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Abstract
Background: Physical performances including upper and lower limb functions have predictive roles in activities of
daily living (ADL) disability, but they have rarely been incorporated into prediction models. This study primarily aimed
to develop and validate novel physical performance-based models for ADL disability among Chinese older adults.
Comparisons of predictive performance across multiple models were performed, and model simplification was further explored.
Methods: Data were obtained from the China Health and Retirement Longitudinal Study in the 2011 and 2015
waves, containing 2192 older adults over 60 years old. Our models were constructed by logistic regression analysis,
using a backward stepwise selection. Model performance was internally validated by discrimination, calibration, and
clinical utility. Integrated Discrimination Improvement (IDI) and Net Reclassification Improvement (NRI) were used to
assess the incremental benefit of the extended models. Moreover, nomograms were built for visualization.
Results: We selected gender, age, smoking, self-report health condition, BMI, depressive symptoms, and cognitive
function into the fundamental model (Model 1). Based on Model 1, five novel prediction models were constructed by
adding handgrip strength (Model 2), Short Physical Performance Battery (SPPB) (Model 3), gait speed (Model 4), handgrip strength plus SPPB (Model 5), and handgrip strength plus gait speed (Model 6), respectively. Significant improvement in predictive values were observed for all five novel models compared with Model 1 (C-index = 0.693). The lower
limb model (Model 3 SPPB model: C-index = 0.731) may play a key role in the prediction of ADL disability, reflecting a
comparable predictive value to the comprehensive models combining both upper and lower limbs (Model 5 handgrip strength + SPPB model: C-index = 0.732). When we simplified the lower limb models by replacing SPPB with
gait speed, the predictive values attenuated slightly (C-index: Model 3 vs Model 4: 0.731 vs 0.714; Model 5 vs Model 6:
0.732 vs 0.718), but still better than the upper limb model (Model 2 handgrip strength model: C-index = 0.701).
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Conclusions: Physical performance-based models, especially lower limb model, provided improved prediction for
ADL disability among Chinese older adults, which may help guide the targeted intervention.
Keywords: Prediction model, Physical performance, Activities of daily living disability, Short physical performance
battery, Gait speed

Background
Activities of daily living (ADL) disability, defined as a
dependency in performing normal daily activities, is
a significant and consequential health indicator of the
older population [1]. A growing number of older adults,
as their ages advance, lose independence in performing
ADL, leading to multiple adverse events such as falls,
hospitalization, and mortality [2–4]. Predicting and identifying high-risk individuals for ADL disability is a core
goal of health aging management. Predictors including demographic characteristics, chronic conditions,
and health behaviors for ADL disability have been well
described [5–8], but multi-factorial prediction models
have not been adequately explored, with limited factors
or lack of validation [9–12]. Therefore, ADL disability
prediction tools for the older community population
remain an unmet need.
Physical performances including upper limb index
(eg. handgrip strength) [13] and lower limb index (eg.
gait speed and the short physical performance battery
(SPPB)) [14] have proved to be crucial factors of intrinsic
capacity in older adults [15]. Substantial evidence shows
that physical performances are strong and independent
predictors of ADL disability, with satisfactory validity in
the older population [16–19]. Despite that, these predictors have rarely been incorporated in most ADL disability prediction tools, with very few studies reporting
on the prediction models with physical performance [9,
10, 12, 20]. Among these limited studies, most of them
lacked adequate validation for use in clinical practice [9,
10, 12] or limited by a small sample size [20] and long
follow-up interval [20]. Thus, it is necessary to further
understand the added value of physical performance on
ADL disability risk prediction models and to refine the
prediction tools among the older community population.
In addition, these physical performance-based models
can be categorized into upper limb model, lower limb
model, and comprehensive model combining both. However, it was still unclear which model has the best predictive value. In particular, gait speed, a crucial component
of SPPB, is regarded as an objective and reliable tool for
predicting ADL disability. Accumulating studies have
indicated that assessing gait speed alone performed as
well as the full SPPB tests for the prediction of disability
[10, 14]. Therefore, whether the full SPPB model could be
simplified to the gait speed model is worth exploring.

Hence, this study primarily aimed to derive prediction models that incorporated traditional risk factors and
physical performances for the prediction of ADL disability among Chinese older adults, while also determining
if the physical performance-based models improve the
predictive value compared to the fundamental model.
Secondly, we performed comparisons across different
physical performance-based models to determine the
optimal one. Finally, we also explored the possibility of
full SPPB model simplified to gait speed model.

Methods
All methods were performed in accordance with the relevant guidelines and regulations.
Study design and participants

Data were obtained from China Health and Retirement
Longitudinal Study (CHARLS), a nationally representative longitudinal survey conducted by Peking University among Chinese middle-aged and older adults. The
CHARLS baseline survey was conducted from 2011 to
2012, covering 150 counties in 28 provinces of China.
A wide range of information on socioeconomic status,
health circumstances, as well as anthropometric and
laboratory measurements, were collected [21]. The participants were followed in 2013, 2015, and 2018 through
face-to-face computer-assisted personal interview
(CAPI), respectively. Detailed descriptions of the survey
design and procedures were available elsewhere [21].
In this study, we restricted our analysis to a subset of
participants aged 60 years and older, without ADL disability at the baseline survey of CHARLS (2011 wave).
At baseline, a total of 2840 participants with missing
information on key variables such as all physical performances and ADL status were excluded, and 4303 wellfunctioning participants were included for analyses.
Compared with the excluded participants, the included
participants were older and more likely to be females,
with worse demographic characteristics, chronic conditions, and health behaviors (Table S1). After a 4-year
follow-up, 2111 were lost to follow-up and 2192 participants reported complete information on the ADL
outcome, and both groups shared similar baseline characteristics (Fig. S1 and Table S2).
All the participants signed informed consent at the
time of participation and this study was approved by
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the Institutional Review Board of Peking University
(IRB00001052–11014).
Outcome

ADL was evaluated by the Katz ADL scale referring to
daily self-care tasks, including taking a bath, eating, getting in and out of bed, dressing, using the toilet, and
maintaining continence of urine and feces [22]. In this
study, participants were determined as having ADL disability if they reported needing any help in at least one of
these ADL items [23].
Physical performances—handgrip strength

We assessed the upper limb function by performing the
handgrip strength test. Subjects were asked to stand and
hold the dynamometer at a right angle (90°), squeezing
the handle as hard as possible for a few seconds. Each
hand was measured twice in turn. In this study, the maximum handgrip strength (kg) from all four attempts was
used to measure handgrip strength [24].
Physical performances— the short physical performance
battery (SPPB)

We evaluated the lower limb function by conducting the
SPPB, which includes three measurements of balance, gait
speed, and repeated chair stands tests. In the balance test,
participants were asked to take two of the following balance tests: side-by-side stand, semi-tandem stand, and
full tandem stand. All participants were asked to conduct
a semi-tandem stand. If participants were able to hold a
semi-tandem stand for 10s, they were then asked to perform the full tandem stand for 30s (for participants aged 70
or above) or 60s (for participants aged less than 70). Otherwise, they were asked to conduct a side-by-side stand
for about 10s [25]. In the gait speed test, subjects walked
twice (there and back) along a 2.5-m straight road at their
usual speed and the time taken was recorded [25–28]. For
repeated chair stands test, subjects were asked to stand
and sit in a chair five times as quickly as possible with their
arms crossed over their chest. The time was measured from
the moment the subjects started to stand up until they were
fully standing after rising for the fifth time [25]. Each test
was scored from 0 to 4. The balance test score depended
on the hierarchical combination of performance on the
three kinds of balance tests. In the other two tests, score
0 was assigned to those who were unable to complete the
tests, and scores from 1 to 4 were assigned according to the
quartiles of time required to complete the tests [29]. Additionally, the SPPB score was obtained by summing balance,
gait speed, and repeated chair stands tests, ranging from 0
(worst performance) and 12 (best performance).
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Physical performances—gait speed

Gait speed was one part of the SPPB and has been given
detailed descriptions in the SPPB section. The average
speed of the two trials was used in the analysis [25].
Other predictors

The following variables were also considered as predictors: age, gender, marital status, education, social activity, drinking, smoking, night sleep, comorbidities, body
mass index (BMI), self-assessment of health conditions, depressive symptoms, and cognitive function [30,
31]. Age was classified into the following four groups:
60–64, 65–69, 70–74, and older than 75 years old [32].
Marital status was categorized into married or cohabiting, widowed, and another marital status including
separated, divorced, and never married. Education was
categorized into the following five categories: illiterate,
primary school, middle school, high school, and college and above [32]. Social activity frequencies were
classified as never, not regularly, almost weekly, and
almost daily [28]. Drinking was divided into the following four categories: never, quit drinking, less than once
a month, and more than once a month [28]. Smoking
was classified into the following four categories, never,
quit smoking, less than 20 cigarettes a day, and more
than 20 cigarettes a day [28]. Moreover, night sleep
durations were classified as less than 6 h, 6 to 9 h, and
more than 9 h [28]. Suffering from two or more selfreport chronic diseases was defined as comorbidity
condition [28]. BMI was classified according to WHO
cut-off points for Chinese: underweight (BMI < 18.5 kg/
m2), normal weight (BMI = 18.5 kg/m2 to 23.9 kg/m2),
overweight (BMI = 24 kg/m2 to 27.9 kg/m2) and obese
(BMI ≥ 28 kg/m2) [33]. Self-report health condition was
classified into good, fair, poor, and very poor. Cognitive function was assessed by two domains, episodic
memory and mental intactness, with global cognitive scores ranging from 0 to 21 [25, 34]. The episodic
memory score was defined as the average of the immediate and delayed recall scores, with the scores ranging
from 0 to 10 [34]. In CHARLS, the mental intactness
tests included serial subtraction of 7 from 100 (up to
five times), the date (month, day, and year), the day of
the week, the season of the year, and intersecting pentagon copying test. Answers to these questions were
summed into a mental intactness score ranging from 0
to 11 [34]. Depressive symptoms were measured using
Center for Epidemiologic Studies Depression Scale-10
items (CES-D-10) (ranging from 0 to 30). Participants
with scores ≥10 were considered to have significant
depressive symptoms [35].
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Statistical analysis

A descriptive analysis was performed to characterize the study populations. Continuous variables were
reported as median and quartile (non-normal distribution), and categorical variables were reported as
numbers and percentages. We compared the baseline
characteristics between ADL status using the KruskalWallis test for continuous variables or the chi-square
test for categorical variables.
We established six logistic regression models using
logistic regression analysis. Model 1 (fundamental
model) was established using a backward stepwise selection with the Akaike information criterion (AIC). We
selected seven predictors (gender, age, smoking, selfreport health condition, BMI, depressive symptoms, and
cognitive function) from 13 candidate predictors (age,
gender, marital status, education, social activity, drinking, smoking, night sleep, comorbidity, self-report health
condition, BMI, depressive symptoms, and cognitive
function). Besides, five physical performance-based models were established based on Model 1, adding handgrip
strength (Model 2), SPPB (Model 3), gait speed (Model
4), handgrip strength plus SPPB (Model 5), and handgrip strength plus gait speed (Model 6), respectively. In
our study, Model 2 represented upper limb model, Model
3 to 4 represented lower limb model, and Models 5 to 6
severed as comprehensive model combining both upper
and lower limbs. Predictors selected through every model
were considered of odds ratio (OR) and corresponding
95% confidential interval (CI). Moreover, we transformed
each model into visualized nomogram, facilitating risk
probability calculation using more concrete numbers for
individuals.
The model performance was evaluated by discrimination, calibration, and clinical utility. The discrimination
was quantified by the concordance index (C-index) which
was equivalent to the area under the receiver-operating
characteristic curve (AUC) in a logistic analysis. The
AUC closer to 1 represented better discriminant ability,
and AUC closer to 0.5 the opposite [36]. C-index ≥0.70
defined good discrimination [37]. We used the calibration plots to assess the calibration of the model by comparing the consistency between the actual outcomes and
predicted outcomes. The 45-degree line represented perfect calibration, and adjacency to this line indicated good
calibration [38]. Clinical decision curve analysis (DCA)
was conducted to determine the clinical utility of the
model by quantifying the net benefits at threshold probability [39]. Interventions would be made only when the
outcome probability reached the threshold value. Moreover, we validated our models internally by conducting
1000 bootstrap resamples to generate the bootstrap-corrected C-index and calibration plots.
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We also used Integrated Discrimination Improvement (IDI) and Net Reclassification Improvement (NRI)
to assess the incremental benefit in the subsequent
extended models (Model 2 to Model 6). The IDI index
shows the average net improvement in the predicted risk
for ADL disability in the extended models [40, 41]. The
NRI index can be interpreted as the proportion of correct
risk reclassification after adding physical performances
to Model 1 [40]. Category-free NRI was adopted due to
the lack of consensus on categorization of ADL disability risk in the older community population. In general,
NRI (IDI) > 0 is considered relatively positive incremental
benefit in the subsequent new models, indicating better
prediction performance than the old one.
All statistical analyses were performed with the use of
R software (version 3.0.2; http://www.Rproject.org) and
SPSS (version 20.0). All statistical tests were two-sided,
and significance was set as P value<0.05.

Results
Characteristics of participants

During the 4-year follow-up, 2192 participants reported
the ADL outcome, with 311 (14.2%) reporting ADL disability. Comparisons of baseline characteristics between
older adults with ADL disability and those without
ADL disability at follow-up were displayed in Table 1.
Most variables were associated with ADL status except
marital status, social activity, drinking, and comorbidity (P ≥ 0.05). Compared with the participants without
ADL disability, those who developed ADL disability
tended to have lower SPPB score (7.00 vs 8.00, P < 0.001),
weaker handgrip strength (22.00 kg vs 25.32 kg, P < 0.001),
and lower gait speed (0.51 m/s vs 0.61 m/s, P < 0.001) at
baseline.
Development and internal validation of models

The results of six multivariate logistic regression models were shown in Table S3. Nomograms were built to
visualize the models and for convenient use (Fig. S2, S3,
S4, S5, S6, Fig. S7). Compared to Model 1 (AUC = 0.693,
C-index = 0.693, 95%CI = 0.661–0.725), all five physical
performance-based models had better discrimination
with greater C-index (Fig. 1, Table 2). Among these five
models, the comprehensive model (Model 5 handgrip
strength + SPPB model: AUC = 0.732, C-index = 0.732,
95%CI = 0.702–0.763) had the best discrimination, very
close to that of the lower limb model (Model 3 SPPB
model: AUC = 0.731, C-index = 0.731, 95%CI = 0.701–
0.762), and significantly better than upper limb model
(Model 2 handgrip strength model: AUC = 0.701,
C-index = 0.701, 95%CI = 0.669–0.733). Replacing SPPB
with gait speed, the discriminations of the models attenuated slightly (Model 4 gait speed model: AUC = 0.714,
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Table 1 Baseline characteristics in baseline and 2015 follow-up cohort
N (%) or Median(Q1-Q3)
Variables

Overall

Baseline

4-year follow-up

All samples

ADL disability

ADL independent

2192

311

1881
< 0.001*

Age (Years)
60 ~

809 (36.9%)

82 (26.4%)

727 (38.6%)

65 ~

569 (26.0%)

63 (20.3%)

506 (26.9%)

70 ~ −

423 (19.3%)

75 (24.1%)

348 (18.5%)

391 (17.8%)

91 (29.3%)

300 (15.9%)

75 ~

0.045*

Gender
Male

892 (40.7%)

110 (35.4%)

782 (41.6%)

Female

1300 (59.3%)

201 (64.6%)

1099 (58.4%)

Married/Cohabitated

1680 (76.6%)

233 (74.9%)

1447 (76.9%)

Widowed

468 (21.4%)

73 (23.5%)

395 (21.0%)

Other

44 (2.01%)

5 (1.61%)

39 (2.07%)

Marital status

0.551

0.043*

Education
Illiterate

911 (41.6%)

153 (49.2%)

758 (40.3%)

Primary school

973 (44.4%)

126 (40.5%)

847 (45.0%)

Middle school

214 (9.76%)

24 (7.72%)

190 (10.1%)

High school

70 (3.19%)

6 (1.93%)

64 (3.40%)

College and above

24 (1.09%)

2 (0.64%)

22 (1.17%)

Never

1163 (53.1%)

155 (49.8%)

1008 (53.6%)

Not regularly

261 (11.9%)

36 (11.6%)

225 (12.0%)

Almost Weekly

212 (9.67%)

28 (9.00%)

184 (9.78%)

Almost daily

556 (25.4%)

92 (29.6%)

464 (24.7%)

Never

1482 (67.6%)

214 (68.8%)

1268 (67.4%)

Quit

268 (12.2%)

40 (12.9%)

228 (12.1%)

Less than 20 /day

212 (9.67%)

38 (12.2%)

174 (9.25%)

More than 20 /day

230 (10.5%)

19 (6.11%)

211 (11.2%)

Never

1422 (64.9%)

207 (66.6%)

1215 (64.6%)

Quit

237 (10.8%)

41 (13.2%)

196 (10.4%)

Less than once/month

116 (5.29%)

15 (4.82%)

101 (5.37%)

More than once/month

417 (19.0%)

48 (15.4%)

369 (19.6%)

1216 (55.5%)

150 (48.2%)

1066 (56.7%)

  < 6

807 (36.8%)

132 (42.4%)

675 (35.9%)

  > =9

169 (7.71%)

29 (9.32%)

140 (7.44%)

0

471 (21.5%)

63 (20.3%)

408 (21.7%)

1

633 (28.9%)

83 (26.7%)

550 (29.2%)

  
≥2

1088 (49.6%)

165 (53.1%)

923 (49.1%)

Social activity

0.327

0.026*

Smoking

Drinking

0.199

Night sleep (hours)
6–9

P value

0.021*

Comorbidity

0.425

< 0.001 *

BMI

Normal

1140 (52.0%)

141 (45.3%)

999 (53.1%)

Underweight

201 (9.2%)

34 (10.9%)

167 (8.9%)

Overweight

613 (28.0%)

76 (24.4%)

537 (28.5%)

Obese

238 (10.9%)

60 (19.3%)

178 (9.46%)
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Table 1 (continued)
N (%) or Median(Q1-Q3)
Variables

Baseline

4-year follow-up

All samples

ADL disability

ADL independent

P value
< 0.001*

Self-report health
Good

200 (9.12%)

23 (7.40%)

177 (9.41%)

Fair

616 (28.1%)

71 (22.8%)

545 (29.0%)

Poor

877 (40.0%)

116 (37.3%)

761 (40.5%)

Very poor

499 (22.8%)

101 (32.5%)

398 (21.2%)
< 0.001*

Depression symptoms
Normal

1180 (53.8%)

132 (42.4%)

1048 (55.7%)

Depression

1012 (46.2%)

179 (57.6%)

833 (44.3%)

Cognitive function

9.00 [5.50;12.50]

7.00 [4.00;10.50]

9.50 [6.00;12.50]

< 0.001*

Handgrip strength (kg)

24.75 [19.48;31.50]

22.00 [16.88;27.75]

25.32 [20.00;32.00]

< 0.001*

Gait speed (m/s)

0.59 [0.45;0.73]

0.51 [0.37;0.64]

0.61 [0.46;0.75]

< 0.001*

SPPB score

8.00 [6.00;10.0]

7.00 [5.00;9.00]

8.00 [7.00;10.0]

< 0.001*

Note. ADLs activities of daily living, BMI body mass index, SPPB Short Physical Performance Battery
*p < 0.05

Fig. 1 The ROC curves for different prediction models. Note. AUC = area under the receiver-operating characteristic curve; Model 1 incorporated
seven predictors, including gender, age, smoking, self-report health condition, BMI, depressive symptoms, and cognitive function. Besides, five
physical performance-based models were established based on Model 1, adding handgrip strength (Model 2), SPPB (Model 3), gait speed (Model 4),
handgrip strength plus SPPB (Model 5), and handgrip strength plus gait speed (Model 6), respectively. Model 1 to Model 6 are presented in purple,
dark blue, red, yellow, orange, bright blue lines, respectively
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Table 2 Comparison of C-index between different models
C-index (95%CI)

P value

Model 1

0.693 (0.661–0.725)

<0.001*

Model 2

0.701 (0.669–0.733)

<0.001*

Model 3

0.731 (0.701–0.762)

<0.001*

Model 4

0.714 (0.684–0.745)

<0.001*

Model 5

0.732 (0.702–0.763)

<0.001*

Model 6

0.718 (0.687–0.749)

<0.001*

Note. C-index concordance index
Model 1 incorporated seven predictors, including gender, age, smoking, selfreport health condition, BMI, depressive symptoms, and cognitive function.
Besides, five physical performance- based models were established based on
Model 1, adding handgrip strength (Model 2), SPPB (Model 3), gait speed (Model
4), handgrip strength plus SPPB (Model 5), and handgrip strength plus gait
speed (Model 6), respectively
*p < 0.05

C-index = 0.714, 95%CI = 0.684–0.745; Model 6 handgrip strength + gait speed model: AUC = 0.718,
C-index = 0.718, 95%CI = 0.687–0.749), but were
still better than upper limb model (Model 2 handgrip
strength model). Calibration plots of all six models demonstrated that the points were close to the 45-degree line,
indicating good calibration (Fig. 2). Furthermore, a DCA
analysis was used to compare the clinical utility as seen
in Fig. 3, the comprehensive models (Model 5: handgrip
strength + SPPB model) and lower limb model (Model
3: SPPB model) have similar net benefits and are significantly better than upper limb model (Model 2: handgrip
strength model). Correspondingly, when replacing SPPB
with gait speed, the clinical utility of the lower limb models (Model 4: gait speed model) and the comprehensive
models (Model 6: handgrip strength + gait speed model)
attenuated slightly, but were still better than upper limb
model (Model 2: handgrip strength model).
The predictive performance of each model was internally validated by conducting 1000 bootstrap resamples.
The bootstrap-corrected C-index of Model 1 to Model 6
were 0.674, 0.682, 0.716, 0.697, 0.716, and 0.700, respectively (data not shown). The bootstrap-corrected calibration plots (Fig. S8) showed that the comprehensive
models (Model 5:handgrip strength + SPPB model)
and lower limb model (Model 3: SPPB model) had similar calibration and were significantly better than upper
limb model (Model 2: handgrip strength model). Replacing SPPB with gait speed, the calibration of the lower
limb model (Model 4: gait speed model) had no obvious
change.
Incremental benefit analysis

NRI and IDI were used to estimate the added value of
the extended model (Table 3). Not surprisingly, all five

physical performance-based models had significant
improvement in discrimination and reclassification compared with Model 1 (all NRI and IDI > 0 and P < 0.05).
Additionally, when adding lower limb indexes (regardless
of gait speed or SPPB) to the upper limb model (Model
2: handgrip strength model), significantly incremental benefits of subsequent extended models (Model 5
handgrip strength + SPPB model and Model 6 handgrip
strength + gait speed model) were observed (Model 2 vs
Model 5: NRI = 0.358, 95%CI = 0.239–0.476; IDI = 0.031,
95%CI = 0.021–0.040; Model 2 vs Model 6: NRI = 0.346,
95%CI = 0.229–0.463; IDI = 0.012, 95%CI = 0.007–0.017).
In contrast, when upper limb indexes were added to the
lower limb model (Model 3 SPPB model and Model 4
gait speed model), no obvious improvement was identified in the extended models (Model 5 handgrip strength
+ SPPB model and Model 6 handgrip strength + gait
speed model) with non-statistically significant effect
(Model 3 vs Model 5: NRI = 0.058, 95%CI = 0.062–0.178;
IDI = 0.001, 95%CI = 0.010–0.023; Model 4 vs Model
6: NRI = 0.071, 95%CI = 0.049–0.191; IDI = 0.003,
95%CI = 0.000–0.006). The above results suggested the
lower limb models may play a critical role in the prediction of ADL disability, whereas the upper limb model
may not.

Discussion
In this study, we developed five extended prediction
models by adding different physical performances—
handgrip strength, SPPB, gait speed, handgrip strength
plus SPPB, and handgrip strength plus gait speed, and
internally validated the models by C-index, calibration plots, DCA analysis, NRI and IDI. We found that
all five novel models, as compared to the fundamental
model, demonstrated better predictive performance in
accuracy, discrimination, and clinical utility, manifested
as improved NRI and IDI. In addition, we observed the
prediction of ADL disability was largely contributed by
the lower limb model, where the upper limb model contributed little. Furthermore, considering clinical applications, we also explored the possibility of simplifying the
lower limb model by replacing SPPB with gait speed and
found that the predictive value of the models attenuated
slightly, but still better than the upper limb model.
Previous studies have reported the predictive value
of physical performances for ADL disability, indicating
handgrip strength, SPPB score, and gait speed were reliable prediction tools [9–12, 42]. However, few studies have
considered including the physical performances into the
prediction models. Cristina Minneci et al. [12] developed
four prediction models incorporating physical performances to predict ADL disability, yet without model validation. Jack M. Guralnik [10] and Wen-Ni Wennie Huang
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Fig. 2 Calibration curves for different models. A Model 1, (B) Model 2, (C) Model 3, (D) Model 4, (E) Model 5, and (F) Model 6. Note. Model 1
incorporated seven predictors, including gender, age, smoking, self-report health condition, BMI, depressive symptoms, and cognitive function.
Besides, five physical performance-based models were established based on Model 1, adding handgrip strength (Model 2), SPPB (Model 3), gait
speed (Model 4), handgrip strength plus SPPB (Model 5), and handgrip strength plus gait speed (Model 6), respectively. Model-predicted probability
and actual probability for ADL disability among older adults were plotted in the x- and y-axis, respectively. The diagonal gray line represents an ideal
plot for the calibration plot. The solid black line represents the performance of the prediction model, of which a closer match to the diagonal gray
line indicates a better calibration

[9] used different methods to construct physical performance-based models for the prediction of ADL disability.
However, both studies had the limitation that the models
were validated only by discrimination, ignoring calibration and clinical utility. Recently, Nini H. Jonkman [11]
developed a model based on handgrip strength, gait
speed, repeated chair stands test, and other traditional
risk factors to predict ADL disability using four European
cohort studies, and they applied internal-external crossvalidation to assess the model by discrimination and
calibration. The performance of the model determines
the clinical application, so it is necessary to evaluate and

validate the model comprehensively and extensively. Our
study extended the prediction model by adding physical
performances and validated the model by C-index, calibration plots, DCA analysis, NRI and IDI. After a comprehensive assessment, our updated models had better
overall performance for predicting ADL disability.
It is noteworthy that, in our study, we observed that
the lower limb models may play a critical role in the prediction of ADL disability, whereas the upper limb model
may not. A recent study comprised 1591 adults aged
≥65 years from the Sasaguri Genkimon Study (SGS),
also observed better discrimination of gait speed models
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Fig. 3 The Decision curves analysis for different prediction models. Note. Model 1 incorporated seven predictors, including gender, age, smoking,
self-report health condition, BMI, depressive symptoms, and cognitive function. Besides, five physical performance-based models were established
based on Model 1, adding handgrip strength (Model 2), SPPB (Model 3), gait speed (Model 4), handgrip strength plus SPPB (Model 5), and
handgrip strength plus gait speed (Model 6), respectively. Model 1 to Model 6 are presented in purple, dark blue, red, yellow, orange, bright blue
lines, respectively. Y-axis indicates net benefit, calculated by summing the benefits (true positives) and subtracting the harms (false positives). The
straight line represents the assumption that all participants will develop ADL disability, and the horizontal line represents the assumption that no
participants will develop ADL disability

Table 3 NRI and IDI between different models

Model 1 vs Model 2
Model 1 vs Model 3
Model 1 vs Model 4
Model 1 vs Model 5
Model 1 vs Model 6
Model 2 vs Model 5

NRI (95%CI)

P value

IDI (95%CI)

P value

0.146 (0.026–0.265)

0.017*

0.406 (0.288–0.524)
0.367 (0.251–0.484)
0.396 (0.278–0.514)
0.341 (0.224–0.459)
0.358 (0.239–0.476)

0.005 (0.001–0.009)

0.011*

*

0.035 (0.024–0.045)

< 0.001*

*

0.014 (0.008–0.019)

< 0.001*

*

0.036 (0.025–0.046)

< 0.001*

*

0.017 (0.010–0.023)

< 0.001*

*

0.031 (0.021–0.040)

< 0.001*

*

< 0.001
< 0.001
< 0.001
< 0.001
< 0.001

Model 2 vs Model 6

0.346 (0.229–0.463)

< 0.001

0.012 (0.007–0.017)

< 0.001*

Model 3 vs Model 5

0.058 (0.062–0.178)

0.341

0.001 (0.010–0.023)

0.276

Model 4 vs Model 6

0.071 (0.049–0.191)

0.247

0.003 (0.000–0.006)

0.049

Note. IDI Integrated Discrimination Improvement, NRI Net Reclassification Improvement; Model 1 incorporated seven predictors, including gender, age, smoking,
self-report health condition, BMI, depressive symptoms, and cognitive function. Besides, five physical performance-based models were established based on Model 1,
adding handgrip strength (Model 2), SPPB (Model 3), gait speed (Model 4), handgrip strength plus SPPB (Model 5), and handgrip strength plus gait speed (Model 6),
respectively
*p < 0.05
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(C index = 0.778, 95%CI = 0.759–0.803) than handgrip
strength models (C index = 0.775, 95%CI = 0.756–0.800)
on the prediction of functional disability risk among older
adults [19]. Another study indicated that the gait speed
test could better discriminate ADL disability compared
with hand-grip strength both in male (handgrip strength:
AUC = 0.67, 95%CI = 0.63–0.72; gait speed: AUC = 0.70,
95%CI = 0.66–0.74) and female (handgrip strength:
AUC = 0.64, 95%CI = 0.59–0.68; gait speed: AUC = 0.68,
95%CI = 0.64–0.72) as well [32]. It was therefore, not surprised to identify that lower limb models had comparable
predictive value to the comprehensive models combing
upper and lower limb. It seems reasonable and sufficient
to use only the lower limb model to predict ADL disability among Chinese older population in clinical practice.
To further simplify the lower limb model, we replaced
SPPB with gait speed and found nuanced difference. This
has practical implications concerning the feasibility. For
older adults with poor physical tolerance or in situations with time constraints, we assumed that the model
including gait speed, a more practical and simpler tool,
would be handier than the SPPB model. Moreover, the
gait speed model could also be an effective tool as the
first step in screening a large number of older adults to
identify and recruit into clinical trials participants with a
specific level of functioning [10].
Apart from physical performances, our updated model
yielded the following independent risk factors: gender,
age, smoking, self-report health condition, BMI, depressive symptoms, and cognitive function. Older age, smoking, overweight or underweight, poor self-reported
health conditions, or poor mental health are commonly
associated with ADL disability [30, 31]. Most modifiable
risk factors may reverse the decline of ADL disability and
easy-to-measure variables that discriminate well in predicting functional decline in community-dwelling older
adults. Clinicians can utilize this set of variables to screen
individuals on their risk of functional decline in the
future. Therefore, prevention and intervention strategies
should focus on guiding older adults to develop a healthy
lifestyle and improving their physical and mental fitness,
especially in the older male population.
Early prediction and prevention of disability should be a
priority for healthy aging. Available evidence suggests that
one-size-fits-all preventive interventions for ADL disability are unsuccessful because of the heterogeneity of older
adults [43]. For example, two older adults with the same
risk probability of ADL disability may suffer from various
risk factors, so their care needs and intervention strategies
should also be tailored depending on their specific situation. The nomogram provides individualized identification
for older adults at risk. Health care workers could make
targeted interventions according to the scores of different
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items on nomogram for each subject, improving the efficiency of interventions [28, 44]. In addition, we would
like to emphasize that all predictors we include could be
measured in the real-world clinical setting. Particularly,
we chose physical performances into the prediction tool,
providing more objective and steady information than
self-report measures. At the same time, many technologybased devices, such as force platforms, wearable devices,
and accelerometer sensors, have been designed to collect
the information of physical performances. Nomograms
could be applied to information and communication
technology (ICT) to closely monitor the health status of
older adults. For example, wearable devices such as smart
bracelets could be used to collect information about their
physical performances. With the information collected,
physicians can use the nomogram to calculate the probabilities for ADL disability. This strategy, combining the
nomogram with the use of ICT, provides new ideas and
methods for the efficient intervention of older adults. The
community could carry out physical performance screening for older adults using physical performance-based
models, especially lower limb models, to predict the probability of ADL disability among elders. It would be helpful to avoid or delay the occurrence of ADL disability, and
improve the quality of life of older adults.
However, the nomogram should be interpreted with
caution with reference to statistical results such as the
95%CI of ORs and P values. For example, although the
lowest risk for ADL disability seems to be among heavy
smokers who smoke more than 20/day – even lower than
for those who have never smoked in our nomograms, this
result is non-statistically significant in our models according to the 95%CI of ORs and P values (P values > 0.05).
There might be two possible interpretations. First, we
assumed that the participants who smoked more than 20
cigarettes/day at baseline may be healthier than those who
smoked less than 20/day or non-smokers. In other words,
if an individual’s health were hampered, he/she may have
a lower likelihood of heavy smoking. Also, Margare R.
Becklake et al. proposed the concept of “healthy smoker”
[45]. They found that smokers have healthier lung function that is relatively resistant to the effects of smoking.
Second, smoking is a modifiable factor. During the 4-year
follow-up period, participants who smoked more than 20
cigarettes/day at baseline were likely to have been forced
to quit or reduce smoking in 2015 due to other medical
conditions like respiratory diseases or others. And ADL
disability is also sometimes a reversible event. Therefore,
future repeated exposure measures are warranted.
Our study has several limitations. First, we didn’t directly
compare our model against the prediction models of previous studies. Such comparison was not easy to conduct
because not all the variables required by these models are
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collected in CHARLS. However, we included as many traditional risk factors related to ADL disability in previous
studies as possible and conducted a fundamental model
based only on these variables to evaluate the added value
of our updated model. Second, there is large heterogeneity
in the baseline characteristics of the excluded and included
group, which may bias our results; Last but not least,
although internal validation adequately assesses the performance of the model, external validation in another cohort
waits for further efforts. It is still unclear whether the model
developed in this study can be used by all community older
adults. Therefore, further prospective multicentered validation studies are warranted to support our study.
In conclusion, we have developed novel physical performance-based models with improved predictive values to assess the risk of ADL disability among Chinese
older adults. These novel models, lower limb models in
particular, achieved satisfactory performance in internal
validation. Nonetheless, further multicentered external validation studies are necessary. Overall, the application of the
updated models will better inform physicians of the risk of
ADL disability and guide the targeted interventions.
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