be-
tween healthy and sarcopenic older adults. These different prognostic
networks can predict classification of new incoming samples by a
consensus classifier based on majority voting with a high accuracy of
91%. On the other hand, in order to reveal the interplay of those main
biological mechanisms implicated in the onset and development of
Sarcopenia, we propose a predictive signature of high sensibility
(91.5%) and discriminative power (97.1%) based on most frequent
variables and with the major importance in the consensus classifier of
Sarcopenia. Given our present data, in order to maintain quality and
function of muscle mass, it is relevant a dietary control of fat levels,
increase intake of antioxidants and appropriate physical exercises that
increase functionality of the lower limbs. Likewise, it is also important
to provide an emotional and social support to the elderly with
Sarcopenia, as well as a strict control of medication, specifically those
drugs that affect the digestive system.
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