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Abstract: Objective: To identify the risk factors associated with early postoperative pain (Visual Analogue Scale [VAS]
>3) one hour after extubation in surgical patients in the intensive care unit (ICU), and to establish a dynamic predic-
tion model using generalized estimating equations (GEE) to support precise analgesic management. Methods: This
retrospective longitudinal study was conducted in postoperative ICU patients of the West China Hospital (n=373).
Patients were randomly divided into training (70%) and testing sets (30%) for model development and internal
validation. An external validation cohort from The People’s Hospital of Rugao (n=124) was used to assess general-
izability. At 30 minutes, one hour, and two hours post-extubation, clinical, perioperative, and extubation variables
were collected. Multivariable GEE modeling was performed based on significant factors identified from univariate
analysis. Model performance was evaluated using AUC, accuracy, sensitivity, specificity, Hosmer-Lemeshow test,
Brier score, and decision curve analysis (DCA). The discriminative performance of the model was compared with
that of the Pain Catastrophizing Scale (PCS) using the DeLong test. Results: Independent risk factors for early post-
operative pain included a higher Critical-Care Pain Observation Tool score at extubation, BMI, smoking history, older
age, higher Acute Physiology and Chronic Health Evaluation Il (APACHE-II) score, and intraoperative sedative use.
Post-extubation analgesic pump use and time elapsed after extubation were protective factors. The model exhibited
good discrimination with an AUC of 0.820 in the training set and 0.785 in the testing set. Stable performance was
observed during external validation (AUC: 0.772). DCA demonstrated a significant net clinical benefit across a wide
range of threshold probabilities. The model performed significantly better than the PCS (p <0.05). Conclusions:
Factors determining early post-extubation pain include patient-related, disease-related, sedation-related, and be-
havior-related factors. The GEE-based dynamic model provides robust discriminative ability and clinical utility for
early identification of high-risk patients, supporting individualized analgesic interventions in the ICU.
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Introduction vascular and respiratory complications, immu-

nosuppression, anxiety, and depression, and

Postoperative pain is one of the most common
and important complications arising after sur-
gery. It has a high incidence rate and affects
many bodily functions of patients physically,
mentally, and socially [1]. According to statis-
tics, up to 80% of surgical patients suffer from
postoperative pain. Furthermore, it is estimat-
ed that around 75% of these patients report
moderate to severe pain intensity [2]. Inade-
quate control of postoperative pain may delay
recovery, prolong hospital stay, induce cardio-

may even lead to chronic pain syndrome [3].
According to Hong et al. [4], the intensity of
acute pain 24 hours after surgery is an impor-
tant predictor of chronic pain at 3 months.
Literature indicates that the incidence of chron-
ic postsurgical pain can be as high as 25-28%,
severely impairing the quality of life of these
patients [5]. Thus, accurate assessment and
effective management of postoperative pain
are of great significance for improving thera-
peutic outcomes and healthcare quality.
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The assessment and management of post-
operative pain in clinical practice faces several
challenges. Conventional pain assessment
tools, such as the Visual Analogue Scale (VAS)
and Numeric Rating Scale, are easy to adminis-
ter but mainly provide information on momen-
tary subjective experiences. They fail to track
the temporal evolution of pain or its underlying
mechanisms [6, 7]. In addition, assessments
are usually performed after pain onset, indicat-
ing that this approach is reactive and inade-
quate for the “predictive analgesia” paradigm,
which requires early identification and interven-
tion of high-risk patients.

Although research on postoperative pain has
increased in recent years, significant gaps
remain. Existing studies often adopt one-off
designs or assess only a single time point, fail-
ing to capture dynamic pain fluctuations at criti-
cal time points such as 30 minutes, 1 hour, and
2 hours postoperatively. Moreover, tissue injury
and subsequent pain are time-dependent pro-
cesses. Kagerer et al. [8] developed a machine
learning model based on 70,000 patients with
an AUC of 0.82. Most existing prediction mod-
els use classical techniques such as linear or
logistic regression, which do not account for
the correlation between repeated measure-
ments from the same individual. Consequently,
parameter estimation is less precise, and mo-
del instability may occur. Studies have shown
that while some advanced machine learning
algorithms perform well in predicting postoper-
ative pain, postoperative pain is influenced by
multiple factors, including baseline characteris-
tics, surgical and anesthetic techniques, intra-
operative medications, postoperative interven-
tions, and early physiological parameters. Pre-
vious studies have used limited predictor sets
and have not systematically explored multifac-
torial interactions, leading to low interpretabili-
ty and predictive power of the resulting models.
First of all, most existing tools perform subopti-
mally in terms of discrimination, calibration,
and clinical utility, and their generalizability is
often limited. Second, existing risk assessment
formats are not intuitive and are not conducive
to widespread adoption. Thirdly, it remains nec-
essary to establish new prediction models that
are more efficient and clinically valuable than
the previously established Pain Catastrophizing
Scale (PCS).

This study uses Generalized Estimating Equa-
tions (GEE) to develop a dynamic prediction mo-
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del for early postoperative pain. GEE methods
are valuable for longitudinal and repeated mea-
sures data, where multiple measurements are
taken from the same subject. By incorporating
the correlation of repeated measurements fr-
om the same subject into the estimation of
fixed-effect parameters, more efficient and sta-
tistically robust estimates are obtained. Yang et
al. [11] used a GEE-logistic model to account
for data clustering, which performed well with
an AUC of 0.944 in the training set and 0.836
in the validation set. Therefore, GEE is effec-
tive for modeling intra-individual correlations
when there are multiple observation units per
subject. The advantages of this method inclu-
de directly modeling population-level means,
accommodating both continuous and categori-
cal variables, and supporting time-varying co-
variates - meaning it can adapt to the temporal
characteristics of postoperative pain.

This study collected baseline, perioperative,
and early postoperative physiological indica-
tors. Univariate analysis and multivariable GEE
modeling was performed to identify indepen-
dent influencing factors and quantify their dy-
namic effects on pain incidence. Subsequently,
a nomogram was constructed, and the model
was evaluated for discrimination (AUC, accura-
cy, sensitivity, specificity), calibration (Hosmer-
Lemeshow test, Brier score), and clinical net
benefit (decision curve analysis, DCA). The
Delong test was used to compare the model’s
performance with PCS scores. The goal of this
study is to provide a robust, accurate, and eas-
ily applicable dynamic prediction tool for early
postoperative pain, enabling timely identifica-
tion of high-risk patients and personalized anal-
gesic strategies. This work facilitates the shift
from reactive to predictive analgesia and may
optimize patient outcomes.

Methods and materials
Sample size estimation

The Events Per Variable (EPV) ratio approach
was used to calculate the sample size. Based
on previous literature [4] and an estimated
early postoperative pain incidence of approxi-
mately 40% at our center, we included around
six potential risk factors in the multivariable
model. According to the empirical rule of EPV
>10, the number of events should be 60, cor-
responding to a total sample size of >150
patients. We further adopted EPV=15 to en-
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hance model robustness, which requires 90
events and an overall sample size of 2225 pa-
tients. A total of 373 patients were enrolled in
this study, exceeding the minimum sample size
requirement. This ultimately ensured the reli-
ability of model development and validation. In
addition, the sample size met the requirements
for constructing the dynamic prediction model,
as well as conducting internal and external
validation.

Sample source and ethics approval

This retrospective longitudinal study was con-
ducted at two tertiary hospitals. The main deri-
vation cohort came from West China Hospital,
consisting of postoperative patients admitted
to the ICU between January 2021 and April
2024. An independent external validation co-
hort was collected from The People’s Hospital
of Rugao during the same study period, using
the same inclusion and exclusion criteria to
evaluate the external applicability of the model.
In total, 373 patients from West China Hospital
and 124 patients from The People’s Hospital of
Rugao were analyzed. To ensure comparability,
data collection methods, variable definitions,
and pain assessment protocols were standard-
ized across both centers. The study was app-
roved by the Medical Ethics Committee of West
China Hospital. Due to the retrospective design
and the use of de-identified clinical records,
informed consent was waived at both institu-
tions.

Inclusion and exclusion criteria

Inclusion criteria: (O Patients aged >18 years;
@ Patients who underwent surgery requiring
postoperative ICU admission, endotracheal in-
tubation, and mechanical ventilation; @ Pa-
tients who were extubated and had available
pain assessment data (including at least a VAS
score) at 30 minutes, 1 hour, and 2 hours after
extubation; @ Patients with complete baseline
clinical data, perioperative information, and key
laboratory indicators.

Exclusion criteria: (D Pre-existing severe cen-
tral nervous system disorders, consciousness
disturbances, or communication barriers pre-
cluding accurate pain assessment; @ Chronic
opioid use or substance dependence potential-
ly affecting postoperative pain evaluation;
(3 Perioperative reoperation, major complica-
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tions, or death resulting in interrupted pain
assessment; @ Missing primary outcome data
or key predictor variables that preclude analy-
sis; & Pregnant or lactating patients.

Clinical data collection

All clinical data were extracted from the hospi-
tal electronic medical record system and ICU
nursing documentation system. Two indepen-
dent researchers extracted the data, with veri-
fication by a third researcher. Collected infor-
mation included: demographic characteristics
(age, gender, BMI, smoking history, medical his-
tory); preoperative status (American Society of
Anesthesiologists [ASA] classification, preoper-
ative pain VAS score [12]); surgical and anes-
thetic information (surgery type, operative
duration, intraoperative blood loss, fluid vol-
ume, transfusion status, anesthetic modality,
intraoperative use of sedatives and non-opioid
analgesics); ICU-related parameters (APACHE-II
score at ICU admission [13], duration of me-
chanical ventilation, time from medication ces-
sation to extubation, duration of extubation
procedure); physiological status at extubation
(systolic blood pressure, diastolic blood pres-
sure, heart rate, respiratory rate, oxygen satu-
ration); consciousness and pain assessment
scales at extubation (Glasgow Coma Scale
[GCS] score [14], CPOT score [15]); as well as
post-extubation analgesic pump use, sore th-
roat occurrence, and analgesia-related inter-
vention records. Pain outcomes were evaluated
using VAS scores to assess pain intensity. For
patients unable to subjectively report pain, the
CPOT was additionally used for accurate ass-
essment. All data were uniformly processed
before being entered into the database for fur-
ther review.

Laboratory testing

All laboratory tests were performed by the
clinical laboratory center of the institution. To
evaluate routine blood parameters (including
white blood cells, red blood cells, hemoglobin,
and platelets), the Sysmex XN-1000 automat-
ed hematology analyzer (Sysmex Corporation,
Japan) was used. The ABI 7500 fluorescence
quantitative PCR system (Applied Biosystems,
USA) was used to analyze total protein, albu-
min, globulin, albumin-globulin ratio, alanine
aminotransferase (ALT), and aspartate amino-
transferase (AST) (note: “photocopying” was
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removed as it was logically irrelevant). All instru-
ments were regularly calibrated, and internal
quality control and external quality assessment
were conducted. Laboratory data were extract-
ed from the last test results before extubation,
which helped reflect the early postoperative
physiological and metabolic status of patients.

Follow-up

The bedside assessment and in-hospital elec-
tronic medical record review were used for fol-
low-up in this study. After extubation, all pa-
tients underwent pain assessment at 30 min-
utes, 1 hour, and 2 hours. VAS or CPOT scores
were recorded, along with pain-related analge-
sic interventions and adverse reactions. The
follow-up endpoint was the completion of the
2-hour postoperative pain assessment, or the
occurrence of events during the 2-hour period
that precluded further assessment (e.g., pa-
tient transfer, deep sedation, acute adverse
events). If necessary, additional records of in-
hospital analgesic medication use, rescue ana-
Igesic strategies, and analgesia-related com-
plications were documented to further analyze
the progression of early postoperative pain and
the efficacy of interventions.

Outcome measurement

The study used a longitudinal repeated-mea-
sures design, with early postoperative pain re-
corded at three standardized timepoints: 30
minutes, 1 hour, and 2 hours after extubation.
Pain intensity was assessed using the VAS. A
VAS score >3 was defined as clinically signifi-
cant pain (denoted as “P”), while a VAS score
<3 was defined as no pain (denoted as “N”)
[16]. For patients with limited communication
ability, CPOT scoring was used in conjunction
with VAS scoring. For GEE modeling, each
patient contributed three repeated binary ob-
servations (pain vs. no pain) to characterize the
dynamic changes of early postoperative pain
over time. To classify patient risk and develop a
nomogram, a composite outcome was defined:
patients who experienced pain (VAS >3) at any
timepoint within 2 hours after extubation were
considered to have early postoperative pain. In
addition, to assess whether the effects of spe-
cific risk factors varied by postoperative time-
point and patient subgroups, interaction terms
(e.g., CPOT x time, BMI x intraoperative seda-
tive use) were included in extended GEE mod-
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els. Predicted probabilities under different
interaction conditions were generated to char-
acterize dynamic risk patterns. Secondary out-
comes included dynamic trends in pain inten-
sity, analgesic pump utilization, rescue analge-
sic interventions, and pain-associated physio-
logical responses (e.g., heart rate and blood
pressure variations).

Statistical analysis

All statistical analyses were conducted using R
software (version 4.3.4) and SPSS software
(version 27.0). Participants were screened ac-
cording to predefined inclusion and exclusion
criteria, and cases with incomplete clinical
information were excluded prior to analysis;
therefore, no missing data imputation was re-
quired. Continuous variables were tested for
normality and presented as mean + standard
deviation or median (interquartile range), as
appropriate. Group comparisons of continuous
variables were performed using independent-
samples t-tests or Wilcoxon rank-sum tests,
while categorical variables were compared us-
ing x? tests or Fisher’s exact tests. To character-
ize the dynamic evolution of postoperative pain
at 30 minutes, 1 hour, and 2 hours after extu-
bation, GEE with a binomial distribution and
logit link were applied. Three candidate working
correlation structures (independence, exchan-
geable, and AR(1)) were compared using the
quasi-likelihood under the independence model
criterion (QIC). All models converged success-
fully, and the exchangeable structure yielded
the lowest QIC (Table S1); thus, it was selected
for the final GEE analyses. Candidate predictors
were screened using univariate GEE analyses
(P<0.10). Clinically relevant variables were pre-
specified based on prior literature and biologi-
cal plausibility, including age, BMI, smoking his-
tory, APACHE-II score, intraoperative sedative
use, and CPOT score at extubation. Multico-
llinearity was assessed using adjusted vari-
ance inflation factors (VIF_adj <2). A multivari-
able GEE model was then constructed, and
regression coefficients, odds ratios (OR), and
95% confidence intervals (Cl) were reported. All
GEE models were fitted using the geepack
package in R. Robust (sandwich) standard err-
ors were used for all coefficient estimates to
ensure valid inference even if the working cor-
relation structure was misspecified. A nomo-
gram was constructed based on the final mo-
del. Model performance was evaluated using
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receiver operating characteristic (ROC) curves,
area under the curve (AUC), accuracy, sensitivi-
ty, specificity, positive predictive value, and ne-
gative predictive value. Calibration was ass-
essed using the Hosmer-Lemeshow test, Brier
score, and calibration plots. Clinical utility was
evaluated using DCA. The Delong test was
used to compare the AUC of the proposed
model with that of the PCS score. All statistical
tests were two-sided.

Results

Baseline characteristics of postoperative pa-
tients

A total of 373 patients were enrolled in this
study. General demographic characteristics
and perioperative clinical data are presented in
Table 1. The incidence of pain was 48.53% at
30 minutes, 41.29% at 1 hour, and 35.66% at
2 hours after extubation. Overall, 181 patients
(48.53%) reported early postoperative pain at
any timepoint within the first 2 hours after extu-
bation. The cohort had a predominance of male
patients, most of whom were smokers. Most
patients had no significant medical history. ASA
physical status classification was predominant-
ly Class Il and lll. The vast majority of patients
underwent elective surgery, with low rates of
preoperative analgesic use. Surgical types
were primarily thoracic procedures, followed by
abdominal and other surgeries. Most patients
received intraoperative blood transfusion and
sedative medications, while the utilization of
non-opioid analgesics was relatively low. Gen-
eral anesthesia was the predominant anesthet-
ic modality, with combined anesthesia used in
a relatively small proportion of cases. Position
changes during the perioperative period were
infrequent. After extubation, most patients us-
ed analgesic pumps, and some experienced
sore throat. The incidence of pain showed a
progressive decline at 30 minutes, 1 hour, and
2 hours postoperatively. For continuous vari-
ables, the median patient age was in the inter-
mediate range, with BMI levels within the nor-
mal range; preoperative pain scores (VAS) were
low. Surgical duration, intraoperative blood
loss, and intraoperative fluid volumes showed
wide distributions. APACHE-II scores at ICU
admission were moderate, with relatively short
durations of mechanical ventilation and time
from medication cessation to extubation. GCS
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scores at extubation were high, and CPOT
scores indicated mild to moderate pain. Vital
signs upon extubation were generally stable,
including blood pressure, heart rate, respirato-
ry rate, and oxygen saturation. Laboratory pa-
rameters (white blood cells, red blood cells,
hemoglobin, platelets, total protein, and liver
function-related indicators) were overall within
normal physiological ranges (Table 1 and
Figure 1).

Comparison of baseline characteristics be-
tween training and testing groups

A total of 373 patients were enrolled, including
262 in the training group and 111 in the testing
group. No statistically significant differences
were observed between the two groups in cat-
egorical variables, including gender, smoking
history, medical history, ASA classification, sur-
gical urgency, preoperative analgesic use, sur-
gical type, intraoperative transfusion, intraop-
erative non-opioid analgesic use, intraopera-
tive sedative use, anesthetic modality, position
changes, post-extubation analgesic pump use,
and post-extubation sore throat occurrence (all
P>0.05). Similarly, no statistically significant
differences were noted in continuous variables,
including age, BMI, preoperative VAS score,
operative duration, intraoperative blood loss,
intraoperative fluid volume, APACHE-Il score at
ICU admission, duration of mechanical ventila-
tion, time from medication cessation to extuba-
tion in the ICU, GCS score at extubation, CPOT
score, vital signs at extubation (systolic blood
pressure, diastolic blood pressure, heart rate,
respiratory rate, oxygen saturation), duration of
the extubation procedure, and all laboratory
parameters (white blood cells, red blood cells,
hemoglobin, platelets, total protein, albumin,
globulin, albumin-globulin ratio, ALT, AST) (all
P>0.05). Furthermore, standardized mean dif-
ferences (SMD) for all variables were less than
0.2, indicating balanced distributions of base-
line characteristics and good comparability
between the training and testing groups (Table
2).

Variable types and assignment rules

Table 3 presents the variable types and assign-
ment rules incorporated into the model analy-
sis. All categorical variables were assigned
binary or multicategory values based on clinical
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Table 1. Baseline characteristics of patients

Variable Category Total (n=373)
Gender

Male 242 (64.88%)

Female 131 (35.12%)
Smoking history

Yes 253 (67.83%)

No 120 (32.17%)
Medical history

Yes 37 (9.92%)

No 336 (90.08%)
ASA classification

2 82 (21.98%)

3 284 (76.14%)

4 7 (1.88%)
Surgical urgency

Emergency 21 (5.63%)

Elective 352 (94.37%)
Preoperative analgesic use

Yes 20 (5.36%)

No 353 (94.64%)
Surgery type

Thoracic 264 (70.78%)

Abdominal 40 (10.72%)

Other 69 (18.50%)
Intraoperative transfusion

Yes 241 (64.61%)

No 132 (35.39%)
Intraoperative non-opioid analgesic use

Yes 75 (20.11%)

No 298 (79.89%)
Intraoperative sedative use

Yes 324 (86.86%)

No 49 (13.14%)
Anesthetic modality

General anesthesia 346 (92.76%)

Combined anesthesia 27 (7.24%)
Position change

Yes 17 (4.56%)

No 356 (95.44%)
Post-extubation analgesic pump use

Yes 288 (77.21%)

No 85 (22.79%)
Post-extubation sore throat

Yes 79 (21.18%)

No 294 (78.82%)
Pain at 30 min postoperatively

Yes 181 (48.53%)

No 192 (51.47%)
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Pain at 1 h postoperatively

Yes
No
Pain at 2 h postoperatively
Yes
No
Age
BMI (kg/m?)

Preoperative pain score (VAS)

Operative duration (min)

Intraoperative blood loss (mL)

Intraoperative fluid volume (mL)

APACHE-II score at ICU admission

Mechanical ventilation duration (h)

Time from ICU medication cessation to extubation (h)
GCS score at extubation

CPOT score at extubation

Systolic blood pressure at extubation (mmHg)
Diastolic blood pressure at extubation (mmHg)
Heart rate at extubation (bpm)

Respiratory rate at extubation (bpm)

Oxygen saturation at extubation (%)
Extubation procedure duration (s)

White blood cells (10°/L)

Red blood cells (10°%/L)

Hemoglobin (g/L)

Platelets (10°/L)

Total protein (g/L)

Albumin (g/L)

Globulin (g/L)

Albumin-globulin ratio (%)

ALT (U/L)

AST (U/L)

PCS score

Pain rate at 30 min post-surgery

Pain rate at 1 h post-surgery

Pain rate at 2 h post-surgery

154 (41.29%)
219 (58.71%)

133 (35.66%)

240 (64.34%)
55.00 [42.00, 65.00]
23.29+3.74
1.00 [1.00, 1.00]
212.00 [165.00, 308.00]
50.00 [50.00, 120.00]
700.00 [600.00, 1100.00]
23.00 [17.00, 24.00]
15.50 [6.00, 24.00]
2.00 [1.00, 3.00]
15.00 [14.00, 15.00]
2.00 [2.00, 4.00]
121.00 [115.00, 126.00]
65.00 [63.00, 69.00]
85.00 [76.00, 91.00]
22.00 [20.00, 24.00]
100.00 [100.00, 100.00]
2.00 [2.00, 3.00]
4.84[3.86, 6.23]
4.09+0.83
145.00 [131.00, 161.00]
173.00 [147.00, 210.00]
53.21 [36.40, 65.60]
35.80 [29.80, 42.20]
24.60 [22.50, 27.10]
1.49 [1.15, 1.79]
21.00 [18.00, 25.00]
21.00 [18.00, 25.00]
24.00 [22.00, 26.00]
181 (48.53%)

154 (41.29%)

133 (35.66%)

Note: ASA: American Society of Anesthesiologists, VAS: Visual Analogue Scale, ICU: Intensive Care Unit, APACHE-II: Acute
Physiology and Chronic Health Evaluation I, GCS: Glasgow Coma Scale, CPOT: Critical-Care Pain Observation Tool, ALT: Alanine
Aminotransferase, AST: Aspartate Aminotransferase, BMI: Body Mass Index.

characteristics; dichotomous variables follow-
ing the principle of “Yes =1, No =0", while mul-
ticategorical variables (e.g., ASA classification,
surgical type) were assigned ordinal or categor-
ical values. The original measured values of
continuous variables were used for statistical
analysis and model fitting without grouping
or discretization. This assignment strategy
ensures that all variables in the model are
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clearly defined and consistently applied. The
GEE model used to assess the dynamic pattern
of early postoperative pain is well defined.

Univariate analysis results of early postopera-
tive pain influencing factors based on GEE

Univariate GEE analysis of factors influencing
early postoperative pain revealed significant
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Nomogram for Predicting Postoperative Pain (VAS23)
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Figure 1. Nomogram for early postoperative pain risk prediction based on multivariable GEE model (VAS >3). Note:
GEE: Generalized Estimating Equation, CPOT: Critical-Care Pain Observation Tool, VAS: Visual Analogue Scale, ICU:
Intensive Care Unit, APACHE-II: Acute Physiology and Chronic Health Evaluation Il, BMI: Body Mass Index.

Table 2. Comparison of baseline characteristics between training and testing groups

Variable Training Group (n=262) Testing Group (n=111) t/Z/x> P-value SMD

Gender 0.501 0.479 0.080
Male 167 (63.74%) 75 (67.57%)
Female 95 (36.26%) 36 (32.43%)

Smoking history 0.308 0.579 0.063
Yes 180 (68.70%) 73 (65.77%)
No 82 (31.30%) 38 (34.23%)

Medical history <0.001  0.997 <0.001
Yes 26 (9.92%) 11 (9.91%)
No 236 (90.08%) 100 (90.09%)

ASA classification 1.020 0.600 0.102
2 59 (22.52%) 23 (20.72%)
3 197 (75.19%) 87 (78.38%)
4 6 (2.29%) 1 (0.90%)

Surgical urgency 0.015 0.903 0.014
Emergency 15 (5.73%) 6 (5.41%)
Elective 247 (94.27%) 105 (94.59%)

Preoperative analgesic use 0.278 0.598 0.060
Yes 13 (4.96%) 7 (6.31%)
No 249 (95.04%) 104 (93.69%)

Surgery type 1.434 0.488 0.120
Thoracic 185 (70.61%) 79 (71.17%)
Abdominal 31(11.83%) 9 (8.11%)
Other 46 (17.56%) 23 (20.72%)

Intraoperative transfusion 0.166 0.684 0.046
Yes 171 (65.27%) 70 (63.06%)
No 91 (34.73%) 41 (36.94%)

Intraoperative non-opioid analgesic use 0.880 0.348 0.106
Yes 56 (21.37%) 19 (17.12%)
No 206 (78.63%) 92 (82.88%)

Intraoperative sedative use 0.657 0.418 0.092
Yes 230 (87.79%) 94 (84.68%)
No 32 (12.21%) 17 (15.32%)
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Anesthetic modality
General anesthesia
Combined anesthesia
Position change
Yes
No
Post-extubation analgesic pump use
Yes
No
Post-extubation sore throat
Yes
No
Age
BMI (kg/m?)
Preoperative pain score (VAS)
Operative duration (min)
Intraoperative blood loss (mL)
Intraoperative fluid volume (mL)
APACHE-II score at ICU admission
Mechanical ventilation duration (h)
Time from ICU medication cessation to extubation (h)
GCS score at extubation
CPOT score at extubation
Systolic blood pressure at extubation (mmHg)
Diastolic blood pressure at extubation (mmHg)
Heart rate at extubation (bpm)
Respiratory rate at extubation (bpm)
Oxygen saturation at extubation (%)
Extubation procedure duration (s)
White blood cells (10°%/L)
Red blood cells (10°/L)
Hemoglobin (g/L)
Platelets (10%/L)
Total protein (g/L)
Albumin (g/L)
Globulin (g/L)
Albumin-globulin ratio (%)
ALT (U/L)
AST (U/L)
PCS score

0738  0.390  0.097
245 (93.51%) 101 (90.99%)
17 (6.49%) 10 (9.01%)
0261 0609  0.058
11 (4.20%) 6 (5.41%)
251 (95.80%) 105 (94.59%)
0533  0.465  0.083
205 (78.24%) 83 (74.77%)
57 (21.76%) 28 (25.23%)
0936 0.333 0110
52 (19.85%) 27 (24.32%)
210 (80.15%) 84 (75.68%)
55.00 [41.25, 63.75] 54.00 [42.50, 66.00] 0180 0.857  0.007
23.15+3.72 23.62+3.81 1109 0268 0126
1.00 [1.00, 1.00] 1.00 [1.00, 1.00] 0.058  0.954  0.008
217.80 [165.00, 308.00]  204.60 [157.00, 274.00]  0.565  0.572  0.087
50.00 [50.00, 200.00] 50.00 [50.00, 100.00] ~ 0.680  0.497  0.148
700.00 [600.00, 1100.00]  700.00 [600.00, 1100.00] 0.034  0.973  0.081
23.00 [17.00, 24.75] 21.00 [17.50, 24.00] 0.713 0476  0.085
18.00 [6.00, 24.00] 10.00 [5.00, 23.00] 1929 0054 0133
2.00 [1.00, 3.00] 2.00 [1.00, 3.00] 1001 0317  0.050
15.00 [14.00, 15.00] 14.00 [14.00, 15.00] 1231 0219 0128
2.00 [2.00, 4.00] 2.00 [2.00, 3.00] 0399 0.690  0.039
121.00 [115.00, 126.00]  121.00 [115.00, 125.00]  0.188  0.851  0.031
65.00 [63.00, 69.00] 65.00 [63.00, 69.00] 015 0.881  0.008
85.00 [76.00, 90.75] 85.00 [76.50, 93.00] 001 0992  0.042
22.00 [20.00, 24.00] 22.00 [20.00, 24.00] 0.813 0416  0.125
100.00 [100.00, 100.00]  100.00 [100.00, 100.00] ~ 0.623  0.533  0.071
2.00 [2.00, 3.00] 2.00 [2.00, 3.00] 0.486  0.627  0.077
4.79[3.79, 5.91] 5.00 [4.09, 6.57] 1514 013  0.048
4.08+0.81 4.12+0.89 0445 0657  0.05
144.50 [130.00, 159.00]  147.00 [132.00, 166.00]  1.116  0.264  0.038
174.00 [145.00, 211.00]  167.00 [149.50, 207.50]  0.272  0.786  0.014
52.81 [37.38, 65.30] 53.47 [35.75, 66.85] 0.300 0.764  0.003
35.79 [28.95, 42.10] 35.80 [31.20, 43.30] 0200 0.842  0.012
24.54 [22.50, 26.80] 24.90 [22.48, 27.20] 0.806 042 0072
1.49 [1.15, 1.79] 1.52 [1.17, 1.76] 0184 0.854  0.050
20.00 [17.00, 24.00] 21.00 [18.00, 25.00] 1115 0.265  0.041
21.00 [18.00, 25.00] 21.00 [19.00, 24.50] 0256  0.798  0.029
24.00 [22.00, 26.00] 24.00 [22.00, 26.00] 0.811  0.417

Note: ASA: American Society of Anesthesiologists, VAS: Visual Analogue Scale, ICU: Intensive Care Unit, APACHE-II: Acute Physiology and Chronic Health Evaluation I, GCS:
Glasgow Coma Scale, CPOT: Critical-Care Pain Observation Tool, ALT: Alanine Aminotransferase, AST: Aspartate Aminotransferase, BMI: Body Mass Index, SMD: Standard-

ized Mean Difference.

associations with smoking history (OR=3.745,
95% Cl: 2.258-6.211, P<0.001), ASA classifi-
cation (OR=0.314, 95% CI: 0.181-0.544,
P<0.001), preoperative analgesic use (OR=
3.279, 95% CI: 1.090-9.863, P=0.035), intra-
operative non-opioid analgesic use (OR=1.805,
95% CI: 1.038-3.138, P=0.036), intraoperative
sedative use (OR=2.728, 95% Cl: 1.305-5.704,
P=0.008), post-extubation analgesic pump use
(OR=0.192, 95% CI: 0.105-0.351, P<0.001),
age (OR=1.040, 95% Cl: 1.023-1.058, P<
0.001), BMI (OR=1.194, 95% CI: 1.116-1.277,
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P<0.001), APACHE-II score at ICU admission
(OR=1.105, 95% CI: 1.056-1.156, P<0.001),
time from medication cessation to extubation
in the ICU (OR=1.377, 95% Cl: 1.193-1.590,
P<0.001), CPOT score at extubation (OR=1.520,
95% Cl: 1.343-1.721, P<0.001), systolic blood
pressure at extubation (OR=0.963, 95% CI:
0.940-0.985, P=0.001), and diastolic blood
pressure at extubation (OR=0.962, 95% CI:
0.934-0.990, P=0.008). Among these factors,
smoking history, preoperative analgesic use,
intraoperative non-opioid analgesic use, intra-
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Table 3. Variable types and assignment rules

Variable Name

Variable Type  Assignment Rule

Gender

Smoking history

Medical history

ASA classification

Surgical urgency
Preoperative analgesic use
Surgery type

Intraoperative transfusion
Intraoperative non-opioid analgesic use
Intraoperative sedative use
Anesthetic modality

Position change

Post-extubation analgesic pump use
Post-extubation sore throat

Age

BMI (kg/m?)

Preoperative pain score (VAS)

Operative duration (min)

Intraoperative blood loss (mL)

Intraoperative fluid volume (mL)

APACHE-II score at ICU admission

Mechanical ventilation duration (h)

Time from ICU medication cessation to extubation (h)
GCS score at extubation

CPOT score at extubation

Systolic blood pressure at extubation (mmHg)
Diastolic blood pressure at extubation (mmHg)
Heart rate at extubation (bpm)

Respiratory rate at extubation (bpm)

Oxygen saturation at extubation (%)
Extubation procedure duration (s)

White blood cells (10°/L)

Red blood cells (10°/L)

Hemoglobin (g/L)

Platelets (10°/L)

Total protein (g/L)

Albumin (g/L)

Globulin (g/L)

Albumin-globulin ratio (%)

ALT (U/L)

AST (U/L)

Categorical Male =1, Female =0
Categorical Yes =1, No =0
Categorical Yes =1, No =0
Categorical 2=1, 3=2,4=3
Categorical Emergency =1, Elective =0
Categorical Yes =1, No =0
Categorical Thoracic =1, Abdominal =2, Other =3
Categorical Yes =1, No =0
Categorical Yes =1, No =0
Categorical ~ Yes =1, No =0
Categorical ~ General anesthesia =1, Combined
anesthesia =0
Categorical  Yes =1, No =0
Categorical Yes =1, No =0
Categorical Yes =1, No =0
Continuous  Original data used for analysis
Continuous  Original data used for analysis
Continuous  Original data used for analysis
Continuous  Original data used for analysis
Continuous  Original data used for analysis
Continuous  Original data used for analysis
Continuous  Original data used for analysis
Continuous  Original data used for analysis
Continuous  Original data used for analysis
Continuous  Original data used for analysis
Continuous  Original data used for analysis
Continuous  Original data used for analysis
Continuous  Original data used for analysis
Continuous  Original data used for analysis
Continuous  Original data used for analysis
Continuous  Original data used for analysis
Continuous  Original data used for analysis
Continuous  Original data used for analysis
Continuous Original data used for analysis
Continuous  Original data used for analysis
Continuous  Original data used for analysis
Continuous  Original data used for analysis
Continuous  Original data used for analysis
Continuous  Original data used for analysis
Continuous  Original data used for analysis
Continuous  Original data used for analysis
Continuous  Original data used for analysis

Note: ASA: American Society of Anesthesiologists, VAS: Visual Analogue Scale, ICU: Intensive Care Unit, APACHE-II: Acute
Physiology and Chronic Health Evaluation I, GCS: Glasgow Coma Scale, CPOT: Critical-Care Pain Observation Tool, ALT: Alanine
Aminotransferase, AST: Aspartate Aminotransferase, BMI: Body Mass Index.

operative sedative use, age, BMI, APACHE-II
score, time from medication cessation to extu-
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bation in the ICU, and CPOT score at extubation
were identified as risk factors. In contrast, ASA
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classification, post-extubation analgesic pump
use, and systolic and diastolic blood pressure
at extubation were protective factors. Other va-
riables (including gender, medical history, surgi-
cal urgency, surgical type, intraoperative trans-
fusion, anesthetic modality, vital signs, and
hematological parameters) showed no statisti-
cally significant associations with early postop-
erative pain (all P>0.05) (Table 4).

Multicollinearity diagnostic results before en-
tering variables into the GEE model for early
postoperative pain

Multicollinearity testing revealed that VIF_adj
values for all included independent variables
were <2, indicating no significant collinearity
issues. VIF_adj values for systolic and diastolic
blood pressure at extubation approached but
did not exceed 2, while VIF_adj values for the
remaining variables (including CPOT score,
post-extubation analgesic pump use, preope-
rative analgesic use, ASA classification, age,
smoking history, BMI, intraoperative sedative
use, APACHE-II score, time from ICU medication
cessation to extubation, and intraoperative
non-opioid analgesic use) were well below 2
(Table 5).

Multivariable analysis results of early postop-
erative pain influencing factors based on GEE

Building upon univariate analysis and collinear-
ity diagnostics, variables with statistical signifi-
cance or clinical relevance were entered into
the multivariable GEE model. Analysis results
identified time (time_hours) (OR=0.609, 95%
Cl: 0.509-0.728, P<0.001) and post-extubation
analgesic pump use (OR=0.358, 95% Cl: 0.187-
0.682, P=0.002) as independent protective
factors for early postoperative pain. Indepen-
dent risk factors included CPOT score at extu-
bation (OR=1.247, 95% Cl: 1.067-1.457, P=
0.005), BMI (OR=1.134, 95% CI: 1.060-1.213,
P<0.001), smoking history (OR=2.612, 95% Cl:
1.475-4.624, P=0.001), APACHE-II score at ICU
admission (OR=1.075, 95% Cl: 1.027-1.126,
P=0.002), age (OR=1.036, 95% CI: 1.019-
1.053, P<0.001), and intraoperative sedative
use (OR=4.113, 95% CI: 1.709-9.900, P=
0.002). Additionally, time from ICU medication
cessation to extubation exhibited borderline
significance (OR=1.177, 95% Cl: 1.000-1.385,
P=0.050). Other variables, including ASA clas-
sification, systolic and diastolic blood pressure
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at extubation, preoperative analgesic use, intra-
operative non-opioid analgesic use, and gen-
der, showed no statistically significant associa-
tions and were excluded from the final model
(see Table 6).

Selection of the optimal working correlation
structure

Three candidate working correlation structures
(independence, exchangeable, and AR(1)) were
compared. All models converged successfully.
As shown in Table S1, the exchangeable struc-
ture had the lowest QIC value (831.52), slightly
lower than that of the independence structure
(831.60) and notably lower than that of the
AR(1) structure (835.02). Therefore, the exch-
angeable structure was selected for the final
GEE model.

Nomogram for early postoperative pain risk
prediction based on multivariable GEE model

Based on multivariable GEE analysis resul-
ts, independent influencing factors (including
CPOT score at extubation, post-extubation ana-
Igesic pump use, BMI, smoking history, APACHE-
Il score at ICU admission, age, and intraopera-
tive sedative use) were incorporated into a
nomogram model for predicting early postop-
erative pain risk (defined as VAS >3). As illus-
trated in Figure 1, each predictor variable cor-
responds to a specific risk score; the predicted
probability of postoperative pain can be calcu-
lated by summing the total scores. Smoking
history, CPOT score, BMI, APACHE-II score, age,
and intraoperative sedative use were associat-
ed with an increased risk of postoperative pain,
whereas post-extubation analgesic pump use
significantly reduced this risk. The constructed
nomogram intuitively reflects the combined
impact of various factors on postoperative pain
risk, which can facilitate the development of
individualized clinical analgesic strategies
(Figure 1).

Comparison of key risk factor variables across
the three cohorts

To compare the derivation and validation data-
sets, key risk factor variables were compared
across the training (n=262), testing (n=111)
and external validation (n=124) cohorts. As
shown in Table S2, no significant between-
group differences were observed in categorical
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Table 4. Univariate analysis results based on generalized estimating equations (GEE)

Standard

Variable Coefficient Error P-value OR (95% Cl)

Gender -0.427 0.230 0.063 0.653(0.416-1.024)
Smoking history 1.320 0.258 <0.001 3.745(2.258-6.211)
Medical history 0.125 0.362 0.730 1.133(0.557-2.304)
ASA classification -1.159 0.281 <0.001 0.314 (0.181-0.544)
Surgical urgency -0.192 0.455 0.674 0.826(0.338-2.014)
Preoperative analgesic use 1.187 0.562 0.035 3.279 (1.090-9.863)
Surgery type -0.309 0.349 0.377 0.735(0.370-1.457)
Intraoperative transfusion 0.301 0.234 0.198 1.352(0.854-2.139)
Intraoperative non-opioid analgesic use 0.591 0.282 0.036  1.805 (1.038-3.138)
Intraoperative sedative use 1.004 0.376 0.008 2.728(1.305-5.704)
Anesthetic modality 0.217 0.408 0.594 1.242 (0.559-2.761)
Position change 0.396 0.564 0.483 1.485(0.492-4.483)
Post-extubation analgesic pump use -1.649 0.308 <0.001 0.192(0.105-0.351)
Post-extubation sore throat -0.023 0.273 0.933 0.977 (0.572-1.669)
Age 0.039 0.009 <0.001 1.040 (1.023-1.058)
BMI (kg/m?) 0.177 0.034 <0.001 1.194 (1.116-1.277)
Preoperative pain score (VAS) 0.305 0.304 0.316  1.356 (0.748-2.461)
Operative duration (min) <0.001 0.001 0.705  1.000 (0.998-1.001)
Intraoperative blood loss (mL) <0.001 0.001 0.603 1.000 (0.998-1.001)
Intraoperative fluid volume (mL) <0.001 <0.001 0.178 1.000 (0.999-1.000)
APACHE-II score at ICU admission 0.100 0.023 <0.001 1.105 (1.056-1.156)
Mechanical ventilation duration (h) -0.007 0.006 0.195 0.993 (0.982-1.004)
Time from ICU medication cessation to extubation (h) 0.32 0.073 <0.001 1.377(1.193-1.590)
GCS score at extubation 0.046 0.154 0.763  1.047 (0.775-1.416)
CPOT score at extubation 0.419 0.063 <0.001 1.520(1.343-1.721)
Systolic blood pressure at extubation (mmHg) -0.038 0.012 0.001 0.963 (0.940-0.985)
Diastolic blood pressure at extubation (mmHg) -0.039 0.015 0.008 0.962 (0.934-0.990)
Heart rate at extubation (bpm) 0.011 0.008 0.195 1.011 (0.995-1.027)
Respiratory rate at extubation (bpm) -0.028 0.037 0.445 0.972 (0.905-1.045)
Oxygen saturation at extubation (%) -0.182 0.315 0.564 0.834 (0.450-1.545)
Extubation procedure duration (s) -0.079 0.069 0.257 0.924 (0.807-1.059)
White blood cells (10%/L) -0.035 0.039 0.369 0.965 (0.893-1.043)
Red blood cells (10°/L) -0.082 0.129 0.525 0.921(0.715-1.186)
Hemoglobin (g/L) 0.002 0.004 0.585 1.002 (0.994-1.011)
Platelets (10%/L) 0.001 0.002 0.762  1.001 (0.997-1.004)
Total protein (g/L) -0.006 0.007 0.412 0.994 (0.980-1.008)
Albumin (g/L) 0.002 0.014 0.868 1.002 (0.976-1.029)
Globulin (g/L) -0.021 0.027 0.428 0.979 (0.928-1.032)
Albumin-globulin ratio (%) 0.137 0.237 0.564  1.147 (0.720-1.826)
ALT (U/L) <0.001 0.003 0.890 1.000 (0.994-1.007)
AST (U/L) -0.001 0.004 0.792  0.999 (0.992-1.006)

Note: GEE: Generalized Estimating Equation, ASA: American Society of Anesthesiologists, VAS: Visual Analogue Scale, ICU:
Intensive Care Unit, APACHE-II: Acute Physiology and Chronic Health Evaluation I, GCS: Glasgow Coma Scale, CPOT: Critical-
Care Pain Observation Tool, ALT: Alanine Aminotransferase, AST: Aspartate Aminotransferase, BMI: Body Mass Index, OR: Odds
Ratio, Cl: Confidence Interval.
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Table 5. Multicollinearity diagnostic results for each variable

Variable Df VIF_adj Collinearity Level
Systolic blood pressure at extubation 1 1.892 No collinearity
Diastolic blood pressure at extubation 1 1.873 No collinearity
CPOT score at extubation 1 1.12 No collinearity
Post-extubation analgesic pump use 1 1.075 No collinearity
Preoperative analgesic use 1 1.072 No collinearity
ASA classification 2 1.062 No collinearity
Age 1 1.054 No collinearity
Smoking history 1 1.049 No collinearity
BMI 1 1.044 No collinearity
Intraoperative sedative use 1 1.039 No collinearity
APACHE-II score at ICU admission 1 1.036 No collinearity
Time from ICU medication cessation to extubation (h) 1 1.028 No collinearity
Intraoperative non-opioid analgesic use 1 1.025 No collinearity
Gender 1 1.022 No collinearity

Note: Df: Degrees of freedom, VIF_adj: Variance Inflation Factor adjusted, GEE: Generalized Estimating Equation, CPOT:
Critical-Care Pain Observation Tool, APACHE-II: Acute Physiology and Chronic Health Evaluation Il, BMI: Body Mass Index, ASA:

American Society of Anesthesiologists.

Table 6. Multivariable analysis results of early postoperative pain influencing factors based on GEE

Variable Coefficient StaE'r‘garrd P-value OR (95% Cl)

(Intercept) -6.591 2.231 0.003 0.001 (<0.001-0.109)
time_hours -0.496 0.091 <0.001 0.609 (0.509-0.728)
CPOT score at extubation 0.221 0.079 0.005 1.247 (1.067-1.457)
Post-extubation analgesic pump use -1.028 0.33 0.002 0.358(0.187-0.682)
BMI 0.126 0.034 <0.001 1.134(1.060-1.213)
Smoking history 0.96 0.291 0.001 2.612(1.475-4.624)
Age 0.036 0.008 <0.001 1.036(1.019-1.053)
Time from ICU medication cessation to extubation (h) 0.163 0.083 0.05 1.177 (1.000-1.385)
APACHE-II score at ICU admission 0.073 0.023 0.002 1.075(1.027-1.126)
ASA classification (2) -0.189 0.342 0.58 0.827 (0.423-1.618)
ASA classification (3) 0.407 0.695 0.559 1.502 (0.384-5.867)
Systolic blood pressure at extubation -0.002 0.025 0.95 0.998 (0.952-1.048)
Intraoperative sedative use 1.414 0.448 0.002 4.113(1.709-9.900)
Diastolic blood pressure at extubation -0.018 0.029 0.533 0.982 (0.929-1.039)
Preoperative analgesic use 0.184 0.61 0.762 1.203 (0.364-3.978)
Intraoperative non-opioid analgesic use 0.551 0.309 0.074 1.736 (0.947-3.181)
Gender -0.517 0.278 0.063 0.596 (0.345-1.029)

Note: GEE: Generalized Estimating Equation, CPOT: Critical-Care Pain Observation Tool, ICU: Intensive Care Unit, APACHE-II:
Acute Physiology and Chronic Health Evaluation Il, BMI: Body Mass Index, ASA: American Society of Anesthesiologists, VAS: Vi-
sual Analogue Scale, OR: Odds Ratio, Cl: Confidence Interval, All standard errors (SE) reported are robust (sandwich) standard

errors.

variables including smoking history (P=0.806),
preoperative analgesic use (P=0.588), and
post-extubation analgesic pump use (P=0.977).
Similarly, continuous variables including age
(P=0.940), BMI (P=0.697), APACHE-II score at
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ICU admission (P=0.910), and CPOT score at
extubation (P=0.950) were comparable across
the three cohorts. These results confirm that
the three cohorts were well balanced in terms
of key clinical risk factors, supporting the valid-
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ity and generalizability of subsequent model
training and external validation (Table S2).

Model discrimination, calibration, and clinical
net benefit evaluation based on the training
set

In the training dataset, the model exhibited
good discriminative ability, with an AUC of
0.820. Model performance metrics included an
accuracy of 0.767, sensitivity of 0.762, specific-
ity of 0.774, positive predictive value (PPV) of
0.812, negative predictive value (NPV) of 0.718,
and an optimal cutoff value of 0.569 (see Table
7 and Figure 2A). A Hosmer-Lemeshow test P
value of 0.381 and a Brier score of 0.165 indi-
cated good calibration, with predicted probabil-
ities consistent with actual outcomes (Figure
2B). DCA demonstrated that the model yielded
a greater net clinical benefit than both the
“treat-all” and “treat-none” strategies across
threshold probabilities of 0.05-0.06 and 0.11-
0.99. At threshold probabilities of 0.01-0.04,
the net benefit of the model was comparable to
that of the “treat-all” strategy. The maximum
net benefit (approximately 0.538) was achieved
at a threshold probability of approximately 0.05
(Figure 2C). Collectively, the model exhibited
stable discriminative ability, good calibration,
and substantial clinical utility across a wide
range of threshold probabilities in the training
dataset (see Figure 2 and Table 7).

Model discrimination, calibration, and clinical
benefit analysis based on testing set

The testing dataset was an internal validation
cohort derived from a random split of the same-
center population. In this dataset, the model
maintained stable internal discriminative per-
formance, with an AUC of 0.785 (95% Cl: 0.702-
0.869) (Figure 3A). The optimal cutoff probabil-
ity was determined to be 0.420, which achieved
the best balance between event probability and
the minimum sum of false negative and false
positive rates (Table 7; Figure 3A). Calibration
assessment showed a Hosmer-Lemeshow test
P value of 0.175 and a Brier score of 0.205,
indicating acceptable agreement between pre-
dicted probabilities and observed outcomes
(Figure 3B). DCA revealed that the model pro-
vided a greater net clinical benefit than the
“treat-all” and “treat-none” strategies across
multiple threshold probability ranges, including
0.04-0.09, 0.14, 0.18-0.19, 0.21-0.28, and

1444

0.32-0.98. At two very high threshold probabili-
ties (0.93 and 0.97) and select intermediate
ranges (particularly 0.75-0.79, 0.82, and 0.89-
0.93), the model outperformed the “treat-all”
strategy. The highest net benefit (approximately
0.560) was observed at a threshold probability
of around 0.04 (Figure 3C). Overall, these re-
sults indicate that the model achieved acce-
ptable discriminative ability, good calibration,
and consistent clinical utility during internal
validation (see Figure 3 and Table 7).

External validation of model performance

The external validation cohort comprised 124
patients in total. The model exhibited stable
predictive performance in this independent
dataset, with an AUC of 0.772 (95% Cl: 0.690-
0.853) on the ROC curve (Figure 4A). At the cut-
off value of 0.597, the model achieved an accu-
racy of 0.702, sensitivity of 0.653, specificity of
0.769, positive predictive value (PPV) of 0.797,
and negative predictive value (NPV) of 0.615,
demonstrating acceptable discriminative power
(Table 7; Figure 4A). Based on the Hosmer-
Lemeshow goodness-of-fit test (P=0.451) and
Brier score (0.192), the model was well calibrat-
ed, with good agreement between predicted
probabilities and observed outcomes. The cali-
bration curve also closely approximated the ref-
erence line, indicating stable calibration perfor-
mance in the external cohort (Figure 4B). DCA
further confirmed the model’s clinical utility:
the model yielded a higher net benefit than
both the “treat-all” and “treat-none” strategies
across a broad range of threshold probabilities
(0.01-0.13, 0.16-0.19, 0.21-0.28, 0.32-0.48,
and 0.52-0.90). The maximum net benefit
(approximately 0.576) was achieved at thresh-
old probabilities of 0.01-0.02 (Figure 4C and
Table 7), confirming consistent and clinically
meaningful applicability in real-world settings.

Model discriminative performance comparison
based on Delong test

To further evaluate the discriminative ability of
the proposed prediction model, DelLong tests
were performed to compare the area under the
ROC curves (AUCs) of the prediction model with
that of the Pain Catastrophizing Scale (PCS) in
the training set, testing set, and external valida-
tion set. In the training set, the AUC of the
model was 0.8073 (95% CI: 0.756-0.859) and
was significantly higher than the AUC of the
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Table 7. Model discriminative performance metrics in training and testing sets

Metric AUC 95% Cl Accuracy Sensitivity Specificity PPV NPV Optimal Cutoff Youden index
Training set 0.820 0.770-0.870 0.767 0.762 0.774 0.812 0.718 0.569 0.536
Testing set 0.785 0.702-0.869 0.739 0.797 0.66 0.761 0.705 0.42 0.457
External validation set 0.772 0.690-0.853 0.702 0.653 0.769 0.797 0.615 0.597 0.422
A B C
Train ROC AUC = 0.820 (95% Cl: 0.770-0.870) Train H-L P =0.198, Brier = 0.171 Train DCA

1.00
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PCS score (0.6313, 95% Cl: 0.563-0.700)
(Delong test, P=0.0001) (Figure 5A). In the
testing set, the model also showed superior
discriminative performance, with an AUC of
0.8301 (95% Cl: 0.752-0.908) versus the PCS’s
AUC of 0.6719 (95% Cl: 0.570-0.774); this
difference remained statistically significant
(DeLong test, P=0.0148). These results con-
firmed robust generalizability and stable perfor-
mance during internal validation (Figure 5B). In
the external validation cohort, the model con-
sistently outperformed the PCS: its AUC of
0.7716 (95% CI: 0.690-0.853) was significantly
higher than that of the PCS score (0.6303, 95%
Cl: 0.531-0.730) (DelLong test, P=0.0273)
(Figure 5C). This suggests that the model’s reli-
able discriminative ability renders it a valuable
clinical tool for independent patient popula-
tions. Collectively, across all three datasets,
the GEE-based dynamic prediction model out-
performed the PCS scoring system in all as-
pects, demonstrating greater discriminative
efficacy and applicability for predicting early
postoperative pain.

Interaction effects between key predictors

Interaction analyses were performed using GEE
models to examine whether the effects of major
predictors varied across postoperative time-
points or differed between clinical subgroups.
In the time x CPOT interaction model, the CPOT
score remained a significant independent pre-
dictor of early postoperative pain (OR=1.373,
95% Cl: 1.180-1.597). However, neither of the
interaction terms reached statistical signifi-
cance (30 min x CPOT: OR=1.14, P=0.124; 2 h
x CPOT: OR=1.10, P=0.170). This indicates that
the effect of nociceptive behavioral cues on
pain risk was stable across 30 min, 1 h, and 2
h post-extubation (Figure 6A). In the BMI x
intraoperative sedative use interaction model,
both BMI (OR=1.321, 95% CI: 1.064-1.641)
and sedative administration (OR=204.15, 95%
Cl: 0.47-88,250.97) independently contributed
to pain risk. The interaction term was not statis-
tically significant (OR=0.836, P=0.127), sug-
gesting no synergistic or antagonistic modifica-
tion of BMI's effect by sedative use (Figure 6B).
The predicted probability curves in Figure 6 are
consistent with these statistical test results:
the CPOT-related risk gradients remained paral-
lel over time; while patients receiving sedatives
consistently exhibited higher predicted proba-
bilities at all BMI levels, and the slopes of the
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BMI-pain risk relationship were similar across
sedative subgroups. Full numerical results of
the interaction analyses are presented in Table
S3.

Discussion

This study successfully constructed a postop-
erative pain prediction model using the GEE
method, based on longitudinal multi-timepoint
data from 373 ICU surgical patients. The model
exhibited excellent discriminative ability, with
AUC values of 0.820 in the training set and
0.785 in the testing set, as well as good calibra-
tion (Brier scores of 0.165 and 0.205, respec-
tively). Validation in an independent cohort (The
People’s Hospital of Rugao, n=124) confirmed
the model’s validity, with an AUC of 0.772 and a
Brier score of 0.192, along with good calibra-
tion. The consistent performance of the model
in both internal and external datasets demon-
strates its reliability across institutions. Kagerer
et al. developed a gradient boosting model ba-
sed on 70,000 patients, which also achieved
an AUC of 0.82, confirming the value of advan-
ced statistical methods in postoperative pa-
in prediction. Through multivariable analysis,
eight independent predictors were identified:
CPOT score at extubation (OR=1.247), BMI
(OR=1.134), smoking history (OR=2.612), age
(OR=1.036), APACHE-II score (OR=1.075), and
intraoperative sedative use (OR=4.113) were
risk factors; temporal progression (OR=0.609)
and post-extubation analgesic pump use
(OR=0.358) were protective factors. DCA acro-
ss a broad range of threshold probabilities
(0.04-0.98) validated the model’s clinical utili-
ty. DeLong tests showed that the model’s dis-
criminative ability was superior to the tradition-
al PCS score in the training set (P<0.001) and
testing set (P=0.019), as well as in the external
validation set (P=0.027). Thus, the model is
clinically applicable.

Mechanistic underpinnings and clinical signifi-
cance of predictive factors

The CPQOT score at extubation was identified as
the most robust predictor. The CPOT is a reli-
able scale proven effective for assessing pain
in critically ill patients with communication dif-
ficulties, based on objective evaluations of fa-
cial expressions, body movements, muscle ten-
sion, and ventilator compliance [17]. The inher-
ent link between pain intensity at extubation
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vs. No). Shaded curves and trajectory patterns indicate that CPOT score and BMI independently influence pain risk
without significant interaction effects over time or between sedative use.

and subsequent pain persistence is reflected
by its predictive value. According to the litera-
ture [4], the severity of acute pain 24 hours
after surgery is an important predictor of chron-
ic pain 3 months after hepatectomy; therefore,
early pain control is crucial.

BMI, age, and smoking history affect postoper-
ative pain susceptibility through multiple mech-
anisms. Patients with a higher BMI often have
chronic inflammation due to metabolic syn-
drome, which enhances pain sensitivity via the
release of pain mediators [18]. Lunde et al. [19]
identified an association between chronic post-
surgical pain and low BMI (P=0.032) and re-
ported a non-linear relationship between BMI
and pain. Metabolomic studies have provided
evidence for BMI’s role in pain: 19 lipid metabo-
lites were found to be elevated in patients with
chronic pain [20]. Sun et al. constructed an
XGBoost model using data from 1,720 elderly
patients and confirmed that age, smoking his-
tory, and APACHE-II score are major predictors
of postoperative acute pain (validation set
AUC=0.920). Consistent with this, the present
study found smoking history to be a risk factor
(OR=2.612). Smoking impairs pain regulation
through nicotinic receptor modulation, chronic
inflammation, and vascular dysfunction, and
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smokers often require higher opioid doses. For
critically ill patients with severe disease, anal-
gesic use may be limited or less effective due
to the severity of their iliness. The APACHE-II
score reflects a hyperadrenergic state, which
increases the release of inflammatory media-
tors [21, 22].

The strongest risk factor identified was intraop-
erative sedative use (OR=4.113), potentially
due to sedation-analgesia dissociation. This
phenomenon involves the formation of an
“analgesic gap” caused by excessive sedation
without adequate analgesia, which becomes
apparent when the patient regains conscious-
ness [23, 24]. The time factor indicates that
pain tends to diminish over time, particularly
with analgesic intervention. Zhang et al. [25]
demonstrated that postoperative patient-con-
trolled analgesia is an independent protective
factor against moderate to severe post-anes-
thesia care unit pain in 22,600 patients (train-
ing set AUC=0.817). Literature also indicates
that past pain scores and total opioid doses are
important predictors of future pain [26]. Zhang
et al. [27]. found that paravertebral nerve blo-
ckade significantly reduced the risk of chronic
pain in patients undergoing thoracoscopic sur-
gery, and severe acute postoperative pain was
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an important predictor of chronic pain (training
set AUC=0.878). This study further reinforces
the value of early aggressive analgesia.

Comparisons with prior research and innova-
tions

The GEE method used in this study enables the
utilization of repeated-measures longitudinal
data. By applying GEE, the temporal evolution
of postoperative pain can be captured with
minimal information loss. Furthermore, this
methodology accounts for intra-individual cor-
relations, resulting in more robust parameter
estimates. Shi et al. [10] applied random forest
modeling to orthopedic surgery patients, ach-
ieving an AUC of 0.810 and demonstrating
the applicability of machine learning approach-
es in surgical settings. Recent advancements
in machine learning have driven significant
progress in postoperative pain prediction. Liu
et al. [28] developed the Postoperative Pain
Score, an attention-based set embedding mo-
del that leverages preoperative electronic hea-
Ith record (EHR) data from 234,274 adult non-
cardiac surgical patients. Testing results show-
ed state-of-the-art performance in predicting
maximum pain scores across multiple postop-
erative days, and prospective validation reve-
aled that it outperformed clinician predictions.
Similarly, Zhang et al. [29] developed Dose-
Former, a model based on Graph Attention
Networks and Graph Transformer Networks, for
video-assisted thoracoscopic surgery (VATS)
patients (n=1552). They reported excellent per-
formance with an AUC of 0.98 and an F1 score
of 0.85, which was significantly superior to that
of attending anesthesiologists (F1: 0.49), fel-
lows (F1: 0.43), and residents (F1: 0.16). These
findings suggest that algorithmic prediction
may outperform subjective clinical evaluations,
highlighting the potential value of automated
risk assessment systems in perioperative pain
management.

A narrative review of 61 machine learning stud-
ies on postoperative pain and opioid use identi-
fied substantial variability in sample sizes, pre-
dictors, and outcome definitions, with the au-
thors advocating for standardization in such
studies [30]. Importantly, patient-reported pre-
dictors were emphasized as highly valuable for
algorithm performance. Our GEE-based app-
roach (AUC: 0.785-0.820) is competitive and
offers additional advantages: it is applicable to
longitudinal repeated-measures data and pro-
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vides clinically interpretable insights through
traditional statistical methods. Although Dose-
Former [29] generally exhibits better discrimi-
native performance (AUROC: 0.98), GEE is more
clinically interpretable, modular, and less com-
putationally complex than deep learning. It also
allows for straightforward understanding of
how predictors contribute to the model, making
it better suited for implementation in most
resource-limited clinical settings. Our findings
regarding the range of risk factors are highly
consistent with the literature [9].

Notably, the model’s successful performance
in the external validation cohort demonstrates
its portability and reliability across multiple
institutions - an important advantage that many
postoperative pain prediction studies lack, as
they are typically only validated at the deriva-
tion center. Consistent findings from ROC curve
analysis, calibration assessments, and DCA
across both hospitals confirm the robustness
of this model architecture, thereby enhancing
confidence in its clinical application and gen-
eralizability.

Adequate management of acute pain not only
impacts postoperative recovery but also influ-
ences long-term pain outcomes. Hong et al.
found that acute pain scores recorded 24 hours
after surgery are key predictors of chronic pain.
For patients undergoing knee arthroplasty,
baseline pain status, kinesiophobia, and knee
function are important predictors of chronic
pain (validation set AUC=0.897, Brier score
0.119). This evidence indicates that the pain
prediction model developed in this study not
only demonstrates clinical value but also helps
identify populations at high risk of developing
chronic pain. In this study, preoperative VAS
scores showed no significant correlation with
early postoperative pain, which the authors
attribute to the low preoperative pain scores in
the study population (median 1.0). The charac-
teristics of the ICU patient population may also
contribute to this observation. Surgical dura-
tion and intraoperative blood loss were not sig-
nificant predictors in multivariable modeling,
indicating the complex nature of pain-influenc-
ing factors in the ICU setting.

Clinical application and methodological advan-
tages

Multimodal analgesic regimens should be
implemented in high-risk patients. These regi-
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mens include optimized preoperative preven-
tive analgesia, with the appropriate adjunctive
use of non-opioid analgesics and regional
nerve blocks. A systematic review by Holm et al.
[31] (involving 946 VATS patients) confirmed
that compared with systemic opioids, epidural
analgesia reduced resting pain and movement
pain by 0.8 and 1.1 points, respectively, during
the first three postoperative days; when com-
bined with baseline multimodal analgesia, this
effect was even more pronounced. Patients
with higher CPOT scores, higher BMI, or higher
APACHE-II scores should be prioritized for anal-
gesic pump therapy. Evidence indicates that
fully automated prediction systems based sole-
ly on preoperative EHR data can be deployed
for all patients undergoing or considering sur-
gery, enabling preoperative risk stratification
and the planning of preventive interventions.
Model implementation can facilitate automat-
ed risk assessment by integrating into EHR sys-
tems or developing bedside rapid assessment
tools to assist nursing staff with real-time
evaluations.

In terms of methodology, the longitudinal multi-
timepoint design accurately reflects the dynam-
ic evolution of postoperative pain. Furthermore,
the GEE methodology is well suited to handling
correlated responses among repeated mea-
sures. For the prediction of lymph node metas-
tasis in gastric cancer using clustered data,
Yang et al. [11] applied the GEE-logistic model,
which yielded excellent performance with AUC
values of 0.944 and 0.836, respectively. Lite-
rature has documented that GEE logistic re-
gression effectively analyzes clustered medical
data and exhibits robustness in clinical predic-
tion modeling. The inclusion of an additional
external validation cohort further strengthens
evidence for the model’s stability and reproduc-
ibility. The stratified training-testing split, excel-
lent baseline comparability (all SMD <0.2), and
comprehensive model evaluation (including
discrimination, calibration, and DCA collectively
underscore the methodological rigor of this
study.

In addition, the model is intended for use in
adult postoperative ICU patients who require
extubation following mechanical ventilation,
regardless of surgical type or specific perioper-
ative characteristics. Instead of developing se-
parate subgroup models, we emphasize that
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the identified independent predictors - includ-
ing advanced age, smoking history, elevated
BMI, higher CPOT scores at extubation, higher
APACHE-II scores, and intraoperative sedative
use - already identify patient populations at
increased risk of early postoperative pain.
These populations may benefit from prioritized
postoperative analgesia assessment and tar-
geted preventive strategies. Moreover, the cur-
rent model focuses on predicting very early
postoperative pain (within 2 hours after extuba-
tion) in adult ICU patients, as opposed to long-
term prognostication. From a clinical perspec-
tive, this window presents an opportunity to
titrate analgesia, prevent pain peaks, and
thereby optimize cardiovascular stability. Given
the reported associations between high acute
pain intensity and subsequent chronic postsur-
gical pain in other surgical populations, our
findings suggest that patients identified as
high-risk by this model (e.g., older individuals,
smokers, patients with higher BMI, higher
APACHE-II and CPOT scores, and those who
received intraoperative sedatives) may also
require closer long-term follow-up. However,
this hypothesis was not directly tested in the
current study and should be formally examined
in future prospective cohorts.

Limitations and future directions

This study has several limitations that should
be acknowledged. First, although subgroup
analyses by surgical type, ASA classification,
and mechanical ventilation duration were rec-
ommended, the number of events in each sub-
group was insufficient to yield stable estimates,
consistent with EPV principles and TRIPOD
guidelines. We therefore clarified the intended
application population and highlighted high-
risk groups identified by the independent pre-
dictors. Second, two key predictors - CPOT
score at extubation and post-extubation anal-
gesic pump use - are only obtainable at or
immediately after extubation. The CPOT repre-
sents the earliest reliable behavioral indicator
of nociception in ICU patients, who often can-
not self-report pain immediately before extuba-
tion; however, this means the model does not
function as a purely pre-extubation prediction
tool. Although dynamic nomograms or score-to-
risk conversion tables could enhance bedside
usability, we intentionally refrained from con-
structing a finalized scoring system at this
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stage, as premature release without broader
validation may compromise clinical authority. A
standardized score-probability conversion ta-
ble and recommended intervention thresholds
will be developed following formal publication
and multicenter verification.

Third, although the model demonstrated good
discrimination and calibration in both internal
and external validation cohorts, both datasets
were derived from tertiary hospitals. Thus, even
though the study includes two independent
centers, the model’s adaptability across differ-
ent healthcare levels (e.g., secondary hospi-
tals), diverse surgical populations, and varying
analgesic practices remain uncertain. Future
work should explore recalibration strategies
(e.g., intercept and slope adjustment) and
evaluate the model’s transportability across
heterogeneous clinical environments. Fourth,
pain-related inflammatory or molecular bio-
markers (e.g., TNF-«, IL-6, NF-kB) were not rou-
tinely measured and thus could not be incorpo-
rated into the model, limiting mechanistic inter-
pretation. Fifth, despite external validation, the
retrospective study design may limit generaliz-
ability, and only very early postoperative pain
(within 2 hours) was evaluated. Psychosocial
variables and long-term outcomes such as ch-
ronic postoperative pain, readmission, and psy-
chological distress were not collected. Langford
et al. [29] emphasized the critical importance
of including patient-reported predictors where
possible, as these have been shown to be par-
ticularly informative in machine learning algo-
rithms for postoperative pain prediction. Future
studies should conduct multicenter prospec-
tive validation, compare pre-extubation and
dynamic post-extubation prediction models,
integrate biological and physiological markers
to elucidate mechanistic pathways, establish
clinically actionable risk-threshold strategies,
and evaluate whether model-guided analgesic
interventions improve patient outcomes. Em-
bedding the model within EHR systems may fur-
ther facilitate real-time bedside implemen-
tation.

Conclusion

Based on data from 373 ICU surgical patients,
this study developed a dynamic prediction
model for early postoperative pain. The model
demonstrated strong discriminative ability, with
AUC values of 0.820 in the training set, 0.785
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in the testing set, and 0.772 in the external vali-
dation cohort; it also exhibited good calibration
and significantly outperformed the PCS score
in discriminative power. The eight identified
independent predictors - including CPOT score
at extubation, BMI, smoking history, age,
APACHE-II score, intraoperative sedative use,
temporal progression, and post-extubation
analgesic pump use - may facilitate clinical risk
stratification and the formulation of individual-
ized analgesic strategies.
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Table S1. Comparison of QIC values across working correlation structures tested in the GEE model

Working correlation QIC QICu CIC QicC

Independence 831.6 809.77 25.91 833.56
Exchangeable 831.52 810.06 25.73 833.74
AR(1) 835.02 810.77 27.12 837.24

Note: QIC: Quasi-likelihood under the Independence model Criterion, QICu: QIC based on quasi-likelihood, CIC: Correlation Information Criterion, QICC: corrected QIC. QIC values
are reported from the final fitted GEE model. The AR(1) structure yielded non-convergent and non-interpretable negative QIC values and was therefore excluded. The exchangeable
structure, which produced the lowest plausible QIC, was selected as the final working correlation structure.

Table S2. Comparison of risk factor variables among the three sample groups

External validation

Variable Total Training Group (n=262) Testing Group (n=111) Group (n=124) t/Z2/x? P-value
Smoking history 0.431 0.806
Yes 341 (68.61%) 178 (67.94%) 75 (67.57%) 88 (70.97%)
No 156 (31.39%) 84 (32.06%) 36 (32.43%) 36 (29.03%)
Preoperative analgesic use 1.062 0.588
Yes 27 (5.43%) 12 (4.58%) 8 (7.21%) 7 (5.65%)
No 470 (94.57%) 250 (95.42%) 103 (92.79%) 117 (94.35%)
Post-extubation analgesic pump use 0.046 0.977
Yes 431 (86.72%) 228 (87.02%) 96 (86.49%) 107 (86.29%)
No 66 (13.28%) 34 (12.98%) 15 (13.51%) 17 (13.71%)
Age 55.00 [41.00, 65.00] 55.00 [41.00, 66.00] 55.00[44.00,62.50] 54.50[40.75, 64.25] 0.123 0.940
BMI 23.31+3.68 23.19+3.86 23.53+£3.45 23.37+3.48 0.361 0.697
APACHE-II score at ICU admission 23.00[17.00, 25.00]  23.00[17.00, 24.00] 23.00[17.50,24.00] 23.00 [17.00, 25.00] 0.188 0.910
CPOT score at extubation 2.00 [2.00, 4.00] 2.00 [2.00, 4.00] 2.00[1.00, 4.00] 2.00 [2.00, 4.00] 0.103 0.950

Note: BMI: Body mass index, ICU: Intensive Care Unit, APACHE-II: Acute Physiology and Chronic Health Evaluation Il, CPOT: Critical-Care Pain Observation Tool.

Table S3. Interaction effects in GEE models

Model Interaction Term Coefficient (B) Robust SE OR 95% Cl P value
Time x CPQOT score time_factorl h x CPOT 0.1313 0.0854 1.14 0.965-1.348 0.1242

time_factor2 h x CPOT 0.0928 0.0676 1.097 0.961-1.253 0.1698
BMI x intraoperative sedative use BMI x sedative (Yes) -0.1791 0.1173 0.836 0.664-1.052 0.1266
Age x smoking history Age x Smoking (Yes) -0.0318 0.0184 0.969 0.934-1.004 0.0837

Note: All standard errors are robust (sandwich) standard errors. OR: odds ratio; Cl: confidence interval; CPOT: Critical-Care Pain Observation Tool; BMI: body mass index. Reference
categories: time_factor =30 min, sedative use = No, smoking history = No. None of the interaction terms reached statistical significance (P<0.05), indicating that the effects of CPOT
score on pain risk were stable across time points, and no synergistic or antagonistic interactions were observed between BMI and sedative use or between age and smoking history.



