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A B S T R A C T   

Objective: This research aims to construct and authenticate a comprehensive predictive model for all-cause 
mortality, based on a multifaceted array of risk factors. 
Methods: The derivation cohort for this study was the Chinese Longitudinal Healthy Longevity Survey (CLHLS), 
while the Healthy Ageing and Biomarkers Cohort Study (HABCS) and the China Health and Retirement Longi-
tudinal Study (CHARLS) were used as validation cohorts. Risk factors were filtered using lasso regression, and 
predictive factors were determined using net reclassification improvement. Cox proportional hazards models 
were employed to establish the mortality risk prediction equations, and the model’s fit was evaluated using a 
discrimination concordance index (C-index). To evaluate the internal consistency of discrimination and cali-
bration, a 10x10 cross-validation technique was employed. Calibration plots were generated to compare pre-
dicted probabilities with observed probabilities. The prediction ability of the equations was demonstrated using 
nomogram. 
Results: The CLHLS (mean age 88.08, n = 37074) recorded 28158 deaths (179683 person-years) throughout the 
course of an 8–20 year follow-up period. Additionally, there were 1384 deaths in the HABCS (mean age 86.74, n 
= 2552), and 1221 deaths in the CHARLS (mean age 72.48, n = 4794). The final all-cause mortality model 
incorporated demographic characteristics like age, sex, and current marital status, as well as functional status 
indicators including cognitive function and activities of daily living. Additionally, lifestyle factors like past 
smoking condition and leisure activities including housework, television viewing or radio listening, and 
gardening work were included. The C-index for the derivation cohort was 0.728 (95% CI: 0.724–0.732), while 
the external validation results for the CHARS and HABCS cohorts were 0.761 (95% CI: 0.749–0.773) and 0.713 
(95% CI: 0.697–0.729), respectively. 
Conclusion: This study introduces a reliable, validated, and acceptable mortality risk predictor for older adults in 
China. These predictive factors have potential applications in public health policy and clinical practice.   
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1. Introduction 

The global phenomenon of population aging is a significant concern 
for numerous countries, with projections indicating that approximately 
one-fifth of the general population will be 65 years and older by 2050 
(Chang et al., 2019). For example, China experienced a notable increase 
in its population of individuals aged 65 years and above, with figures 
rising from 8.5% to 12.6% within the past decade, reaching a total of 
176 million in 2019(Guo, 2020). In the pursuit of promoting healthy 
ageing, prognostic information pertaining to mortality has assumed a 
paramount significance. 

Many studies have been reported on a single risk factor for mortality 
in older adults. For example, prognostic factors have been included 
general demographic characteristics, lifestyle (such as smoking, alcohol 
consumption, etc.) (Wei et al., 2021; Zhao et al., 2023), comorbidity 
(Menotti et al., 2021), functional status(Duan et al., 2020; Fan et al., 
2020), health measures (such as blood pressure, lipids, etc.)(Lv et al., 
2018, 2019), and genetic risk(Haberle et al., 2021). However, as pre-
viously reported, the construction of uncomplicated models incorpo-
rating a singular amalgamation of risk factors to predict mortality 
remains scarce. 

Existing studies have used different predictors to construct death 
prediction models(Lee et al., 2006; Liu, Li, et al., 2021; Suemoto et al., 
2017). In addition to age and sex, Lee’s study focused on incorporating 
comorbidities, smoking, and impaired physical function to build pre-
dictive models of death (Lee et al., 2006). Liu’s prediction of all-cause 
death was based on basic physiology measures, including blood pres-
sure, lipids and BMI(Liu, Li, et al., 2021). Suemoto’s study focused on 
age, sex, comorbidities, and impaired functioning. However, the 
follow-up loss in the Survey on Health, Ageing and Retirement in Europe 
(SHARE) was 36%, which would have introduced selection bias when 
assessing the correlation between predictors and mortality(Suemoto 
et al., 2017). In general, these models constructed by later studies have 
some different predictors, which is worthy of further consideration. 

This may be because these mortality prediction studies in older 
adulters predominantly focusing on different age groups, aged approx-
imately 60–85 years. Additionally, the proportion of the oldest old 
people (those over 79 years old) in the total elderly population is very 
small, which in reflection of the overall elderly death prediction is worth 
further consideration in today’s aging society. It’s worth noting that 
previous predicted risk variables may exhibit an inverse association for 
the oldest old such as hypertension and body mass index (BMI) (Lee 
et al., 2018; Lv et al., 2018, 2019; Wei et al., 2021). This also means that 
previous prediction models may not be universal in predicting death in 
the elderly population. 

To address the identified gap, we try to develop and validate a risk 
prediction model for all-mortality for older adults (those aged 65–105 
years) with respect to the Chinese Longitudinal Healthy Longevity 
Survey (CLHLS). Our goal is to develop a universal predictive model that 
can be used for epidemiological and clinical purposes in the aging 
population. 

2. Methods 

2.1. Derivation cohort 

In this study, the CLHLS was used as the derived cohort in this 
investigation. It aims to better understand human healthy longevity, 
identify factors that contribute to healthy longevity, and ascertain which 
factors, out of a large set of biological, behavioral, social, and traditional 
environment risk factors, play an important role in healthy longevity 
(Zeng, 2012). In 1998, half of the cities and counties in 23 Chinese 
provinces were randomly chosen, and then in 2000, 2002, 2005, 2008, 
2011, 2014, and 2018, new older persons were recruited and followed 
up with. The CLHLS utilized a targeted random-sample methodology to 
ensure the attainment of representativeness. This involved conducting 

interviews with comparable proportions of male and female individuals 
in the nonagenarian, octogenarian, and young-old age groups (65–79 
years), who resided in close proximity to centenarians (i.e., within the 
same village or street, if feasible, or within the same sampled county or 
city). The objective of this approach was to examine the factors influ-
encing healthy longevity among distinct age and gender cohorts residing 
within a shared social and environmental context. Guidelines and reg-
ulations were followed during the conduct of this investigation, and 
CLHLS has been discussed in more depth (Zeng et al., 2017). 

The initial sample for this study comprised 44612 older adults. 
However, we excluded 600 individuals aged 64 and below, as well as 
6823 older adults who were lost participants. Additionally, there were 
114 older adults whose death dates were incorrectly recorded (Fig. 1). 
The Supplementary material 1, provides a more thorough description of 
the CLHLS’s design. 

2.2. Validation cohort 

The HABCS and CHARLS datasets were utillized as the validation 
cohort and their datasets used almost the same annotations as the 
CLHLS. In China, the HABCS was launched in eight longevity areas, 
which covered the southern, middle and northern areas(Lv, Mao, Gao, 
et al., 2019). The HABCS adopted a targeted random-sample design to 
ensure representativeness. For this study, Between 2008 and 2017, a 
total of 4167 older adults were surveyed in the HABCS datasets with a 
mean age of 86.74. This cohort consist of 677 centenarians, 730 nona-
genarians, 814 octogenarians and1946 younger older adults (aged 
65–79 years) (Supplementary material 2). On the other hand, the 
CHARLS study was carried out between June 2011 and March 2012 and 
involved a total of 17,708 individual participants. The samples for this 
study were chosen using a multistage probability sampling method, 
which covers 150 countries/districts and 450 villages/urban commu-
nities representing residents over 45 years old in China(Zhao et al., 
2014). The baseline survey was conducted in 2011–2012, followed by 
waves 2 and 3 in 2015 and 2018, respectively. In order to ensure sample 
comparison, we excluded the participants aged under 65 years old. A 
total of 4794 older adults were included (mean age 72.48 years), with 
almost 86% younger adults (Supplementary material 3). 

2.3. Definition of predictive factors 

The CLHLS baseline examinations were conducted under strict 
quality control by trained research staff. A face-to-face standardized 
questionnaire was used to collect demographic characteristics, lifestyle 
factors, health conditions functional status, and leisure activities. De-
mographic characteristics such as sex, age, residence (urban or rural), 
current marital status (married and living with spouse or not), Co- 
residence (living with family members or not) and educational back-
ground (illiterate or not), occupation (farmer or not), physical labour 
(yes or no) were collected; functional status such as depression (yes/no), 
cognitive function (normal, mildly impairment, and severely impair-
ment), disability in activity of daily living (ADL) (yes/no)(Duan et al., 
2020; Zeng et al., 2017), physical function (good/poor) were also ob-
tained; lifestyle factors including current/past regular exercise (yes/no), 
current/past smoke condition (yes/no), current/past drink condition 
(yes/no), dietary diversity (DD) (categorized as scores 1, 2, 3, 4, 5, ≥6) 
(Lv et al., 2020); leisure activities including growing vegetables and 
doing other field work, doing housework, reading newspapers/books, 
watching television or listening to radio, playing cards and/or mah-jong 
and gardening work(Li et al., 2020) were categorized as never, some-
times, and often; health conditions including high blood pressure(yes or 
no), self-reported hypertension (yes or no), self-reported respiratory 
disease (yes or no) and self-reported heart disease (yes or no). A systolic 
or diastolic blood pressure of more than 140 mmHg or 90 mmHg, 
respectively, is considered to be high blood pressure. More details about 
the definition of related predictive factors are described in the 
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Supplementary material 4. 

2.4. All-cause mortality 

In the follow-up survey, all-cause mortality was the primary 
outcome. From family members or relatives, survival status was 
assessed, including whether subjects had completed the study, died, or 
were lost to follow-up. Lost to follow-up was ascertained when older 
adults were not found when contacted. A censored older adult was one 
who survived but was lost to follow-up. In addition, the definition of 
both outcome and predictor variables across the derivation and vali-
dation cohorts were similar. 

2.5. Statistical analysis 

Continuous variables were represented by mean (SD), and either an 
unpaired, two-tailed t-test or the Mann-Whitney test was employed to 
compare them. Categorical variables were compared using either a Х2 

test or Fisher exact test. Follow-up person years were calculated by 
determining the time difference between the initial interview date and 
the occurrence of all-cause mortality, the last follow-up interview, or the 
point of loss to follow-up, whichever came first. 

The three-year and five-year mortality risks were used to build a 
model as a result of unpublished data showing a 67% higher death risk 
over a period of 3 years and an average follow-up duration of 5.14 years 
among older people. To find the independent determinants of mortality, 
lasso regression was used. The predictive factors for the final models 
were determined using the enhanced net reclassification improvement 
(NRI). The NRI, as proposed by Pencina et al. assessed the improvement 
in categorizing participants into absolute risk categories when new risk 
factors are added to a risk prediction model(Pencina et al., 2011). Cox 
proportional hazards models were employed to construct equations for 
predicting mortality risk. The model fit was assessed using the 
discrimination concordance index (C index). 

In order to evaluate the internal consistency of discrimination and 

calibration, a 10x10 cross-validation technique was used to assess the 
internal consistency of the discrimination and calibration. This method 
randomly divided the dataset into 10 subsets, nine of which were used as 
training data and one as test data, respectively, for analysis. The com-
plete dataset was divided into 30% and 70% portions for internal vali-
dation, which was then done again using the 10x10 cross-validation 
method.(Tibshirani, 1997). Calibration plots were employed to assess 
the concordance between predicted and observed probabilities. Boot-
strapped samples were used for the calibration evaluation, making it 
easier to create a calibration plot showing the relationship between 
observed outcome frequencies and predicted probabilities(Ajnakina 
et al., 2021). Predictions from properly calibrated models should ideally 
form a 45-degree angle with the diagonal. The results of the multivariate 
COX regression analysis were combined with the R rms tool to create a 
nomogram. Each regression coefficient must be transformed into a 
proportional scale with a range of 0–100 points as part of the method for 
creating a nomogram. The nomogram was employed to illustrate the 
prediction capacity of the equations(Wang et al., 2013). The indepen-
dent variables were added together to get total points, which were then 
converted into probabilities. The C index and calibration were used to 
assess the prediction effectiveness of the nomogram, and 1000 bootstrap 
samples were used to reduce overfitting bias. To evaluate the effec-
tiveness of the equations, external validations using the HACBS and 
CHARLS datasets were performed. In the validation cohorts, the 
discrimination C index and calibration plots were also used to evaluate 
the equations in a similar manner. 

R software (version 3.3.4) was used to analyze the data with the 
packages “rms”, “survival” and “glmnet”. Statistical significance was 
considered using p-values <0.05. 

3. Results 

A total of 37,075 older persons were included in the 179,638 person- 
years of the study, with a mean age of 88.08 years (SD = 11.24) and 
80.22% of them being over 79 years old. The baseline characteristics and 

Fig. 1. Cohort Selection Criteria, Chinese Longitudinal Healthy Longevity Study (CLHLS), surveyed form 1998–2018.  
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mortality risk of the older adults in the derivation cohort were depicted 
in Fig. 2. A total of 76% of the older adults were followed until the 
outcome. The older adults in the study were predominantly female, 
exhibited normal cognition and ADL, live without their spouse, had no 
history of smoking, never engaged in housework, watched TV or listened 
radio and participated in garden work. When compared to female, male 
had the hazard ratio (HR) 1.34(95%CI, 1.29–1.38). In comparison to 
individuals with normal cognition, older adults with severe cognitive 
impairment exhibited a HR 1.26(95%CI, 1.22–1.30). Similarly, older 
adults with impaired ADL showed a HR of 1.27(95%CI, 1.23–1.31) when 
compared to those with normal ADL. Fig. 2 and Supplementary material 
5 both contain additional baseline characteristics and details on mor-
tality risk. 

Predictive equations were developed from the derived cohort for 
assessing all-cause mortality risk among the Chinese older adults. Lasso 
method was employed to filter variables, resulting in the careful selec-
tion of the top 9 based on the score sorting NRI (Supplementary material 
6 and 7). Besides the age and sex, we incorporated seven significant risk 
factor variables; namely cognitive function, ADL function, current 
marital status, past smoking status, frequency of engaging in housework, 
watching television or listening to radio, and performing garden work 
into the equation. Fig. 2 displays the equations’ parameters and risk 
factors for hazards. The internal calibration plot, which evaluated sur-
vival probability, showed a good degree of agreement between pre-
dictions and actual observation (Fig. 3). The outcomes shown in Table 1 
further demonstrated that our equations have excellent mortality 
discriminatory capacity. In the derivation cohort, the C-index was 

determined to be 0.728 (95% CI: 0.724–0.732). External validation of 
the CHARS and HABCS yielded C-index results of 0.761 (95% CI: 
0.749–0.773) and 0.713 (95% CI: 0.697–0.729), respectively. The 
external calibration plot also showed a good agreement (Supplementary 
material 8 and 9). 

Fig. 4 presents the nomogram constructed using the COX model. Age 
emerged as the most significant predictor of all-cause mortality, fol-
lowed by ADL function and cognitive function. The score for each pre-
dictive factor was calculated using a point scale. By figuring out the 
cumulative score and mapping it onto the comprehensive points scale, it 
becomes possible to estimate the likelihood of mortality within a three 
to five-year timeframe. For instance, individuals aged of 80–84 was 
allocated a score of 61 point, while males were assigned 10 points. 
Additional allocations included 16 points for ADL impairment, 16 points 
for severe cognition impairment, 0 points for married and live with 
spouse, 7 points for smoking in the past; 15 points for never performing 
in housework; 12 points for never watching television or listening to the 
radio, and 13 points for a lack of participation in gardening activity. 
Notably, the cumulative score of 150 in this instance corresponds to a 
60% probability of mortality within three years. 

4. Discussion 

This study effectively developed and validated a model for esti-
mating the risk of all-cause mortality in Chinese populations across a 
three-year and five-year period in three prospective cohort studies. The 
predictive factors encompassed demographic characteristics like age, 

Fig. 2. Baseline characteristics and mortality risk of older adults in the seven successive and non-overlapping cohorts categorized by survival status. Hazard ratio 
(HR); Confidence interval (CI); Activities of daily living (ADL); With spouse: married and living with spouse; Smoke: smoke in the past. 
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sex, and current marital status, functional status including cognitive 
function and ADL, lifestyle factors like past smoking history, and leisure 
activities like housework, television viewing or radio listening, and 
gardening work. The nomogram effectively illustrates the predictive 
capacity of our findings. Mortality risk prediction demonstrated good 
internal consistency in the CLHLS and external validation in the HABCS 
and CHARLS datasets. 

A limited number of studies have examined the predictive model for 
all-cause mortality in the Chinese older adults. Liu et al. Suemoto et al. 
and Lee et al. have developed a predictive model that includes various 
factors such as age, sex, self-reported diseases, current smoking status, 
alcohol use, BMI, physical activity(Lee et al., 2006; Liu, Li, et al., 2021; 
Suemoto et al., 2017). Previous investigations predominantly focusing 
on individuals aged approximately 60–85 years. In contrast, our prog-
nostic model incorporates an average age of 88.08 years for the elderly, 
thereby necessitating corresponding adjustments in the prediction 
model. As the age increased, previous studies have reported inverse 
associations between hypertension, triglycerides, and BMI among the 

oldest old individuals(Lv et al., 2019, 2022; Streit et al., 2018). For 
instance, when it comes to hypertension, the aging process in the elderly 
is accompanied by noticeable changes in the blood vessels, which are 
defined by the vessel wall becoming thinner, harder, and more brittle, as 
well as losing some of its flexibility. Hypertension is essential for sup-
porting the appropriate operation of numerous organs since it works to 
keep the body’s blood supply adequate(Streit et al., 2018). Regarding 
BMI, the possible explanation for this inverse association is that over-
weight and obesity could serve as indicators of improved nutritional 
status, wherein the benefits of enhanced nutrition outweigh the negative 
effects of higher BMI(Lv et al., 2022). In a similar vein, our study failed 
to take into account other crucial but less urgent indications, such as 
hypertension and BMI and so on, which have been investigated in 
multiple studies concentrating on the oldest elderly population(Lv, Gao, 
et al., 2018; Sydo et al., 2018; Thinggaard et al., 2010; Wuorela et al., 
2020). 

Some risk prediction models were developed to predict a cause 
mortality based on clinical indexes or in specific populations, thus 
limiting their applicability to the broader older adult population(Bello 
et al., 2015; Horne et al., 2009; Walter et al., 2001). For example, high 
total cholesterol levels may be considered significant mortality risk 
factors for mortality based on clinical indicators(Zhao et al., 2022). 
However, these indicators are often costly, time-consuming, and not 
universally accessible, known only to the individuals and their health-
care providers. In the majority of instances, the solitary measurement of 
biochemical indicators might exhibit immediate stochasticity and fail to 
capture an individual’s distinctive attributes. Consequently, the general 
public may not be adequately aware of these clinical factors. It is 
prevalent for the elderly to experience various ailments, and our study 
also indicates that cardiovascular and respiratory diseases serve as risk 
factors for mortality in this demographic, displayed in Supplementary 
material 5. However, the identification and monitoring of disease pro-
gression may not always be readily apparent, necessitating regular 
clinical assessments for confirmation. Identifying impaired cognitive 
and ADL in older individuals is a straightforward task, wherein the 
heightened mortality risk can be attributed to dementia resulting from 
impaired cognitive function and falls stemming from impaired physical 
function, thereby amplifying the likelihood of death(Duan et al., 2020; 
Sachs et al., 2011; Stineman et al., 2012). In instances where the elderly 
experience a decline in functional ability, their family members often 
serve as the first to recognize this as an early indication of mortality, 

Fig. 3. The internal calibration curve of 10x10 cross-validation for predicting older adults survival in the CLHLS.  

Table 1 
Internal validation and external validation of mortality risk prediction equations 
using 10 × 10 cross validation technique.   

Total N Actual 
eventsa 

C- 
index 

(95% CI) 

Derivation Cohort 
(CLHLS) 

37075 28158 0.728 (0.724,0.732) 

Internal validation 11120 8387 0.727 (0.723,0.731) 
25955 19771 0.731 (0.725,0.737) 

Validation Cohort 
HABCS validation 2522 1384 0.761 (0.749,0.773) 

756 407 0.773 (0.751,0.791) 
1766 977 0.760 (0.746,0.774) 

CHARS validation 4794 1210 0.713 (0.697,0.729) 
1436 362 0.705 (0.678,0.732) 
3358 848 0.718 (0.700,0.736) 

Abbreviations: CLHLS, Chinese Longitudinal Healthy Longevity Study, surveyed 
form 1998–2018; HABCS, Healthy Ageing and Biomarkers Cohort Study, sur-
veyed form 2008–2018; CHARLS, China Health and Retirement Longitudinal 
Study, surveyed form 2011–2018; CI, confidence interval. 
Internal validation means that the total data is divided into 30% and 70%, and 
10x10 cross-validation is entered again. 

a Actual number of events through follow-up period. 
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prompting them to adopt protective measures in their daily routines. 
Furthermore, prior models for forecasting mortality among the elderly 
have not undergone subsequent validation against predictive models 
utilizing external data. 

Our prognostic factors holds potential utility within the realms of 
public health policy. For instance, the prevalence of marital status 
without a spouse is largely attributable to spousal loss. Individuals who 
are married but without a spouse often experience significant negative 
effects on their mental well-being and undergo substantial changes in 
both physical and psychological dimensions, consequently elevating the 
likelihood of mortality(Brenn & Ytterstad, 2016; Wright et al., 2015). 
The emergence of an aging society has led to a growing prominence of 
issues faced by the elderly, thereby increasing the attention towards 
social problems. In light of the social challenges encountered by wid-
owed elderly individuals, it is crucial for adults to assume the re-
sponsibility of supporting the elderly and providing them with increased 
companionship to alleviate feelings of loneliness. In the conclusive 
model on all-cause mortality, this study incorporated leisure activities. 
These predictions contribute to the enhancement of physical and mental 
well-being among older individuals and are worthy of public health 
promotion. Notably, Leisure activities in our study may be a represen-
tative part of the leisure activities of the elderly. Housework could be a 
long-term lifestyle factor that promotes well-being and health in later 
life(Murphy et al., 2013). Spending more time on housework has also 
been found to be associated with a higher likelihood of meeting standard 
physical activity guidelines and better self-reported health among older 
adults. Engaging in activities such as watching TV or listening to the 
radio has been found to have positive effects on thinking abilities, lan-
guage skills, and social interaction among patients and elderly in-
dividuals. Additionally, these forms of entertainment and recreation can 
effectively contribute to the utilization of leisure time, promoting 
relaxation and happiness(Li et al., 2020). Furthermore, gardening has 
been identified as a coping strategy that effectively reduces stress levels 
and fosters a sense of well-being, thereby potentially influencing overall 
survival rates(Litt et al., 2023). 

Therefore, our prediction model may contribute to the field of public 

health by examining the implications for predicting population mor-
tality. At the governmental level, strategies such as enhancing public 
awareness, prioritizing prevention efforts, addressing functional limi-
tations among the elderly, promoting regular physical activity, and 
fostering increased engagement in recreational activities can be imple-
mented to strengthen public health outcomes. Moreover, our predictive 
model holds potential in identifying patients at high and low risk, 
thereby facilitating targeted interventions tailored to each group within 
clinical settings. For example, An octogenarian male who smokes ex-
hibits pronounced cognitive impairment and compromised physical 
functioning. Additionally, he lacks the presence of a spouse and abstains 
from engaging in any leisurely pursuits. In contrast, an octogenarian 
non-smoker possesses intact cognitive function, normal physical capa-
bilities, enjoys the companionship of a spouse, and regularly participates 
in leisure activities. Consequently, the three-year mortality risk for the 
former individual may be approximately 50% greater than that of the 
latter. For clinical decision making, physicians can employ this infor-
mation to evaluate the likelihood of survival for elderly patients. While 
treating the elderly, doctors can also encourage family members to pay 
more attention to the functional status of the elderly and encourage the 
elderly to participate in leisure activities. 

In this study, the lasso regression was used to establish the all-cause 
mortality prognostic risk factors. Compared with previous studies, it 
might be more practical and might play a decision-making role in the 
formulation of public health policies. This study is one of the few re-
searches to develop and validate mortality prediction models that 
include a large sample of the oldest old. It also explored many important 
prognostic factors and eventually incorporated predictive factors from 
demographics, self-reported diseases and lifestyle factors. Moreover, in 
order to optimize our prediction model, we decided the final prognostic 
factor to be included based on the improvement of the contribution of 
NRI and public health significance. Although some of the predictive 
factors for mortality were not included in the model, our prediction 
model was more reasonable in practical and statistical filed. 

This study is not devoid of limitations. Firstly, although individuals 
were considered representative of the general older adults, the 

Fig. 4. Survival nomogram. (To use the nomogram, a older adult value is located on each variable axis, and a line is drawn upward to determine the number of points 
received for each variable value. The sum of these numbers is located on the Total Points axis, and a line is drawn downward to the survival axes to determine the 
likelihood of 3- or 5-year survival). 
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verification of different countries and different races were still missing 
because of the unavailability of data and the scarcity of representative 
samples of the older adults. Secondly, exploration of cause mortality, 
such as the accidental death, was not performed because of the un-
available cause-specifific mortality data. Thirdly, we can prove that 
traditional predictive factors were good performance in predicting 
mortality but cannot prove that traditional predictive factors were better 
than clinical indicators. However, findings from this study might lay a 
certain foundation for further research in the future. 

5. Conclusions 

This study developed and validated a predictive model for estimating 
all-cause mortality risk with respect to the CLHLS and evaluated the 
performance of the developed equations in the HABCS and the CHARLS. 
It was a rare study on the prediction of death in the oldest old with a 
large sample and use non-clinical indicators. The predictive factors 
encompassed demographic characteristics like age, sex, and current 
marital status, functional status including cognitive function and ADL, 
lifestyle factors like past smoking history, and leisure activities like 
housework, television viewing or radio listening, and gardening work. 
The nomogram effectively illustrates the predictive capacity of our 
findings. The incorporation of these prognostic factors could potentially 
provide support for public health policy and medical decision-making. 
However, the limitations of this study are mainly that it has not been 
extensively independent evaluated across different populations, coun-
tries, and regions. 
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