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Abstract

Background While the FRAIL scale has been used in primary care, cluster analysis on frail patients in a hospital set-
ting has not been performed.

Objectives To identify potential subtypes of frail patients, and develop a simple, clinically applicable model
for improved patient management.

Methods The study included 214 frail patients aged 65 and above who were hospitalized in a hospital in Beijing
from September 2018 to April 2019. This study applied the K-means clustering algorithm to analyze 27 variables,
determining the optimal cluster number using the Elbow method and Silhouette coefficient. Key variables for predic-
tive modeling were identified through LASSO (least absolute shrinkage and selection operator) regression, SYM-RFE
(support vector machine-recursive feature elimination), and random forest techniques. A logistic regression model
was then developed to predict patient subtypes, aimed at enhancing clinical identification and management of frailty
subtypes.

Results Clustering analysis distinguished two unique subgroups among the frail patients, revealing significant
disparities in clinical characteristics and survival outcomes. One-year survival rates for Class 1 and Class 2 were 62.51%
and 47.51%, respectively. The logistic regression model exhibited robust predictive capability, with an AUC (Area
under curve) of 0.88. Validation through 1000 bootstrap resamples confirmed the model’s reliability, with an average
AUC of 0.8707 and a 95% Cl (Confidence intervals) of 0.8572 to 0.8792.

Conclusions This study identifies two frailty subtypes in a hospital setting using unsupervised machine learning,
demonstrating significant differences in survival outcomes.

Clinical Trial registration ChiCTR1800017204; date of reqistration: 07/18/2018.
Keywords Frailty, All-cause readmission, Unsupervised machine learning, Older adults

Introduction

Frailty, a unique phenotype of aging syndrome character-
ized by a significant reduction in physiological reserve
and an increased susceptibility to stress events, leads to
adverse health outcomes such as dependency and mor-
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[3].The International Association of Nutrition and Aging
has developed a FRAIL scale (FRAIL), which comprises a
simple questionnaire of five items: fatigue, resistance, ill-
ness, ambulation, and weight loss [4]. Diagnosis of frailty
is established when an individual meets three or more of
these criteria, while meeting one to two items indicates
pre-frailty, and meeting none signifies robustness [5].
Currently, due to its simplicity, this scale has been recom-
mended as an effective tool for the preliminary screening
of frailty among older adults individuals in community
settings [6].

However, the Fried phenotype and FRAIL question-
naire have significant practical limitations: they require
personal interviews with patients [1, 7], which introduces
a strong degree of subjectivity in the results. Frail patients
identified through interviews may exhibit slight varia-
tions in physical health, and applying the same treatment
measures to all may lead to wasted healthcare resources.
Therefore, there is an urgent need for objective methods
(such as objective indicators) to differentiate between
frail patients with better or worse prognoses, enabling
personalized treatment and preventive measures for dif-
ferent patient types.

Profiling or distinguishing subpopulations is a common
practice in various disciplines, such as social sciences,
economics, and medical sciences, which is particularly
relevant for conditions like frailty [8]. Frailty is inherently
heterogeneous, leading to differences in its definition and
assessment [9]. Research indicates that the factors con-
tributing to frailty mainly include demographic and soci-
oeconomic factors (such as advanced age, female gender,
and low income), diseases (comorbidities, obesity, mal-
nutrition), lifestyle choices (sedentary behavior, lack of
exercise), and age-related pathological processes (such
as DNA damage, inflammation, and metabolic imbal-
ance) [10-13]. The combination of these factors further
exacerbates the heterogeneity of frailty, making the iden-
tification of its subtypes particularly important. However,
existing classification methods have not been uniformly
validated, highlighting the necessity of recognizing frailty
subtypes. This variability, along with the potential sub-
jectivity of self-assessment tools like frailty scales, fur-
ther underscores this demand. By understanding these
subtypes, we can better elucidate the complex interac-
tions among the factors affecting older adults individu-
als, thereby refining our understanding of the condition
and enhancing the methods used for its assessment [14,
15]. A research team has used the frailty scale to explore
frailty in primary care settings, emphasizing its relevance
in primary care [16]; however, in a hospital setting, frailty
may be more complex, and its management more critical.

This study endeavors to uncover potential subtypes
within a cohort of hospitalized frail patients using
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unsupervised machine learning techniques, leveraging
medical history, demographic data, and laboratory test
results. The logistic regression model was subsequently
developed to predict each patient’s subtype, providing
clinicians with a streamlined tool for more effective iden-
tification and management of frailty subtypes.

Materials and methods

Data collection and participant selection

A prospective study was conducted based on data from
previous research on frailty in the older adults(defined
as individuals aged 65 years and above in China), collect-
ing information on 1,068 older adults patients who were
consecutively admitted to a tertiary referral hospital in
Beijing, China, from September 2018 to April 2019 [17].
The frailty status of each patient was assessed using the
FRAIL scale, which includes five items: fatigue, ability to
climb one flight of stairs, ability to walk one block, hav-
ing more than five illnesses, and loss of weight greater
than 5%, with each item scoring one point [5]. Patients
with a FRAIL score of less than 3, indicating they were
not considered frail according to the scale’s criteria,
were excluded from further analysis. Consequently, 214
patients who met the criteria for frailty (FRAIL score > 3)
were included in the final analysis. The collected data
encompassed a wide range of variables, including demo-
graphic characteristics (age, gender), medical history
(comorbid conditions, previous hospitalizations), and
clinical parameters observed during the hospital stay
(laboratory indicators, treatments received). The primary
outcomes of interest in this study were defined as either
death or readmission to the hospital within 1 year fol-
lowing the initial hospital discharge. However, the main
focus of this study was to perform clustering analysis on
frail patients and model the resulting subgroups. There-
fore, while the clinical outcomes (death or readmission)
were recorded, the core aim of the study was to catego-
rize frail patients into subgroups for further predictive
modeling of these clusters. These events were system-
atically recorded and verified through hospital records
and follow-up communications with patients or their
families.

Unsupervised machine learning and survival analysis

In this study, 27 variables (the first 27 variables listed
in Table 1) with less than 40% missing values, which
were imputed, as described in Sect. "Data process-
ing and statistical analysis", were analyzed using the
K-means algorithm, a basic yet widely utilized cluster-
ing method in both academia and industry, valued for
its simplicity and efficiency [18]. In this method, data
points are considered in a multidimensional Euclidean
space, with 'k’ representing the number of predefined
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Table 1 Baseline patient characteristics by frailty class
Overall (n=214) Class1(n=114) Class 2 (n=100) p value
Demographic
Age, years 789[73.6,83.5] 78.01[72.8,83.2] 80.3[73.9,83.9] 0.338
Education years 9.0[6.0,14.8] 9.0[6.0,12.0] 11.0[6.00, 15.0] 0.224
Female (%) 115(53.7) 80(70.2) 35(35.0) <0.001
Medical history
Alcohol consumption (%) 56 (26.2) 7(14.9) 9(39.0) <0.001
Multidrug (%) 139 (65.0) 9(51.8) (80.0) <0.001
Hypertension (%) 170 (79.4) 84 (73.7) 86 (86.0) 0.04
Angina (%) 63 (29.4) 7(23.7) 6 (36.0) 0.068
Myocardial infarction (%) 43(20.1) 10 (8.8) 33 (33‘0) <0.001
Coronary heart disease (%) 123 (57.5) 53 (46.5) 70 (70.0) 0.001
Atrial Fibrillation/Flutter (%) 46 (21.5) 19(16.7) 27 (27.0) 0.095
Peripheral artery disease (%) 48 (22.4) 17 (14.9) 31(31.0) 0.008
Diabetes (%) 93 (43.5) 32(28.1) 61(61.0) <0.001
Dyslipidaemia (%) 127 (59.3) 59(51.8) 68 (68.0) 0.023
Chronic lung disease (%) 25(11.7) 10 (8.8) 15(15.0) 0.229
Renal insufficiency (%) 65 (30.4) 26 (22.8) 39 (39.0) 0.015
Stroke/TIA (%) 81(37.9) 43 (37.7) 8(38.0) 1
History of surgery before hospitalization (%) 143 (66.8) 67 (58.8) 76 (76.0) 0.012
Readmissions in the Past Year 1.95(1.21) 1.68 (1.00) 2.26 (1.36) <0.001
Anthropometric and Laboratory Measurements
BMI, l<g/m2 24.60 (4.09) 23.20 (4.10) 26.19 (3.46) <0.001
BSA, m? 1.69 (0.18) 1.59(0.14) 1.81(0.14) <0.001
Heart Rate, beats per min 73.0[64.3,83.0] 73.0[64.3,83.8] 72.5[64.8,82.3] 0.821
Creatinine, umol/L 71.0[56.5,93.0] 63.5[51.6,79.8] 84.0 [63.0, 109.0] <0.001
hsCRP, mg/L 251[1.0,104] 2.01[1.0,109] 2911.0,9.7] 0485
NT-proBNP, pg/mL 531411304, 1513.5] 324.6197.2,908.7] 703.0[194.9,2133.0] 0.001
HbA1c, % 64159,72] 6.11[5.6,6.7] 6.9[6.2,7.8] <0.001
Echocardiographic parameters
Left atrial anteroposterior diameter, mm 38.0[34.0,43.0] 35.0[32.0,39.0] 41.0[37.8,46.0] <0.001
LVEF, % 62.0 [59.5, 65.0] 65.0 [60.0, 65.0] 60.0 [45.0,63.3] <0.001
Death or Readmission 92 (43.0) 41 (36.0) 51(51.0) 0.038
Frail (%)
3 163 (76.2) 94 (82.5) 69 (69.0) 0.052
4 47 (22.0) 19(16.7) 28(28.0)
5 419 1(0.9) 3(3.0)

clusters [18, 19]. The optimal K value obtained through
the Elbow Method and the Silhouette Method [20, 21].
Subsequently, with the classification based on cluster
results, Kaplan—Meier curves were drawn using death
or rehospitalization as the endpoint events [22]. In the
survival analysis, the status variable was defined as ’0’
for patients who were alive and ’1’ for those who expe-
rienced readmission or death within 1 year. The sur-
vival analysis started at the time of patient admission
and ended when the event of interest occurred or when
the follow-up concluded.

Variable selection

To enhance the practicality of this classification for
clinical physicians, we endeavored to construct the pre-
dictive classification model using as few variables as
possible. Machine learning is more adept at manag-
ing high-dimensional data(characterized by numerous
variables and complex relationships) compared to tra-
ditional statistical methods [23]. Hence, LASSO regres-
sion, SVM-RFE, and random forest were employed for
variable selection [24—26]. The variables filtered through
three different approaches were intersected, after which
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a collinearity examination was conducted using the Vari-
ance Inflation Factor (VIF) to exclude variables with high
VIF values, thereby finalizing the variables for the model.

Model building and validation

In this study, models were constructed and validated
using a variety of classifiers (DT—decision trees, KNN-k-
nearest neighbors, SVM—support vector machines, LR—
logistic regression, and RF—random forests) through the
“mlr3” package, with prediction outcomes presented as
probabilities [27]. Employing a fivefold cross-validation
approach allowed for the evaluation of model perfor-
mance based on accuracy, precision, recall, F1 Score and
AUC metrics. Following this, the constructed models
underwent internal validation through 1000 bootstrap
resamples [28]. The optimism-adjusted AUC was calcu-
lated using Bootstrap resampling with 1,000 iterations
[29]. In each iteration, a model was trained on a Boot-
strap sample drawn from the original data set, and the
AUC was computed on both the resampled data (act-
ing as the training set) and the original data set (used as
the validation set). The optimism bias was calculated as
the difference between the AUC on the resampled data
and the AUC on the original data set (Optimism=AUC
on resampled data—AUC on original data set). The final
adjusted AUC was obtained by subtracting the mean
optimism across all iterations from the original AUC
(Adjusted AUC=Original AUC—Mean Optimism).

Data processing and statistical analysis

Considering the high-dimensional nature of the data,
imputation of missing data was performed using the
learner (regression tree learner) from the mlr3 package
in R [27, 30]. The continuous variables were standardized
before the cluster analysis [20]. Details on the specific
proportions of missing data can be found in the supple-
mentary material (Table S1). All analyses in this study
were performed using R (v4.2.2). Analysis of variance was
used for normally distributed continuous variables, the
Pearson chi-square test for categorical variables, and the
Mann—Whitney test for non-normally distributed data.
Continuous baseline variables were presented using the
mean with standard deviation (SD) or median with inter-
quartile range (IQR) where applicable. All P values were
two-sided, and a P value of <0.05 was considered statisti-
cally significant.

Ethics statement

The study conformed to the Declaration of Helsinki and
was approved by the Ethics Committee of Beijing Hospi-
tal (No. 2018BJYYEC-121-02). All participants gave their
written informed consent.
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Results

Characteristics and clustering of hospitalized frail patients

This study included a total of 214 patients with FRAIL
scores greater than or equal to 3. The median age and
interquartile range (IQR) were 78.9 [73.6, 83.5], with
115 females (53.7%). A majority of the patients had
hypertension, totaling 170 individuals (79.4%), and
the predominant portion of the cohort, consisting of
163 patients (76.2%), had Frail scores equal to 3. Uti-
lizing the Elbow method (Fig. 1A) and the Silhouette
method (Fig. 1B), the optimal number of clusters was
determined. The best number of clusters was identified
as two when the Average Silhouette Width exceeded
the value of 2. Subsequently, the results of the cluster-
ing were displayed using a PCA plot (Fig. 1C), which
revealed a satisfactory degree of separation between
the two distinct subpopulations within the cohort.

Clinical features and Kaplan-Meier survival analysis

Prior to descriptive analysis, the normality of the vari-
ables was assessed using the Shapiro—Wilk test, with
results presented in Supplementary Table S2. Descrip-
tive statistics were performed for two distinct classes
of the population, detailed in Table 1. The study segre-
gated 214 hospitalized frail patients into two distinct
classes, with Class 1 comprising 114 patients and Class
2 consisting of 100 patients. Class 1 is characterized by
a higher proportion of females (70.2%) and a median
Left Ventricular Ejection Fraction (LVEF) of 65%. Class
2 differs significantly, with higher rates of alcohol con-
sumption (39%), polypharmacy (80%), myocardial
infarction (33%), coronary heart disease (70%), diabe-
tes (61%), and a mean of 2.26+1.36 readmissions in
the past year. Additionally, the Body Mass Index (BMI)
of 26.19+3.46 and left atrial anteroposterior diameter
(41 mm) also demonstrated significant differences from
Class 1.

During the 1-year observation period, the survival rate
of Class 1 was higher than that of Class 2. Specifically,
the 1-year survival rate for Class 1 was approximately
62.51% (95% CI 54.06—72.28%), while that for Class 2
was 47.51% (95% CI 38.41-58.77%). The standard errors
were 4.63% for Class 1 and 5.16% for Class 2, respectively.
The Kaplan—Meier survival analysis underscored a sta-
tistically significant difference in outcomes between the
two classes, with Class 2 showing a higher rate of event
within 1 year, the log-rank test resulted in a p value of
0.036 (Fig. 2). The Kaplan—Meier curves were separately
plotted for mortality within 1 year and rehospitalization
within 1 year as the endpoint events. Figure S4 shows the
survival curves for the two frailty subtypes with mortality
within 1 year as the endpoint (p=0.33), while Figure S5
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<« Fig.1 A Elbow Method for Optimal Cluster Determination in Frailty
Analysis. B Silhouette Method Visualization for Cluster Validation
in Frail Patients. C PCA Plot Showing Clustering of Hospitalized Frail
Patients into Two Subtypes

shows the survival curves with rehospitalization within
1 year as the endpoint (p=0.034).

Variable selection for predictive modeling

To accurately identify two subtypes for clinical screen-
ing with a minimal set of variables, supervised learning
models were employed using variables from a database.
LASSO, SVM-RFE, and random forest methods were
utilized for variable reduction.

LASSO regression produced a cross-validation error
plot (Fig. 3A) and a coefficient path plot to visually dem-
onstrate how the model coefficients change with different
X values (Fig. 3B), ultimately selecting between 11 to 17
variables.

Subsequently, the support vector machine—recursive
feature elimination (SVM-RFE) method was applied,
using fivefold cross-validation as the model assessment
method, to identify and select the subset of features most
relevant to the target variable, with the top 10 variables
being chosen.

Finally, a random forest model with 1000 trees was
constructed, and the model’s performance was evaluated
with an error curve plot (Fig. 3C), which determined that
a configuration of 587 trees minimized the error rate. The
model was retrained with 587 trees, and a feature impor-
tance plot was created (Fig. 3D), selecting the top 10 fea-
tures. The detailed variables selected by each of the three
algorithms are presented in the supplementary material
(Table S3). By intersecting the results from these three
methods, five variables were identified: BSA, left atrial
anteroposterior diameter, LVEF (left ventricular ejec-
tion fraction), creatinine, and diabetes. After conducting
a collinearity test to ensure a Variance Inflation Factor
(VIF) <2, BSA was excluded, leaving the left atrial anter-
oposterior diameter, LVEF, creatinine, and diabetes as the
final selection of features for our predictive classification
model.

Performance of predictive models

To select a suitable model algorithm, this study imple-
mented various machine learning classification methods
for benchmark testing, utilizing fivefold cross-validation
as the resampling strategy for model assessment. The
performance metrics assessed included Accuracy, Pre-
cision, Recall, F1 Score, and Area Under the Curve
(AUC) (Table 2), with a selection of results visually pre-
sented in Supplementary Figures S2 and S3. The results
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indicated that logistic regression achieved the highest
AUC of 0.8619. Utilizing logistic regression to construct
the model yielded an AUC of 0.88, with the formula and
detailed information available in the appendix (refer to
Fig. 4A and Figures S6 and S7). To ascertain the stabil-
ity and reliability of the logistic regression model, 1000
bootstrap replications were performed. The distribution
of the AUC values from these replications is shown in
Supplementary Figure S1. The mean AUC value across
the bootstrap samples was 0.8707, with a 95% confidence
interval of 0.8572 to 0.8792, indicating the model’s com-
mendable stability (Fig. 4B). The optimism estimate was
0.01, and the final optimism-adjusted AUC was 0.869,
suggesting a slightly improved model performance after
adjusting for optimism.

Discussion
This study represents a significant stride toward elu-
cidating the heterogeneity within frail populations by
employing machine learning techniques to identify dis-
tinct subtypes of frailty. As aging intensifies, the number
of frail individuals is also on the rise [31]. The Frail scale,
as an exceedingly simple clinical screening tool, has been
proven to serve as a predictive instrument for prognosis
[32]. Despite the scale’s widespread application in screen-
ing, its potential in differentiating subtypes with varied
prognoses remains underexplored [14]. Our approach
not only confirms the feasibility of such differentiation
but also enhances the understanding of frailty beyond its
traditional association with disability and comorbidities.
Frailty has traditionally been regarded as synonymous
with disability, comorbidities, and other characteris-
tics, yet there is growing recognition of its potential
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biological basis, making it a distinct clinical syndrome
[1]. In this study, Class 1 and Class 2 frailty appeared to
differ in certain characteristics; for instance, individu-
als with Class 2 frailty had a higher BMI and a greater
burden of disease. This may be associated with their
poorer prognosis. It is noteworthy that, in this study,
there was no statistically significant difference in the
Frail scores between the two groups (P=0.052). This
observation underscores the significance of the clas-
sification adopted in this research. Furthermore, other
studies have indicated that frailty and comorbidities are
significant factors in the poor prognosis of colorectal
cancer (CRC) [33].

A European study explored the use of machine learn-
ing with texture-based muscle ultrasound image analy-
sis to assess frailty. This method achieved moderate
to good accuracy in classifying frailty and was able to
predict mortality in pre-frail and frail participants [34].
Another study from Taiwan, China, utilized machine
learning to explore the 5-item FRAIL scale, Cardiovas-
cular Health Study index, and Study of Osteoporotic
Fractures index, finding that the XGBoost algorithm
had higher predictive accuracy than random for-
est across all three frailty assessments [35]. Addition-
ally, Spanish scholars pointed out that commonly used
frailty scales are difficult to apply in practice. Therefore,

a scoring system was developed in primary care set-
tings that predicts frailty levels using only clinical vari-
ables [16]. This study, however, focuses on hospitalized
patients.

Additionally, a noteworthy observation in this study
was that the proportion of females in Class 2 frailty is
significantly lower than in Class 1 frailty, with Class 1
frailty being associated with a relatively better prognosis.
In most countries worldwide, women have a longer lifes-
pan than men, yet men possess better health conditions
[36—38]. This is the male—female health survival para-
dox [37, 39]. In our research, Class 2 frailty, which has a
higher disease burden, poorer prognosis, and a greater
proportion of males, could serve as evidence supporting
this paradox to some extent.

Among the variables critical for subtype classification,
echocardiographic indicators (ejection fraction and left
atrial anteroposterior diameter) and markers of meta-
bolic health (diabetes and creatinine levels) were para-
mount. Studies have shown that there is no difference
in LVEF between frail and non-frail populations [40].
Diabetes and creatinine have been reported in previous
studies. Research indicates that the prevalence of frailty
among diabetic patients can be as high as 48%, and frail
diabetic patients have higher mortality rates and a higher
risk of complications compared to diabetic patients with-
out frailty [41-43]. This further suggests that frailty and
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Table 2 Performance of supervised machine learning
algorithms

Algorithms  Accuracy Precision Recall F1-score AUC

DT 0.7476 0.7464 0.7800  0.7628 0.8257
KNN 0.7190 0.7282 0.7529  0.7404 0.7996
SVM 0.7619 0.7555 0.8234  0.7879 0.8412
LR 0.7810 0.7810 08104  0.7955 0.8619
RF 0.7476 0.7504 0.8012  0.7749 0.8354

" DT for Decision Tree, KNN for K-Nearest Neighbors, SVM for Support Vector
Machine, LR for Logistic Regression, and RF for Random Forest

diabetes often indicate a poor prognosis. Moreover, in
other studies, creatinine has been demonstrated to be
associated with the prediction of weight loss [44].

The strengths of this study lie in, first, the application
of unsupervised machine learning techniques to explore
potential subtypes among hospitalized older adults frail
patients, achieving a more detailed patient classification.
Second, the study utilizes a variety of variables, including
medical history, demographic characteristics, and labo-
ratory indicators, to comprehensively view frail patients.
Finally, a logistic regression model was constructed, and
its robustness was proven through internal validation,
offering better interpretability compared to the "black
box" theory of machine learning models [23, 45].

Furthermore, while the high AUC values in Table S3
reflect optimized performance within individual feature
selection methods, they may not translate well into clinical
practice. Each method has inherent strengths and limita-
tions—LASSO tends to exclude highly correlated variables,
potentially omitting key predictors [46]; random forest may
retain low-frequency variables that are less clinically rel-
evant [47]; and SVM-RFE, particularly in data sets with
a small sample size relative to the number of features, can
lead to overfitting [48]. To enhance interpretability and
usability, we selected four variables consistently identified
across multiple methods (SVM-RFE, RF, and LASSO).
While this approach may slightly reduce predictive accu-
racy, it ensures robustness and practical applicability.

However, there are some limitations. First, this study is
based on a single-center sample almost, which may limit
the generalizability of the model. Second, the cohort only
used 1 year of follow-up data, and when selecting death as
the endpoint, there was no significant difference in the sur-
vival curves between the two classes of patients (Figure S4),
which could be due to the short follow-up period or insuf-
ficient sample size. Future research should aim to replicate
these findings in multi-center studies with longer follow-up
durations, enhancing the predictive model’s applicability
and exploring targeted interventions for identified frailty
subtypes.
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Conclusion

This study not only advances the understanding of frailty’s
clinical heterogeneity but also lays the groundwork for per-
sonalized frailty management, potentially revolutionizing
the care of this vulnerable population. The insights gar-
nered here should inform both future research and clinical
practice, emphasizing the integration of machine learning
tools in geriatric care.
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