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Frailty is a state that is closely associated with adverse health outcomes in the aging process. The 
frailty index (FI), which measures frailty in terms of cumulative deficits, has been widely used for 
frailty assessment in elderly people, and its advantage of self-reported information collection makes it 
applicable to a broader group of elderly people. Our study aims to simplify the Frailty Index Assessment 
Scale, while maintaining its reliability and accuracy, to easily and quickly assess frailty in elderly 
people. In this study, participants (age ≥ 65 years) from the Chinese Longitudinal Healthy Longevity 
Survey (CLHLS), which had 13,339, 372 and 1214 participants in 2008, 2011, and 2014, respectively, 
were used. The 2008 dataset was split into 80% for training and 20% for internal validation, and the 
data from 2011 to 2014 as external validation. In order to obtain effective predictors, we used Lasso 
regression, Boruta algorithm and random forest classifier score for feature selection. We used six 
models for predictive model construction and evaluated the models in the validation dataset. Model 
performance was measured by area under the curve (AUC), accuracy and F1 score. Logistic regression 
was found to be the best performing and most interpretable algorithm with AUC, accuracy and F1 of 
0.974, 0.932 and 0.880 for the validation dataset, respectively. The AUCs for the external independent 
validation dataset were 0.963 and 0.977, respectively. Subgroup analysis showed that the model 
had good predictive power in both males and females. The predictive power was stronger among the 
elderly people over 80 years old, with AUC, accuracy and F1 of 0.973,0.914, and 0.893, respectively. 
The model also obtained good predictive power in the case of FI measured by different indicators. The 
model showed good robustness in the follow-up assessment of frailty status in elderly people, with 
the AUC remaining above 0.95 and accuracy above 0.9 over the long-term follow-up. Using machine 
learning techniques, we have successfully developed a simple frailty assessment prediction model 
based on 10 key features to shorten the frailty assessment scale with near full-scale accuracy. A user-
friendly website was created to facilitate the application of this prediction model (https://healthy-
aging.shinyapps.io/Frailty_Assessment/).
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CLHLS	� Chinese Longitudinal Healthy Longevity Survey
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LR	� Logistic Regression
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SHLNN	� Single-hidden-layer Neural Network
SVM	� Support Vector Machine
XGBoost	� Extreme gradient boosting
AUC	� Area under the curve

Frailty reflects the physical and psychological health deficits and social deficits that accumulate during the aging 
process, as well as the degradation of the organism’s defenses due to loss of physiological reserves1–3, a state that 
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is strongly associated with adverse health outcomes, including disability, dependency, falls, need for long-term 
care, and death4–6. And this state usually appears and develops in elderly people4,5, with a higher prevalence of 
frailty in those over 80 years of age. The current situation of rapidly aging populations is a particularly serious 
challenge in global public health, which has led to an increase in the number of frail elderly people and further 
burdened the current public health care system. Frailty is considered to be an early stage of disability. And, 
because it is reversible, this suggests that appropriate intervention at the right time can prevent, delay or even 
reverse this state7.

The frailty index (FI), which calculates the proportion of individual deficits, can be used to characterize 
the frailty status of elderly people, as suggested by Rockwood et al.3 and Mitnitsk et al.8. And the frailty index 
describing frailty status has been well validated and widely used in the assessment of frailty in elderly people, 
and applies to a broader population of elderly people than the well-known definition of frailty proposed by 
Fried et al.9 (a syndrome or phenotype of at least three of the five criteria: weight loss, fatigue, weak grip, slow 
walking speed, and low physical activity), and as EAMONN et al.10 reported, older inpatients are often unable to 
complete performance-based tests. The number of indicators used to construct the FI in previous studies using 
FI to measure frailty varies, for example, Goggins et al.11 used 62 indicators, Gu et al.12 used 39 indicators, Clegg 
et al.5 used 20 indicators and Sha et al.13 used 37 indicators. These indicators used to construct the frailty index 
all have the common feature of having a large number of items (≥ 20 items). Despite strong predictive validity, 
even if participants are willing to answer all questions regularly, repeated use of the same questions is likely to 
lead to burnout and memory responses rather than responses based on currently experienced symptoms.

Recent research advances show that machine learning can provide effective mitigation for these problems14,15. 
Sun et al. used machine learning to shorten diagnostic scales to assess a person’s depressive state without 
sacrificing accuracy16. Wang et al.17 assessed cognitive impairment in elderly people using 4,6 and 9 varying 
features and machine learning techniques and their best model achieved an AUC of 0.8269. Recently a study from 
Spain reported that the FRAIL scale needs to be obtained through interviews and cannot be obtained directly 
from electronic medical records. To conveniently assess the frailty status of elderly people through electronic 
medical records, researchers constructed a frailty prediction model based on easy-to-collect variables with 
good model performance, and developed a mobile app18. However, there is still less research on the diagnostic 
assessment of frailty status in the field of machine learning, especially for the frailty index. Constructing simple 
and efficient predictive models for assessment is still of high research value. Especially in China, a country with 
a large population, the aging population is increasingly aggravated19, the complexities within the elderly people 
population and the large base size of each group require a widely applicable, convenient and reliable frailty 
assessment scale to quickly and easily screen frail elderly people and provide appropriate interventions.

The model in this study was designed to predict frailty status based on FI, a derived indicator calculated by 
integrating multiple variables to assess an individual’s frailty status. Therefore, based on the national survey of 
elderly people in 2008, 2011 and 2014, this study used machine learning algorithms to build a widely applicable 
and simple frailty risk assessment prediction model based on the FI to identify the occurrence of frailty in elderly 
people.

Materials and methods
Data sources
The data were obtained from the Chinese Longitudinal Health and Longevity Survey (CLHLS) organized by 
Peking University, which was conducted in 23 provinces of China among people aged 65 and older and their adult 
children aged 35–64. This survey, which began in 1998 and is examined every 2–3 years, is the most extensive 
and longest-running social science survey in China. About half of the cities and counties in the 23 research 
provinces were randomly selected as research sites for the survey. CLHLS systematically collects data on elderly 
people through face-to-face interviews conducted by trained staff20. The data quality of the CLHLS was validated 
as acceptable21, as well as more detailed descriptions (sampling design, response rate, and questionnaire validity) 
were published widely elsewhere22,23. The CLHLS study was approved by the Research Ethics Committee of 
Peking University (IRB00001052-13074), and all participants or their surrogate respondents provided a written 
informed consent.

Our study used the 2008, 2011 and 2014 CLHLS datasets. A detailed flow chart of participant selection is 
shown in Supplementary Figure S1. Of the 16,954 respondents interviewed in 2008, 13,339 respondents aged 
65–105 years (one study suggested that the quality of declarations may be poorer for ages 106 and older in the 
survey24) completed estimates of frailty indices as well as complete demographic characteristics. Of the 9765 
respondents in 2011, 5027 respondents aged 65–105 years completed estimates on the frailty index. Of the 7192 
respondents in 2014, 2482 respondents aged 65–105 years completed estimates on the frailty index. Immediately 
afterward, we matched participants from between the three datasets. In the 2011 and 2014 data, we removed 
duplicate interviewed participants (2008 participants were removed from the 2011 data and 2008 and 2011 
participants were removed from the 2014 data). Finally, 14,925 participants were included in this study, with 
13,339, 372, and 1,214 participants in 2008, 2011, and 2014, respectively.

Definition of frailty
Frailty status as assessed by the frailty index (FI) was used as a predictor variable for this study. Following 
the standard procedure recommended by Searle and co-authors25, our study used 44 frailty indicators to form 
the FI26, including aspects of self-care, cognitive functioning, medical conditions, self-rated health, and mental 
health status. Each frailty indicator was dichotomized or multichotomized and then mapped to a 0–1 interval 
(e.g., visual function, where “can see and distinguish” was assigned 0, “can see only” was assigned 0.33, “can not 
see” was assigned 0.67, and “blind” was assigned 1) to reflect its severity. For each participant, FI was equal to 
the sum of the scores on the 44 frailty indicators and divided by the theoretical maximum score of 45. FI is a 
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continuous variable ranging from 0 to 1, with higher FI scores indicating greater participant frailty. Based on 
previous studies reported6,13,27, we turned the continuous frailty index into a dichotomous variable: non-frail 
(≤ 0.21) and frail (FI > 0.21). A full description of the frailty index can be found in Supplementary Table S1.

Demographic characteristics
We also included demographic characteristics as candidate predictors, including age (continuous variable, 
categorical variable: 65–79 vs. 80–105 years), sex (male vs. female), marital status (married vs. other), place of 
residence (city, town and rural), education (formal vs. informal by years of education ≥ 1 and < 1), occupation 
(occupation before age 60 classified as “agricultural work” and “non-agricultural work”), current alcohol 
consumption (yes or no), current smoking (yes or no), current exercise (yes or no), and sleep duration (sleep 
duration was classified into three categories: ≤6 h, 7–9 h, and ≥ 10 h).

Feature selection
Feature selection allows extracting key features as a way to reduce the complexity of the model without losing too 
much total information. Three methods were used for feature selection: Least absolute shrinkage and selection 
operator (Lasso) regression28, Boruta29 and random forest classifier scoring30. Lasso is an efficient feature 
selection and regularization method. It filters out smaller and more relevant subsets of predictor variables from 
a potentially multicollinear set of variables by shrinking the regression coefficients. This method is particularly 
effective when dealing with high-dimensional data, as it enables variable selection and reduces the risk of 
overfitting. Boruta algorithm is an advanced feature selection method based on random forest (RF), which 
identifies all the features related to the dependent variable by creating “shadow features” and comparing their 
importance. It calculates feature importance scores through multiple iterations and marks features that exceed 
the maximum importance of “shadow features” as relevant. This method introduces additional randomness to 
reduce the influence of misleading correlation, improves the stability and reliability of feature selection, and 
is especially suitable for dealing with complex datasets, and can effectively identify truly important features. 
Random forest classifier scoring is a feature selection method based on RF that uses the intrinsic properties of 
the RF model to assess the importance of features, which can effectively handle high-dimensional data, capture 
nonlinear relationships, and be insensitive to outliers. Lasso is suitable for linear relationships, while Boruta and 
RF can capture non-linear relationships. This combination improved the robustness of the feature selection and 
reduced the possible bias of a single method.

Construction of prediction model
The 2008 data with 13,339 participants were divided into 80% as the training dataset and 20% as the validation 
dataset. Feature filtering was performed on the training dataset to obtain the important features. During 
parameter tuning of each model, a grid search and 10-fold cross-validation are used to find the best performing 
parameters in the training dataset. Five machine learning algorithms were trained, including logistic regression 
(LR), RF, support vector machine (SVM), extreme gradient boosting (XGBoost), and single-hidden-layer neural 
network (SHLNN). In this study, we adopted the Stacking approach to integrate five base models (LR, RF, 
SVM, XGBoost, and SHLNN). Stacking is an integrated learning strategy that builds a hierarchical prediction 
framework by combining the prediction results of different individual learners. The method contains at least two 
levels of learners, and is therefore also known as a hierarchical model integration framework. In this study, we 
implemented a two-level stacked framework. First, predictions were generated using five trained base models 
and these results were used as new feature inputs. Subsequently, we employed the LR algorithm as a meta-learner 
to train these new features to construct the final prediction model. With this approach, we effectively integrated 
the prediction results from each base model, which may help improve the overall predictive performance of 
the model. The six models used in this study covered the spectrum from simple linear to complex nonlinear, 
and by systematically comparing models of different complexity, we were able to comprehensively assess the 
prediction performance and sought the optimal balance between model complexity and interpretability17,31. 
The model evaluation was performed using AUC, accuracy and F1 score16 in the validation dataset (Fig. 1). 
Using external independent validation datasets from 2011 to 2014, the top-performing models were revalidated 
for model validity and generalizability. AUC is a composite measure of the algorithm’s ability to distinguish 
between outcome classes at all possible classification thresholds, ranging from 0.5 to 1. Accuracy is a metric of 
a classification model that measures the number of correct predictions as a percentage of the total number of 
predictions made, ranging from 0 to 1. The F1 score is a measure of the accuracy of a binary classification model, 
taking into account both the accuracy and recall of the classification model, ranging from 0 to 1. Higher AUC, 
accuracy and F1 score indicate better prediction performance.

Using the simplified model to evaluate FI measured by different indicators
Our goal is to validate that the simplified model of FI we developed is also robust in FI with different metric 
measures. For this purpose, we collected the FI designed by Gu et al.12 in 2009 and four FI published in recent 
years (Lv et al.32, Chen et al.33, Xu et al.34 and Zhang et al.35). In separate datasets from 2011 to 2014, we used 
these five FI calculations to measure participants’ frailty status and then evaluated model performance using 
ROC-AUC values.

Using the simplified model to track and assess elderly people from 2008 to 2014
We intended to confirm that the model has strong predictive power in tracking participants’ frailty because 
CLHLS data are characterized by follow-up. Therefore, we chose 2008 as the starting point and evaluated 
participants for the 2011 and 2014 follow-ups to ensure that we could obtain a sufficiently long follow-up 
period and a sufficient number of participants to, in turn, more accurately assess the predictive power of the 
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model. ROC-AUC values and accuracy were utilized as metrics to assess the predictive power of the model. The 
screening of the elderly people follow-up assessment sample is shown in Fig. 2.

Construction and application of the frailty assessment website
To enable rapid application of the model, we have built a frailty assessment website using the shiny package for 
R and the “Shinyapps.io” program for Rstudio to apply and transform the model. Shinyapps.io can host shiny 
applications, it is easy to use, secure and scalable and requires no hardware.

Statistical analysis
Categorical variables were expressed as counts (percentages) and continuous variables were expressed as means 
with standard deviations (SD). We directly excluded samples with missing values in the frailty indicators and 
demographic characteristics. The frailty index recommended by Searle and co-authors was used, including 44 
frailty indicators. The histogram was used to depict the change in frequency of the frailty index in 2008, 2011 
and 2014. The model was interpreted using binomial logistic regression and a forest plot was drawn. Subgroup 
analysis of the best model was performed using gender and age grouping. All statistical analyses were performed 
using R (4.1.2) software. The R packages used include glmnet, Boruta, randomForest, e1071, xgboost, nnet, 
pROC, caret, tidyverse and forestplot. A p-value < 0.05 was deemed statistically significant.

Results
Distribution of frailty index
The histogram of the frailty index in Supplementary Figure S2 showed the distribution of the frailty index of the 
participants in 2008,2011 and 2014, and the results showed that the mean frailty index in 2008, 2011 and 2014 
was 0.17,0.23 and 0.16, respectively, as well as the mean frailty index for these three years was 0.17.

Fig. 1.  Schematic diagram of our prediction framework.
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Dataset segmentation and demographic characteristics
We utilized the training dataset to train and build the model, the validation dataset to verify the performance of 
the model, and the external validation datasets from 2011 to 2014 to again verify the validity and generalization 
ability of the model. Supplementary Table S2 showed the characteristics of all datasets. There were 10,672 
participants in the training dataset with a mean age of 85.3 ± 10.9, of which 45.9% (4895) were male and 54.1% 
(5777) were female, and 28.9% (3088) were frail. In the validation dataset there were 2667 participants with 
a mean age of 85.3 ± 11.1, 45.2% (1206) males and 54.8% (1461) females, 28.9% (771) frail. There were 372 
and 1214 participants in the 2011 and 2014 datasets, respectively, of which the mean age was 89.5 ± 11.8 and 
85.4 ± 11.0, respectively, with 43.5% and 46.9% of males, 56.5% and 53.1% of females, 51.3% and 27.4% of frailty.

Feature selection
First, we performed a 10-fold cross-validation Lasso regression, selecting a lambda with one standard error 
from the minimum of Binomial Deviance for coefficient compression (Fig. 3A-B and Supplementary Table S3), 
and we obtained 50 candidate features. We also utilized the Boruta algorithm for feature filtering and selected 
49 candidate features with Confirmed. Then, we intersected the candidate features obtained by Lasso regression 
and the Boruta algorithm (Fig. 3C), and obtained 45 candidate features common to both methods. Finally, the 
45 candidate features were incorporated into the random forest classifier using the Gini coefficient to rate the 

Fig. 2.  Flow chart of sample screening for follow-up assessment of elderly people.
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importance of the features, and the top 10 key features were selected in descending order of rating (Fig. 3D). The 
distribution of the 10 key features is described in Supplementary Table S2.

Prediction models
Results of the algorithm performance are shown in Table 1 and the best parameters for models are shown in 
Supplementary Table S4. Having the exception of RF, all of the models’ ROC curves in the validation dataset 
displayed high predictive power, with an AUC of 0.974. For accuracy, LR and XGBoost have the best performance 
with an accuracy of 0.932 for both. In the F1 score, LR and XGBoost also showed the best performance, with F1 
score of 0.880. After fusing all five models, the results improved the accuracy to 0.933 and the F1 score to 0.881, 
although the AUC was not improved.

External validation of the best model
Due to the similar predictive performance of the models, we finally chose the more easily interpretable LR as 
the frailty risk simple assessment prediction model. To clarify the connection between each trait and the risk 
of frailty, multivariate analysis using binomial logistic regression was carried out, and a forest plot was created 

Model AUC Accuracy F1

Logistic Regression 0.974 0.932 0.880

Random Forest 0.967 0.928 0.870

Support Vector Machine 0.974 0.930 0.868

XGBoost 0.974 0.932 0.880

Single-hidden-layer Neural Network 0.974 0.930 0.874

Fusion (Stacking) 0.974 0.933 0.881

Table 1.  Performance of machine learning models in the validation dataset.

 

Fig. 3.  Feature selection. (A) The lasso regression curve. (B) The 10-fold cross-validation parameter (λ) 
options. (C) Venn diagram of common features selected by Lasso and Boruta. (D) MeanDecreaseGini score of 
random forest classifier.
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(Supplementary Figure S3). The results showed significant associations between all 10 characteristics and frailty 
risk, as well as all being independent predictors of frailty risk. Then, the model robustness was again validated 
using the 2011 and 2014 external independent validation sets, which showed an AUC of 0.963 (Fig. 4A) for 
the 2011 external independent validation dataset, as well as 0.977 (Fig. 4B) for the 2014 external independent 
validation dataset. Regarding accuracy, we have 0.884 and 0.933 in the 2011 and 2014 datasets, respectively 
(Supplementary Table S5). And F1 scores of 0.885 and 0.878 in the 2011 and 2014 datasets, respectively 
(Supplementary Table S5). Two external validation datasets are used to test the model performance once again, 
and the results show that the model is both robust and capable of generalization.

Subgroup analysis
We conducted research to determine which demographic category the model has the best predictive ability. 
Utilizing AUC, Accuracy, and F1 scores Again to gauge the model’s strength in terms of predictive potential, 
we conducted subgroup analyses with gender and age groups. By combining the validation dataset with the 
2011 and 2014 external independent datasets into separate data, we were able to analyze subgroups. The results 
showed (Supplementary Table S6) that the AUC and accuracy of the model showed good predictive ability 
for both gender and age groupings, with AUCs greater than 0.95 and accuracy greater than 0.9. And when we 
assessed the model’s performance using the F1 score, we discovered that, with the exception of the 65–79 age 
group, where the F1 score was 0.698, the F1 score was greater than 0.850 in both the male and female and 80–105 
age groups. The outcomes of the aforementioned subgroup analysis show that the model is capable of making 
accurate predictions for both males and females. However, the model’s predictive evaluation in people aged 65 to 
79 was poor, but it performed best in those aged 80 to 105 (AUC = 0.973, Accuracy = 0.914, F1 = 0.893).

Evaluation of FI calculated for different indicators
We evaluated the FI constructed with five different indicators using the simplified model. The results showed 
that the AUC values of 0.934 for Gu et al. and Lv et al., 0.900 for Chen et al., 0.875 for Xu et al. and 0.901 for 
Zhang et al. showed strong predictive power in the external independent validation data in 2011 (Fig. 5A). In the 
2014 external independent validation data, Gu et al. and Lv et al. showed similarly strong predictive power with 
AUC values of 0.952, Chen et al. with 0.900, Xu et al. with 0.889, and Zhang et al. with 0.920 (Fig. 5B).

Using the model to track and evaluate participants from 2008 to 2014
Through the follow-up characteristics of the CLHLS data, we used the model to follow up and assess the frailty 
status of elderly people (Fig. 6). For the 2008 data with 13,339 elderly people, the AUC and accuracy were 0.966 
and 0.924, respectively, and for the 2011 data with 4,713 elderly people, the AUC and accuracy were 0.956 and 
0.923, respectively. For the 2014 data with 2,233 elderly people, the AUC and accuracy were 0.972 and 0.917, 
respectively. All of these follow-up assessments demonstrated that the simplified model also has good predictive 
power in tracking frailty in elderly people.

Fig. 4.  ROC curves and AUCs for 2011 (A) and 2014 (B) external independent validation datasets.
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Frailty assessment website
To make it easier for others to use our model, we have created a user-friendly website (https://healthy-aging.
shinyapps.io/Frailty_Assessment/). The website contains 10 key features for frailty prediction, and after the 10 
key features are selected (Fig. 7A), click “Predict”, and the graph of frailty probability and non-frailty probability 
will appear in the first row of the “Prediction” column on the right (Fig. 7B). The graph of frailty probability 
and non-frailty probability will appear in the “Prediction” column on the right (Fig. 7B), and the data will be 
recorded and saved in real-time in the second row of the “New Observations” column (Fig. 7C).

Discussion
Our research has successfully simplified the computation of the frailty index by applying multiple machine 
learning methods to ensure that short and long questionnaires have similar accuracy in assessing frailty, and 
developed a convenient and easy-to-use web-based tool for frailty prediction, which makes the assessment 
of frailty more efficient and convenient. Frailty is a syndrome associated with multiple chronic conditions 
and multiple risk factors36,37, including psychosocial and functional limitations. It is also a precursor state of 
functional limitation and disability associated with the individual aging process itself. Frailty is also an important 

Fig. 6.  Model follow-up assessed the AUC and accuracy of the follow-up data for 2008, 2011 and 2014.

 

Fig. 5.  ROC curves and AUC of FI constructed by the model for five different independent studies, including 
two external independent validation sets 2011 (A) and 2014 (B).
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concept in the study of morbidity and mortality in old age. Because frailty is a dynamic and changeable state, 
prompt assessment and action can prevent it or even reverse it, safeguarding the health and quality of life of 
elderly people.

FI is a comprehensive health index that combines subjective and objective indicators to provide a more 
comprehensive picture of the true health status of elderly people. The degree of frailty is quantified by cumulative 
health loss, which is a symptom of the illness and health of the organism and reflects the health deficit of the 
physical and conscious features of the life course38. The FI is widely used in international health studies of elderly 
people, with a large number of studies in the fields of social gerontology and epidemiology in particular39–41. This 
important indicator has become a useful tool for geriatricians, clinicians and other practitioners in public health 
surveillance and intervention. Therefore, studying the FI of our elderly people is of great social importance to 
achieve healthy aging.

To assess individual frailty status with a similar level of accuracy as the long questionnaire, this study applied 
a machine learning technique to derive a shorter questionnaire from a longer one. To achieve this goal, we chose 
a frailty index scale containing 44 frailty indicators developed by Gao et al.26 in Chinese elderly people according 
to the standard procedure recommended by Searle and co-authors25. We used this scale as a basis for obtaining 
a shorter version to assess the likelihood of predicting a person’s frailty status. The results of our study largely 
confirm our hypothesis.

To begin with, we hypothesized that a multiple-to-few-question approach would be able to select only a few 
items from the full set of frailty indicator scale items to predict an individual’s frailty status without affecting 
the accuracy of the original questionnaire. In fact, we obtained the top 10 features by incorporating Lasso and 
Boruta’s intersection features into the random forest classifier for feature scoring, and these features were much 
more important than the features after 10, and most importantly, the accuracy of the model based on 10 features 
reached more than 90% of the original questionnaire and the F1 score reached more than 0.85.

We further hypothesize that following feature selection, different machine learning algorithms exhibit varying 
prediction performance and accuracy under the critical features. Therefore, we considered both advanced 
prediction models and traditional prediction models. We discovered that traditional logistic regression gave 
results that were just as good as those produced by RF, SVM, XGBoost, and SHLNN with more advanced 
algorithms. Due to LR’s great interpretability, it is better suited for the prediction of frailty status. In addition, 
we confirmed the hypothesis that a fusion model (stacking) based on multiple machine learning models should 
produce the best results, as it can pool the strengths of multiple models. However, the gain from using the fusion 
model is small, with an accuracy increase of only 0.003.

The scores for the features’ Gini coefficients showed an inflection point at the tenth place in the order from 
largest to smallest, which was where we intercepted the first ten features. Among the top ten characteristics, 
eight of them belong to questions that assess instrumental daily living ability and two belong to questions that 
assess physical health. Here we have a question, age is the main factor of aging, why is age not selected as a key 
characteristic? Our reading through the literature revealed that actual age is readily accepted as being associated 
with frailty. However, as argued elsewhere3,37, the concept of frailty is rooted in the fact that actual age as an 
explanatory model is imprecise when predicting adverse outcomes in individual cases. The frailty index itself 

Fig. 7.  The Web page for frailty assessment, including the feature options column (A), the predicted frailty 
probability column (B), and the results saving column (C).
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serves as a proxy for biological age and is a better representation of aging in elderly people than actual age12. 
Because frailty is independent of actual age, it provides unique insight into the occurrence of adverse health 
outcomes from aging-related processes40.

Although the shortened assessments we developed cannot completely replace the original scales, they are 
considerably shorter and easier to use than the original scales, especially in China, which has a large population 
base. When we predict the likelihood that a respondent has a frailty status, we can effectively guide the older 
person through a comprehensive assessment as well as timely interventions for the older person. Therefore, the 
tool we developed will make it easier and faster to screen for frailty status. On the staff side, this will help reduce 
workload and increase motivation to complete the questionnaire; on the elderly people surveyed side, this will 
help reduce questionnaire boredom and reduce the risk of disability and death; and on the individual, family, and 
societal side, this will help reduce physical, mental, and economic burdens.

We conducted an exploration of the predictive power of the model in the subgroup. It’s interesting to note 
that the model performs well in both men and women. In terms of age group, the prediction ability of the model 
is the best in the age group of 80–105 years, with an F1 of 0.893, while the prediction ability is not satisfactory 
in the age group of 65–79 years. We hypothesized that since the elderly people in the CLHLS data were mainly 
concentrated around the age of 85, this was also evidenced by the average age of participants in the training 
dataset of 85.3 years. The age groups of 65–79 years and 80–105 years in the training dataset accounted for 
30.88% and 69.12%, respectively, and the imbalance between age groups resulted in the model’s predictive power 
being biased toward the 80–105 years age group. The American Medical Association reports that 40% of elderly 
people aged ≥ 80 years have frailty42, suggesting that the model is better able to help screen and intervene at the 
appropriate time in the high-incidence age group.

We aim to demonstrate that the model remains well robust and reliable under the FI of other indicators. We 
explored the relationship between the FI measured by these different indicators and the model using 1 classical 
FI measure established by Gu et al. and 4 recent FI measured by different indicators. The model obtained good 
performance, all with good AUC values, indicating that the simplified model based on 10 key features can be 
applied to FI measured by different indicators, and that the model is well adapted to FI.

It is also critical for the model to track and evaluate the effects. The accuracy of long-term forecast results is 
more meaningful than short-term forecasts. By tracking and evaluating over time, a more accurate assessment 
of the model’s performance and effectiveness on long-term time scales can be obtained. Therefore, we further 
determined the persistence and reliability of the model by evaluating data from three waves of followers in 2008, 
2011, and 2014, and the results similarly demonstrated the good performance of the model, indicating that the 
model can be well adapted for follow-up assessment.

Finally, we built a frailty assessment webpage based on the frailty index in order to translate the research 
results of this study for interactive application with reality, which facilitates a fast as well as easy frailty risk 
assessment and can be used as an aid to quickly screen out frail elderly people.

Our study’s advantages included national representation, a sizable sample size, and participant validation 
across time. We anticipate that this study will provide estimates of frailty status based on current health status, 
particularly in elderly people in the high frailty prevalence age group of 80 years and older. However, our study 
has some limitations. (1) Some factors in this study are from self-report, and there may be some subjectivity of 
the elderly people, which may lead to information bias. However, self-reported information is readily available in 
preventive care. (2) There is no fixed quantitative criterion for the number of frailty indicators in the frailty index 
scale, and we have selected only one frailty index scale for questionnaire shortening, which may have problems 
in application. But, to test whether the level and distribution of frailty among Canadian seniors would change, 
Mitnitski et al.39 constructed a frailty index using various numbers of variables. They discovered that the frailty 
index did not change significantly depending on the number of variables used, indicating that the frailty index 
was robust and not sensitive to the number of variables used to construct it. (3) This study focuses specifically on 
participants aged 65 years and over in China. Considering the differences in cultural and genetic backgrounds 
of this particular population, the results of the study may not be applicable to other racial/ethnic populations. 
(4) The model in this study did not directly assess the predictive performance on the frailty phenotype (weight 
loss, fatigue, reduced grip strength, etc.), but only for FI, aiming to reduce the number of features required for FI 
and simplify the calculations, but future studies should further validate the potential of the model to be applied 
to the frailty phenotype.

While our current study focused on frailty assessment, feature selection and machine learning methods 
can be used to estimate other important clinical metrics associated with aging, such as cognitive function, 
cardiovascular risk, or functional impairment. By selecting relevant features and applying similar modeling 
techniques, it is possible to predict outcomes in these domains with high accuracy, providing a comprehensive 
risk assessment tool for elderly people. In addition, future research can be based on the model framework of 
this study to answer a series of new scientific questions, such as whether other health indicators have similar 
predictive patterns? Can the methodology of this study also be used for simplification in health assessments 
that involve a large amount of information? This will provide a more comprehensive scientific basis for health 
management of the elderly people.

Conclusions
In our study, we used machine learning techniques, and successfully developed a simple frailty assessment 
prediction model based on 10 key features to shorten the frailty assessment scale with near full-scale accuracy. 
A user-friendly website was created to facilitate the application of this prediction model (https://healthy-
aging.shinyapps.io/Frailty_Assessment/). This study can effectively identify elderly people with frailty so that 
implement intervention early to optimize the allocation of healthcare resources and raise public awareness of 
elderly health issues. Meanwhile, our study provides new perspectives on frailty status assessment, enriches the 
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academic literature in the field of geriatrics, and provides new insights for future research on adverse health 
outcomes.

Data availability
All data used in this study were stored at https://opendata.pku.edu.cn and available upon request.
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