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Abstract

Background Postoperative frailty is an important determinant of postoperative recovery and survival outcomes. Pre-
dicting the onset of postoperative frailty is significant importance for the rehabilitation of the elderly people after sur-
gery. Our study aims to develop and evaluate a predictive model for postoperative frailty on the 30" day in elderly
patients.

Methods Data from seven Guangzhou hospitals were collected, encompassing 2,290 patients for analysis.

This study constructed the model using LASSO regression and stepwise regression, and the optimal predictive
model was selected based on comparison. Model performance was assessed through calibration curves, the area
under the ROC curve (AUC), and decision curve analysis (DCA).

Results The final model included the following variables: American Society of Anesthesiologists (ASA) grade, intra-
operative blood loss, economic income, caregiver status, sedentary behavior, cognitive function, Activities of Daily
Living (ADL), postoperative hemoglobin (Hb) level, and postoperative ICU admission. The model demonstrated good
discrimination, with an area under the curve (AUC) of 0.7431 (95% Cl=0.7073-0.7788) in the training set and 0.7285
(95% Cl=0.6671-0.7624) in the validation set.

Conclusions According to general demographic information, lifestyle habits, and surgery-related factors, a predic-

tive model for postoperative frailty in the elderly was constructed, which has good predictive power. This model can
identify high-risk populations for postoperative frailty and provides a reference for the early detection and interven-

tion of frailty in the elderly in clinical practice.

Trial registration This study was registered on May 17, 2023, at the Chinese Clinical Trial Registry (registration num-
ber: ChiCTR2300071535).
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Introduction

Aging is an irreversible trend, with 13% of the popu-
lation expected to be over 65 by 2050 [1], likely
increasing older surgical patients [2]. Addressing the
prevention and intervention of age-related conditions
such as sarcopenia, frailty, and cognitive impairments
to enhance the postoperative quality of life and sur-
vival outcomes in the older person will emerge as a
critical topic.

Frailty is a geriatric syndrome characterized by a
decline in physiological capacity across multiple organ
systems, with an inability to cope with exogenous or
endogenous stress [3, 4]. It was reported that the inci-
dence of frailty in older patients could be up to 25.64%
[5], with an average incidence of 13% within nonsur-
gical older patients [6, 7]. Frailty can cause complica-
tions, slow recovery, longer hospitalization, and higher
costs [8, 9]. Considering the significant impact of frailty
on the rehabilitation of the older person, the identifi-
cation and timely prevention of frailty have become a
research hotspot.

Most older person’s perioperative research focuses on
preoperative frailty, with a lack of studies on postopera-
tive frailty prevention, indicating gaps in the current
literature. Li [10] included 406 older individuals over
the age of 75 who underwent percutaneous coronary
intervention (PCI), and constructed a predictive model
for new-onset frailty within three days postoperatively.
The final model included five variables: duration of sur-
gery, psychological distress, frequency of daily exercise,
sleep condition, and comorbidity status. But the model
was constructed using a single dataset, and there was
no data splitting or external validation. Liu [11] con-
structed a predictive model for new-onset postopera-
tive frailty within 3 months specifically for older person
with hip fractures, including 192 individuals over the
age of 65. However, the results have not been sub-
jected to validation analysis. The findings from these
studies are helpful in predicting postoperative frailty
in different disease. Nevertheless, the reliability and
generalizability are limited by small sample sizes and
simplistic validation of the results. More robust and
accurate prognostic estimates for postoperative frailty
are thus needed.

Given the context, we've assembled multicenter data
to enhance sample size and representativeness, creating
a clinically relevant predictive model. Our study’s goal
is to construct and internally validate a nomogram pre-
dicting the risk of postoperative frailty in the older per-
son by the 30th day, providing a straightforward tool
for frailty assessment and precise targets for interven-
tion management.
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Methods

Study design and participants

The data originate from the Early-Warning model of
Perioperative Adverse Events for older adults (EPAE),
which is an ongoing prospective, multicenter, longitu-
dinal study.The project includes a total of 7 hospitals,
Guangdong Provincial Hospital of Traditional Chinese
Medicine, Dongguan Hospital of Traditional Chinese
Medicine, Foshan Hospital of Traditional Chinese Medi-
cine, Huizhou Hospital of Guangzhou University of Chi-
nese Medicine, Shenzhen Traditional Chinese Medicine
Haspital,Shunde Hospital of Guangzhou University of
Chinese Medicine, and Zhongshan Hospital of Guang-
zhou University of Chinese Medine. Detailed inclusion
criteria were as follows: 1) aged 60—85 years; 2) scheduled
for elective surgery; 3) American Society of Anesthesiol-
ogists (ASA) classification is I-1II;4) have good language
expression ability, communicate with the investigators
without obstacles; 5) voluntary participation in the study
and signed informed consent. Exclusion criteria: 1) with
severe cognitive impairment, mental dysfunctions, or
communication disorders;2) cancellation of the surgery
due to various reasons;3) unable to cooperate with assess-
ment;4) Preoperative frailty population;5) Unable to
cooperate while still in the ICU 30 days postoperatively.
A total of 2,290 complete cases were included in the final
study. For detailed procedures, please refer to the Fig. 1.
All participants were randomly divided into a training set
and a testing set at a ratio of 7:3. This study was regis-
tered on May 17, 2023, at the Chinese Clinical Trial Reg-
istry (registration number: ChiCTR2300071535).

Measures

Frailty

The 5-item Frail scale was used to assess physical frailty
[12]. The FRAIL scale is valid for the older Chinese adult
population [13]. The Frail scale scores range from 0-5,
with one point for each item. Patients with >3 points are
deemed frail, 1-2 points are prefrail, and 0 points are
non-frail.

Socio-demographic variables

Socio-demographic variables included age, gender,
marital status, educational level, family per-capita
monthly income, caregivers, smoking, drinking, die-
tary habit, resistance training, and sedentary behavior
(a sedentary time of>6 h/day). Gender was defined
as either male or female. Education level was cat-
egorized as “primary school and below”, “junior high
school’, “high school or vocational training’, or “col-
lege and above” Marital status was classified as living
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Patients assessed for eligibility
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Fig. 1 Participant inclusion flowchart

with a spouse or without a spouse if the participant
was currently separated, divorced from a spouse, wid-
owed, or never married. Smoking and alcohol his-
tory were defined as “yes,” “quit,” or “no” based on the
participant’s smoking and drinking behavior over the
past year. Sedentary behavior and exercise habits were
dichotomized into “yes” or “no” categories. Sedentary

behavior was defined as sitting for 6 h or more per day,

and exercise habit was defined as engaging in resistance
training for more than 40 min per week. Eating habits
were categorized into three types: predominantly veg-
etarian, balanced (vegetarian and non-vegetarian), and
predominantly meat-based. Predominantly vegetar-
ian refers to consuming more than 70% plant-based
foods daily. Balanced (vegetarian and non-vegetar-
ian) indicates that animal and plant-based foods are
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approximately equally represented in the daily diet.
Predominantly meat-based refers to more than 70% of
daily food intake coming from meat, dairy, and eggs
[14].

Clinical and physical variables

Clinical and physical variables included body mass
index(BMI), polypharmacy (defined as concurrent five or
more drug usage) [15], history of stress(defined as experi-
encing at least one of the stressful events, such as severe
trauma, infection, hospitalization, death of a spouse, etc.),
the Age-Adjusted Charlson comorbidity index(ACCI)
[16, 17], Nutritional Risk Screening 2002(NRS2002) [18],
Numerical Rating Scale of pain (NRS) [19], Social sup-
port rating scale(SSRS) [20], Athens Insomnia Scale(AIS)
[21], activities of daily living (ADL) [22]. Laboratory indi-
cators include hemoglobin (Hb), Neutrophil-lymphocyte
ratio (NLR) were assessed. Among these, BMI, ACCI
Score, NRS2002 Score, NRS, SSRS Score, AIS Score,
ADL Score, Hb (g/L) and NLR were included as continu-
ous variable. Polypharmacy and history of stress were
included as binary variables in the study.

Psychological and cognitive variables

Depression was measured on Patient Health Ques-
tionnaire-9 (PHQ-9) [23] which designed to screen for
depression in primary care and other medical settings
[24, 25].

Cognitive function was assessed by the brief cognitive
test (Mini-cog) consisting of two components, a delayed
three-word recall and a clock drawing test [26]. The
Mini-Cog has been reported to have little potential for
bias in terms of education or language [27].

Surgery related variables

Surgical-related variables were categorized into preoper-
ative, intraoperative, and postoperative stages. Preopera-
tive variables included ASA grade, preoperative fasting
time (the time from the last meal to surgery), preopera-
tive fasting fluid time (the time from the last intake of
fluids to the start of surgery), and preemptive analgesia
(defined as effective pain relief before surgical injury).
Intraoperative variables included the surgical site (classi-
fied as limbs, abdomen, buttocks, back, head and neck,
and chest), anesthesia method (defined as regional anes-
thesia or general anesthesia), surgery duration, intraop-
erative blood loss, intraoperative hypothermia (defined
as any core temperature<36 °C during surgery), and
intraoperative hypotension (defined as mean arterial
pressure<60 mmHg). Postoperative variables included
postoperative catheter placement, and ICU admission.
Intraoperative hypothermia, intraoperative hypotension,
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postoperative ICU admission, and postoperative cath-
eterization were recorded as “Yes” or “No”.

Data collection

Data were collected by trained nurses through face-to-
face questionnaires in the ward. For detailed information,
please refer to Attachment 2. Demographic characteris-
tics, basic clinical data (BMI, polypharmacy, history of
stress, ACCI, NRS2002, SSRS, PHQ-9) were collected
within 24 h after hospitalization. Other clinical and phys-
ical variables (NRS, AIS, ADL), cognitive variables (Mini-
Cog) were collected on the first postoperative day, and
frailty assessment were collected on day 30 after surgery.
All laboratory indicators on the first postoperative day
were extracted from the electronic medical records. Sur-
gery-related variables were obtained from the electronic
medical records within 24 h after surgery. We completed
the assessment of postoperative frailty through telephone
follow-up. All scale scores and laboratory indicators were
included in the study as continuous variables.

To ensure consistency in multicenter data collection,
we implemented several measures. All centers used a
standardized case report form and personnel under-
went uniform training and assessment for tasks includ-
ing postoperative blood collection and questionnaire
administration, with only those who passed participating
in formal data collection. Weekly, three questionnaires
from each hospital were randomly reviewed; if two-thirds
were unsatisfactory, the hospital’s data for that week were
re-audited to ensure quality. Upon completion, data from
all centers were entered into an online management plat-
form designed and instructed by hospital engineers.

Statistical analysis

Data presentation was tailored to variable types. Con-
tinuous variables were tested for normality and described
by mean + SD or median (IQR); categorical variables were
reported as percentages. Normal continuous data were
analyzed using Student’s t-test, and non-normal data with
the Mann-Whitney U test. The Chi-square test assessed
categorical variable differences. Lasso regression identi-
fied risk factors, with multicollinearity assessed by VIF
(threshold 10), and addressed by adjustment or exclusion.
Model discrimination and consistency were evaluated
by the C-index and calibration curve. The data were ran-
domly allocated in a 7:3 ratio to the training (n=1602)
and validation (n=688) sets. All statistical analyses were
performed with R software v4.2.1.

This study utilized LASSO regression and stepwise
regression to develop a model. Initially, LASSO regres-
sion addresses model overfitting by constructing a pen-
alty function that shrinks variable coefficients. This
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process compresses non-essential coefficients to zero
while retaining important variables with coefficients
greater than zero [28]. The optimal Lambda value and
key variables are determined through 10-fold cross-
validation [29]. Stepwise regression selects the most
appropriate predictors by repeatedly adding or remov-
ing variables. In this study, we used a combination of
forward selection and backward elimination, known
as the forward-backward method, to progressively add
and remove independent variables in order to identify
the best model. This approach helps reduce model com-
plexity and enhance predictive performance. To ensure
the chosen model provides the best fit, we used the
Akaike Information Criterion (AIC) to determine the
optimal model and the predictors it includes. A lower
AIC value indicates a better model fit and reduced risk
of overfitting. These key variables are then included in
a multivariate logistic regression, and significant pre-
dictive factors (p<0.05) are integrated into the final
nomogram model. Finally, to compare the predictive
performance of the two models, we evaluated their
classification ability using the area under the curve
(AUC) and identified the optimal predictive model.

We used the AUC and calibration curves to assess the
model’s discrimination ability and the degree of con-
sistency between predicted probabilities. It is generally
accepted that a model’s area under AUC greater than 0.7
is considered acceptable, indicating a model with a satis-
factory level of discrimination ability [30, 31]. The nomo-
gram was internally validated using the bootstrapping
approach, and it ultimately gained further confirmation
through the validation dataset.

The clinical validity of the model was evaluated using
decision curves. All tests were two-tailed, and P<0.05
was considered statistically significant. The missing data
rate for all variables in this study was below 20%. To han-
dle missing data, we used multiple imputation, creating
five imputed datasets and comparing them. The results
showed that the differences between the imputed data-
sets remained consistent, with a variation of approxi-
mately 5%. The third imputed dataset was selected as the
final dataset and compared with the non-missing data
in the original dataset. The comparison revealed that
the relationships between the variables and postopera-
tive frailty were consistent with those in the original data
after imputation.

Ethical considerations

All procedures performed in this study involving human
participants were in accordance with the ethical stand-
ards of the institutional research committee and with the
Helsinki declaration. Ethical approval was obtained from
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the Institutional Review Board of the Second Affiliated
Hospital of Guangzhou University of Chinese Medicine
(protocol number BE2022-165-01).

Result

Participant characteristics

All participants had been discharged from the ICU by
the 30th postoperative day, but 19 participants had not
yet been discharged. The average length of stay was
7.7 +5.5 days. In total 2290 old people after surgery were
included in this study. There were 899 male patients
(39.3%), 1391 female patients (60.7%). The average age
is 69 (£ 6) years old. The incidence of frailty was 12.4%
(285/2290), 199(12.4%) and 86 (12.5%) comprised the
training and testing sets, respectively. All participants
had been discharged from the ICU by the 30th post-
operative day, but 19 participants had not yet been dis-
charged. The average length of stay was 7.7+5.5 days.
Compared to participants who did not develop frailty by
postoperative day 30, those who developed frailty tended
to be older, had a higher proportion of females (P=0.02),
lower income (P=0.00), less daily physical activity
(57.3% vs. 65.2%), and more sedentary behavior (37.7%
vs. 26.8%). Additionally, frail patients had poorer cogni-
tive function and lower social support scores (P<0.05).
In terms of surgical factors, patients who developed
frailty were more likely to undergo higher-grade surgeries
(P=0.01), receive more blood transfusions during sur-
gery (P=0.00), and have lower postoperative hemoglobin
levels (P=0.00). In contrast, frail patients had a higher
proportion of postoperative ICU admissions (9.0% vs.
2.4%). Further descriptive characteristics for all partici-
pants are listed in Tables 1 and 2. Comparisons between
the training and testing sets are presented in Supplemen-
tary Table S1.

Predictive performance and final model selection

We constructed two models using LASSO regression
(fitl) and stepwise regression (fit2), respectively. Through
AUC comparison (Fig. 2), we ultimately selected the
stepwise regression model (fit2) as the final model. The
final model includes a total of 8 independent influenc-
ing factors: Mini-cog score (P=0.02), ADL (P<0.01),
Hb(P<0.01), average monthly household income
(P<0.01), with or without caregiver (P<0.01), seden-
tary behavior (P<0.01), ASA grade(P=0.01), and ICU
admission(P<0.01) were associated with the develop-
ment of postoperative frailty within 30 days in older per-
son after surgery (Table 3).

The variance inflation factor (VIF) test was per-
formed, and VIF values for all variables were <4, indi-
cating no covariance and the model fit was good. The
predictive model was presented using a nomogram,
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Table 1 Baseline characteristics of the study population
Characteristics Non-frailty (n =1403) Frailty (n =199) Pvalue
Age (years), median (P25, P75) 68 (64, 73) 69 (65, 74) 0.02
Gender, n (%) 0.02
Male 571 (40.7) 63 (31.7)
Female 832 (593) 136 (68.3)
Marital status, n (%) 0.29
With a spouse 1285 (89.7) 173 (86.9)
Without a spouse 145 (103) 26 (13.1)
Education, n (%) 0.26
Primary and below 757 (54.0) 121 (60.8)
Junior high school 363 (25.9) 46 (23.1)
High school or vocational 236 (16.8) 24 (12.1)
College and above 47 (33) 8 (4.0)
Smoking, n (%) 0.06
No 1087 (77.5) 168 (84.4)
Quit 99 (7.1) 12 (6)
Yes 217 (15.5) 19 (9.6)
Drinking, n (%) 0.09
No 1174 (83.7) 177 (889)
Quit 75 (53) 10 (5.0)
Yes 154 (11.0) 12 (60)
BMI (kg/m?), median (P25, P75) 23.6(214,26.0) 234(215,26.3) 0.99
ACCIl, median (P25, P75) 3(2,4) 3(2,4) 0.70
SSRS, median (P25, P75) 38(34,42) 38(34,41) 0.08
NRS2002, median (P25, P75) 0(0,1) 0(0,1) 0.94
Income (RMB), median (P25, P75) 0.00
<5000 757 (54.0) 137 (6838)
5000-7499 511 (364) 56 (28.1)
>7500 135 (9.6) 6 (3)
Dietary habit, n (%) 0.03
Predominantly vegetarian 336 (23.9) 53 (26.6)
Meat and vegetable balance 932 (66.4) 138 (69.3)
Predominantly meat-based 135 (9.6) 8 (4.1)
Resistance training, n (%) 0.03
Yes 915 (65.2) 114 (57.3)
No 488 (34.8) 85 (42.7)
Sedentary behavior, n (%) 0.00
Yes 376 (26.8) 75 (37.7)
No 1027 (73.2) 124 (62.3)
Caregivers, n (%) 0.01
Yes 1248 (89.0) 161 (80.9)
No 155 (11.0) 38 (19.1)
Polypharmacy, n (%) 0.18
Yes 197 (14.0) 21 (106)
No 1206 (86.0) 178 (89.4)
Length of hospital stay,(day) 65,91 715,10] 0.02
History of stress, n (%) 0.82
Yes 316 (22.5) 41 (206)
No 1087 (77.5) 158 (79.4)

BMI Body mass index, ACCI Charlson Comorbidity Index, SSRS Social Support Rating Scale, NRS2002 Nutritional Risk Screening 2002. Pearson’s chi-square and Mann-

Whitney U test were conducted for all categorical and continuous variables, respectively
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Table 2 Surgery related variables and postoperative variables of the study population

Characteristics Non-frailty (n =1403) Frailty (n =199) P value
NRS, median (P25, P75) 3(2,4) 32,4 0.18
AlS, median (P25, P75) 5(1,8) 5(0,8) 0.51
ADL, median (P25, P75) 50 (30, 70) 40 (20, 60) 0.00
PHQ, median (P25, P75) 0(0,2) 0(0,2) 0.26
Mini-cog, median (P25, P75) 0(2,5) 2(1,5) 0.00
Pre-emptive analgesia, n (%) 0.71
Yes 280 (20.0) 42 (21.1)
No 1123 (80.0) 157 (78.9)
Preoperative food fasting time (h), median (P25, P75) 9.7(8,12) 9.7 (8,10) 0.84
Preoperative liquid fasting time (h), median (P25, P75) 8(6,10) 8(6,10) 0.05
Operative duration (min), median (P25, P75) 120 (80, 175) 125 (53) 0.28
ASA grade, n (%) 0.01
| 142 (10.1) 8(4.0)
Il 857 (61.1) 121 (60.8)
Il 404 (28.8) 70(35.2)
Surgical site, n (%) 0.00
Four limbs 635 (453) 104 (523)
Abdomen 405 (28.9) 61 (30.7)
Hip 93 (6.6) 4 (2.0)
Back 24 (1.7) 10 (5.0)
Head, neck and chest 246 (17.5) 20 (10.1)
Mode of anesthesia, n (%) 0.68
Local anesthesia 494 (35.2) 73 (36.7)
General anesthesia 909 (64.8) 126 (633)
Intraoperative blood transfusion volume (ml), median (P25, P75) 0(0,0) 0(0,387) 0.00
Intraoperative hypothermia, n (%) 0.78
Yes 25 (1.8) 3 (15)
No 1378 (98.5) 196 (98.5)
Intraoperative hypotension, n (%) 0.88
Yes 67 (4.8) 9 (45)
No 1336 (95.2) 190 (95.5)
Postoperative indwelling catheter, n (%) 034
Yes 896 (63.9) 134 (67.3)
No 507 (36.1) 65 (327)
Postoperative ICU admission, n (%) 0.00
Yes 34 (24) 18 (9.0)
No 1369 (97.6) 181 (91.0)
Hb (g/1), median (P25, P75) 121 (106, 136) 109 (96, 124) 0.00
NLR, median (IQR) 5(1.9,10.3) 76 (44,135) 0.00

NRS Numerical rating scale of pain, AlS Athens Insomnia Scale, ADL Activities of daily living, PHQ Patient health questionnaire-9, Mini-cog The brief cognitive test,
Hb Hemoglobin, NLR Neutrophil-lymphocyte ratio. Pearson’s chi-square and Mann-Whitney U test were conducted for all categorical and continuous variables,
respectively

which can be used to quantitatively predict the risk of estimate the probability of frailty occurrence in the

frailty in patients after surgery (Fig. 3). The value of older person within 30 days post-surgery.

each of these factors was given a score on the point

scale axis. A total score could be easily calculated by  Evaluation of the predictive model

adding each single score and by projecting the total The model’s ability to discriminate postoperative frailty

score onto the bottom risk scale axis, we were able to  was evaluated using the AUC value (Fig. 4). The train-
ing set showed an AUC of 0.74 (95% CI 0.7073-0.7788),
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Table 3 The prediction model with multivariate logistic

regression
Variable OR (95%Cl) P
Mini-Cog 0.90(0.83,0.98) 0.02
Hb 0.98(0.97,0.98) 0.00
ADL 0.99(0.99,1.00) 0.01
Income
<5000 Reference Reference
5000~7499 0.60(0.43,0.85) 0.01
>7500 0.25(0.10,0.59) 0.00
Caregiver
No Reference Reference
Yes 0.53(0.35,0.871) 0.01
Sedentart behavior
No Reference Reference
Yes 1.70(1.21,2.36) 0.00
ASA Grade
I Reference Reference
I 2.19(1.01,4.75) 0.05
Il 2.57(1.16,5.72) 0.02
ICU Admissions
No Reference Reference
Yes 4.05(2.14,7.62) 0.00

Mini-cog The brief cognitive test, Hb Hemoglobin, ADL Activities of daily living

with specificity at 0.78 and sensitivity at 0.61. The vali-
dation set had an AUC of 0.73 (95% CI 0.6671-0.7755),
with specificity at 0.76 and sensitivity at 0.64. For detailed
results, please refer to Table 4. The Hosmer—Lemeshow

test confirmed good calibration for both sets (training:
x2=8.157, df=8, p=0.4182; testing: x2=>5.1581, df=8,
p=0.7406). Calibration curves are depicted in Fig. 5. The
calibration curve shows that predicted probabilities of
frailty closely match actual probabilities in both training
and validation sets. The Decision Curve Analysis (DCA)
method (Fig. 6) demonstrated that our predictive model’s
net benefits surpassed those of two extreme strategies,
confirming the model’s superior net benefit and predic-
tive accuracy.

Discussion

To the best of our knowledge, this is the first study to
construct a predictive model for the risk of frailty at the
30th postoperative day in older surgical patient. In this
study, we have constructed a nomogram for predicting
postoperative frailty using multicenter data and con-
ducted internal validation. It includes nine predictive
variables: ASA grade, with or without caregiver, Mini-cog
score, ADL, sedentary behavior, ICU admission, monthly
income, postoperative Hb.

Mini-cog score, ADL, Hb, monthly income, with or
without caregiver, sedentary behavior, ASA grade, and
postoperative ICU admission. This nomogram demon-
strated good predictive performance in both the con-
struction dataset and the validation dataset.

The occurrence of frailty in patients after surgery in the
present study was 12.4%, which is significantly lower than
the previously reported rate of 25.64% [5]. This may be
due to our study exclude the patients with preoperative
frailty or prefrail, with a focus on those who developed
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Table 4 Performance indexes of predictive models
AUC (95%Cl) Sensitivity Specificity PPV NPV
Training dataset 0.74 (95% Cl 0.7073-0.7788) 0.61 0.78 0.281 0.932
Testing dataset 0.73 (95% C1 0.6671-0.7755) 0.64 0.76 0.294 0938

AUC Area Under Curve, PPV Positive Predictive Value, NPV Negative Predictive Value
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frailty within 30 days postoperatively. Initially, we
excluded individuals with preoperative frailty, leading to
a group of participants who were generally healthier and
thus had a lower rate of postoperative frailty. Further-
more, unlike previous studies that concentrated solely
on patients with fractures, our study encompassed a
broader spectrum of surgical procedures, which accounts
for the variability in the incidence rates of postoperative
frailty. Additionally, we only concentrated our analy-
sis on the emergence of frailty within the first 30 days

following surgery. Frailty, as a relatively stable physical
state, requires a certain period to manifest and develop
[4]. Early postoperative frailty within 3 to 7 days may be
due to immediate pain or temporary treatment effects
and may not indicate persistent conditions. Frailty occur-
ring later, at three or six months, might be less related to
the surgery itself. Hence, we selected a 30-day postopera-
tive period to consistently observe new-onset frailty. By
this time, patients are typically past the acute recovery
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phase, making this window more relevant for assessing
frailty development related to surgery.

Moreover, in the final predictive model, surgical factors
are significant predictors. We found the ASA grade, and
postoperative ICU admission as predictors of postopera-
tive frailty. Compared to previous predictive models, this
study is the first to include ASA grade, and postoperative
ICU admission as predictors for postoperative frailty. The
ASA grading system, developed by the American Society
of Anesthesiologists (ASA), evaluates a patient’s overall
health condition and ability to tolerate surgery preop-
eratively [32]. ASA grade and frailty are both significant
factors influencing postoperative complications [33, 34].
Guidelines and previous research recommend combin-
ing the ASA grade with preoperative frailty assessments
to predict patients’ postoperative outcomes and prog-
nosis [33, 35, 36]. Although frailty is often observed in
patients with higher ASA grades [37], there has been less
discussion about the impact of ASA grade on postopera-
tive frailty. This is partly due to the insufficient attention
given to postoperative frailty in current clinical research.
Additionally, previous studies have often focused on
single disease types with similar patient characteristics,
which may not show significant differences in terms of
frailty development. However, our study results indicate
that as the ASA grade increases, the likelihood of postop-
erative frailty also rises. A higher ASA grade is typically
associated with more complex surgeries and poorer over-
all health, which makes individuals more prone to physi-
cal frailty.

ICU admissions is a important factor to frailty. The
results of this study indicate that patients who were
admitted to the ICU within seven days postoperatively
have a higher likelihood of developing postoperative
frailty. Studies indicated that ICU patients often present
with metabolic disorders, and deficiencies in the synthe-
sis of various hormones are associated with the onset of
frailty in the older person [38, 39]. Additionally, factors
such as mechanical ventilation and inflammation can
lead to rapid muscle loss over a short period, thereby
promoting the development of frailty [40]. Furthermore,
the older person who are physically aging and admitted
to the ICU are more susceptible to the lasting effects of
complications, making them more prone to developing
frailty [41]. This is consistent with the findings of Brum-
mel, where 22% of patients with a history of ICU admis-
sion developed new-onset frailty within three months,
and those who were already frail transited to a worse
frailty state [42]. The findings of this study suggest that
particular attention should be given to the prevention
of postoperative frailty in older person who are at risk
of ICU admission after surgery. Compared to previous
studies, our model is applicable to a broad spectrum of
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surgical populations and is not limited to a single disease
factor. It holds reference value for all older individuals
who have undergone surgery.

In terms of physiological indicators, hemoglobin (Hb)
concentration has been identified as a significant pre-
dictor of postoperative frailty. Hemoglobin levels reflect
a patient’s anemic condition, and more severe anemia
is generally associated with a higher incidence of frailty
[43]. Anemia can reduce a patient’s oxygen-carrying
capacity, leading to hypoxia in various tissues and organs,
which in turn can affect daily activities and cognitive
functions, thereby promoting the onset of frailty [44, 45].
However, it is important to note that the impact of ane-
mia on frailty is most pronounced in moderate to severe
cases, while mild anemia may not have as significant an
effect on physical or psychological health. Patients with
more severe anemia tend to be in poorer physical condi-
tion, which affects their daily activities, self-confidence,
and adds to their psychological burden, contributing to
the development of frailty. This aligns with findings from
a cross-sectional study conducted in Asian community-
dwelling older adults, which showed that for every 1 g/
dL increase in hemoglobin, the odds of frailty were
decreased by 6% after adjusting for covariates (OR=0.94,
95% CI: 0.90-0.99) [46]. This suggests that clinicians
should closely monitor hemoglobin levels, especially
in patients with moderate to severe anemia, to identify
those at higher risk of developing postoperative frailty.

Cognitive function is also an important component of
postoperative frailty prediction. Our result is similar to
previous studies, indicating that the reduction in cogni-
tive function as a significant predictor of frailty [47]. This
may be due to the similar pathogenic mechanisms shared
by the two, both being influenced by chronic inflamma-
tion and oxidative stress [48]. Patients with impaired
cognitive function experience a decline in their self-
management abilities, which not only leads to reduced
compliance but also exacerbates the progression of the
disease, thereby increasing the risk of frailty. Our pre-
dictive model showed that low ADL scores and seden-
tary behavior were also associated with frailty. ADL and
sedentary behavior are recognized as contributing fac-
tors to frailty in previous studies [49, 50]. Both ADL and
sedentary behavior impact the muscular health of the
older person. A decrease in activity can lead to a reduc-
tion in normal physiological functions, which in turn
cause sarcopenia and osteoporosis, increasing the risk of
frailty [50—52]. Additionally, a decline in mobility is asso-
ciated with a range of chronic diseases, which can lead
to the onset or exacerbation of existing conditions, caus-
ing a deterioration in physical health and increasing the
likelihood of postoperative frailty [53, 54]. Therefore, it
is crucial to assess perioperative cognitive and mobility
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capabilities to identify individuals at high risk of frailty
and to intervene early.

The study reveals that social support factors, such as
income and availability of caregivers, significantly predict
postoperative frailty. Strong social networks and finan-
cial stability can improve patients’ quality of life and psy-
chological health, potentially delaying frailty [55, 56]. In
contrast, older person without support may undergo hos-
pitalization and surgery with insufficient backing, affect-
ing their mental health and ability to cope with illness
[57]. Financial constraints can also deter older individu-
als from seeking necessary medical care, worsening their
conditions and leading to frailty [56, 58]. Thus, special
attention should be given to older person with limited
support and financial resources, emphasizing the need
for psychological support and daily care to mitigate post-
operative frailty risks.

Current research on postoperative frailty is rela-
tively scarce, and the development of predictive models
for this condition is also limited. Li [10] and Liu [11]
developed predictive models for postoperative frailty
in elderly women (n=403) undergoing percutaneous
coronary intervention and elderly patients with frac-
tures (n=192). However, due to the limitations of a
single-center sample size, disease specificity, and gen-
der constraints, the clinical application value is limited.
Our study increased sample size (n=2290) and sample
diversity through multicenter data collection, allowing
our model to extend beyond postoperative predictions
for a single disease or gender, focusing on a broader
range of elderly surgical populations and enhancing the
model’s versatility. The ample sample size also enabled
us to divide into independent training and validation
sets, further enhancing the model’s credibility through
internal validation.

Our findings have important clinical implications
and strengths. Firstly, frailty tends to progress and
worsen, hence timely identification of high-risk groups
is of significant importance [59]. Our model offers a
novel approach to clinical frailty prediction, assisting
healthcare professionals in the timely identification of
patients at risk for postoperative frailty, enabling early
intervention. Secondly, the dataset used in this study
was obtained from seven Chinese institutions. The
extensive sample size and multicenter origin of this
dataset ensure its representativeness and generaliz-
ability in relation to the elderly surgical population in
China. Lastly, our research fills a gap in the current lit-
erature regarding postoperative frailty, providing new
insights into the occurrence and development of post-
operative frailty. It’s worth noting that despite perform-
ing 1000 random data splits, the validation set still had
a higher number of married individuals, higher PHQ
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scores, and shorter preoperative fasting times com-
pared to the training set. However, these variables were
not included in the final model. To ensure the objec-
tivity of the results, we used 10-fold cross-validation
during model testing. The ROC curve results showed
that the model performed well in both the training and
validation sets, so we consider these differences to be
negligible.

Although our model performed well in bootstrap
resampling and internal validation, external valida-
tion is still necessary to confirm its broad applicability.
As an observational study, our results are subject to
inherent biases. Future large-scale observational stud-
ies could further confirm the impact of risk factors on
frailty, or randomized controlled trials (RCTs) could
evaluate the intervention effects for high-risk individ-
uals. Our study was based on the Chinese population,
and the predictive performance may be influenced by
factors such as racial differences, healthcare practices,
and cultural background when applied to other coun-
tries. Although the study included a diverse surgical
cohort, there were fewer cardiac surgery patients, and
participants over 85 years of age were not included,
which may limit the model’s applicability to older
adults or cardiac patients. Given the different frailty
patterns in individuals over 85, caution should be exer-
cised when applying the model to this group. Future
research will focus on detailed assessments of postop-
erative frailty trajectories and comparative analysis of
changes in predictive factors.

Conclusion

We constructed and validated a predictive model for
the frailty status of older person on the thirtieth post-
operative day based on data from multiple centers. Our
model encompasses various aspects, including surgical
factors, lifestyle habits, and biochemical indicators, and
demonstrates good predictive performance and calibra-
tion ability. The resulting nomogram can be used for the
prevention of postoperative frailty in the older person,
to timely identify high-risk groups for frailty, to delay or
prevent the onset of frailty, thereby improving the quality
of life for the elderly after surgery and promoting postop-
erative recovery.
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