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Abstract

Background: Surgical resection is the major way to cure pancreatic ductal adenocarcinoma (PDAC). However, this
operation is complex, and the peri-operative risk is high, making patients more likely to be admitted to the
intensive care unit (ICU). Therefore, establishing a risk model that predicts admission to ICU is meaningful in
preventing patients from post-operation deterioration and potentially reducing socio-economic burden.

Methods: We retrospectively collected 120 clinical features from 1242 PDAC patients, including demographic data,
pre-operative and intra-operative blood tests, in-hospital duration, and ICU status. Machine learning pipelines,
including Supporting Vector Machine (SVM), Logistic Regression, and Lasso Regression, were employed to choose
an optimal model in predicting ICU admission. Ordinary least-squares regression (OLS) and Lasso Regression were
adopted in the correlation analysis of post-operative bleeding, total in-hospital duration, and discharge costs.

Results: SVM model achieved higher performance than the other two models, resulted in an AU-ROC of 0.80. The
features, such as age, duration of operation, monocyte count, and intra-operative partial arterial pressure of oxygen
(PaO2), are risk factors in the ICU admission. The protective factors include RBC count, analgesic pump
dexmedetomidine (DEX), and intra-operative maintenance of DEX. Basophil percentage, duration of the operation,
and total infusion volume were risk variables for staying in ICU. The bilirubin, CA125, and pre-operative albumin
were associated with the post-operative bleeding volume. The operation duration was the most important factor
for discharge costs, while pre-lymphocyte percentage and the absolute count are responsible for less cost.

Conclusions: We observed that several new indicators such as DEX, monocyte count, basophil percentage, and
intra-operative PaO2 showed a good predictive effect on the possibility of admission to ICU and duration of stay in
ICU. This work provided an essential reference for indication in advance to PDAC operation.

Keywords: Intensive care unit, Machine learning, Risk prediction, Peri-operative, Socio-economic burden, Pancreatic
adenocarcinoma
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Background
The current 5-year survival rate of PDAC is only 8% [1],
which is the lowest among all common cancers. The in-
cidence of male pancreatic cancer is increasing year by
year [1].
Surgical resection is a major way to cure the disease.

Adding chemotherapy to adjuvant therapy can improve
survival (the five-year survival rate is close to 30%) and
reduce peri-operative mortality (about 3%) [2]. However,
the risks borne by surgery cannot be underestimated,
and the risk of complications is around 50% [3]. The
intra-operative risk is mainly bleeding (5.9%), and post-
operative complications are mainly pancreatic leakage
(13%). These complications may be life-threatening,
making the patient’s risk of entering the ICU increased
[4, 5]. The high cost of pancreatic cancer surgery directly
increases the burden on the patient and family. Patients
transferred to the ICU also require special monitoring
and intense care. Simultaneously, the number of compli-
cations greatly increased the in-hospital cost and length
of hospitalization [6]. In a study of emergency depart-
ment evaluation of suspected ICU patients, it was found
that prolonged hospital stay in the emergency depart-
ment increases the risk of death [7].
Identifying risk factors to predict high-risk groups and

correcting surgical procedures has important economic
benefits. It is now known that unmodifiable risk factors
such as age (> 55), gender (male), blood type (non-O type),
modifiable risk factors such as smoking (> 35 cigarettes /
d,> 40 years), obesity (BMI > 30) [8, 9]. Accurate peri-
operative risk prediction can prevent patients from clinical
deterioration, reduce the incidence of adverse events, and
control unplanned readmissions to the ICU, mortality,
and potentially huge socioeconomic burden. The aca-
demic community has found some rules in risk prediction.
For example, patients with high-risk surgery have a lower
gastric mucosal PHi before surgery. During surgery, tachy-
cardia will make the peri-operative risk higher, increasing
the possibility of transfer to ICU [10, 11]. It is still neces-
sary to supplement essential risk factors to assess the risk
of postoperative ICU transfer and the incidence of compli-
cations to optimize surgical decision-making.
Machine learning (ML) methods have attracted con-

siderable research attention with the development of
data storage techniques. ML is a multi-disciplinary inter-
disciplinary major. It uses computers as a tool and is
committed to simulating human learning in real-time,
especially how to improve specific algorithms’ perform-
ance in empirical learning. ML provides opportunities to
improve accuracy by taking advantage of the complex
interaction between potential risk factors. It can improve
medicine by better exploiting “big data” in a learning
way [12]. Studies have shown that machine learning is
significantly better than standard clinical reference tools

for real-time prediction of complications in intensive
care and sepsis prediction [13, 14]. ML can be applied to
clinical data sets to develop robust risk models and re-
define patient classes [15].
However, few reports on patients’ physiological status be-

fore PDAC operation and whether the influencing factors
such as pre-operative and intra-operative status or
anesthesia intervention will affect the post-operative effect
from the real-world and artificial intelligence (AI) angle.
Therefore, we collected 120 clinical features from 1242
PDAC patients, including demographic data, pre-operative
and intra-operative blood tests, in-hospital duration, and
ICU status. After data pre-processing, the 39 filtered vari-
ables are finally used for model construction. ML pipelines,
including Supporting Vector Machine (SVM), Logistic Re-
gression, and Lasso Regression, were employed to choose
an optimal model in predicting ICU admission. Ordinary
least-squares regression (OLS) and Lasso Regression were
adopted in the correlation analysis of post-operative bleed-
ing, total in-hospital duration, and discharge costs. Estab-
lishing a peri-operative risk prediction model helps prevent
patients from clinical deterioration and potentially socio-
economic burden in advance of the surgery.

Methods
Research participants
We retrospectively selected 1242 PDAC patients from
existing databases. All participants signed an informed
consent form (except for those who have died). The de-
tailed data collection procedure obtained permission
from the Ethics Committee of Renji Hospital Affiliated
to Shanghai Jiaotong University School of Medicine.
All participants underwent a physical examination and

routine blood examination, blood gas analysis, and medi-
cation records during the operation, and statistics of
clinical and demographic characteristics. Inclusion cri-
teria: patients with pre-operative imaging confirmed
pancreatic tumors, with surgical indications, and radical
pancreatectomy. Exclusion criteria: The patient did not
undergo pancreatic surgery or performed palliative sur-
gery and pancreatic puncture. And those who are con-
firmed as non-pancreatic primary tumors after the
operation (lower bile duct tumors, ampullary tumors,
pancreatic metastases, etc.). Criteria for patients being
admitted to the ICU are partly referred to ICU admis-
sion, discharge, and triage guidelines by Joseph L Nates
et al. [16]: peri-operative patients with acute respiratory
insufficiency, circulatory instability, severe cardiopulmo-
nary comorbidities, major bleeding, and patients needing
life-sustaining interventions.

Data pre-processing and feature selection
Our structured database initially contains 100 clinical
variables. First, features with more than 40% missing
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were excluded. Then, the categorical variables’ missing
values were filled by the mode, and the continuous vari-
ables were filled by the random forest [17]. To reduce
the influence of the range difference of the features on
the model construction, the noncategorical data was
processed by mean and SD. Categorical data were fur-
ther transformed into binary dummy variables. Finally,
39 variables were recruited to build the predictive model
for post-operative admission to ICU.
The purpose of feature selection is to determine the

best subset of features that can be used to predict each
outcome variable. We used the machine learning
method lasso regularization to construct feature subsets.

Model development
Model development includes linear model Lasso [18],
Logistic Regression [19] and kernel-based SVM [20] ma-
chine learning models. The model was trained in the

training set using 10-fold cross-validation, and the grid
search method was used to adjust the parameters of
each algorithm. In order to quantify the model’s discrim-
ination, a test set was applied to evaluate the model. The
categorical dependent variable’s evaluation index in-
cludes AU-ROC, sensitivity (recall), specificity, accuracy,
log-loss and precision, while the continuous dependent
variables are the prediction error graph. In addition, the
factor weight of the linear model is taken as the import-
ance of the factor. In addition to the performance com-
parison, we ranked the effect size of factors contributing
to the models. Figure 1 showed the study flowchart.

Results
Patients and variables
Our development cohort included a total of 1242 PDAC
patients, 665 (52.74%) of whom admission to ICU with a
mean time of 16.84 h. Through data pre-processing, 660

Fig. 1 Study flowchart. 1242 patients were recruited in the current study. Through data pre-processing, 660 patients with 120 complete clinical
variables were used as predictive variables. The data were pre-processed and randomly divided into a training set (80%) and a validation set
(20%). In the training set, k-fold cross-validation (k = 10) is used, and various parameter combinations are exhausted by grid search
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patients with 120 complete clinical variables were used
as predictive variables (Table 1). ICU admission was
considered as an outcome variable to build the predict-
ive model for post-operative admission to ICU. We also
built the predictive model for ICU hours, bleeding vol-
ume, in-hospital duration, and discharge costs.

Validation of training set for post-operative evaluation of
ICU
The average ROC curves and PR curves was shown in
the predictive model establishment of ICU admission in
three models, i.e., SVM, Lasso, and LR (Fig. 2a and 1b).
All models have AUC values above 0.75, and the SVM is
present to be upper (0.80). We use the AP value as the
criterion for the PR curve. It can be seen that the APs of
SVM and Lasso models are all above 0.80. The confu-
sion matrix (rounding) was also calculated for these
models (Table 2). SVM generates the minimum number
of FN (4) during the prediction process. The model LR
produced the minimum number of FP (18).
Table 3 showed the AUC, Sensitivity, Specificity, Ac-

curacy, log-loss, FP Rate, Precision, AP, and F1 of each
model evaluation result. There are significant perform-
ance differences between the different models. All
models have excellent performance, and the accuracy
rate is up to 0.75. Among them, SVM obtains the high-
est AUC value of 0.80, and the accuracy rate is 0.81. The
Lasso has an AU-ROC value of 0.77, and the accuracy
rate is 0.77. LR obtains the lowest AUC value of 0.76,
and the accuracy rate is 0.75. The best performance of
Sensitivity is the model SVM, which is suitable for the
predictive model for post-operative admission to ICU in
patients with PDAC. The model SVM, Lasso, and LR’s
Sensitivity reached over 0.80, and the specificity rate is
over 0.60. SVM performed best in FP Rate and
Precision.
Feature importance was calculated by the sum of the

decrease in error when split by a variable, reflecting each
variable’s contribution to ICU admissions. The import-
ant features of the predictive model for post-operative
admission to ICU, as were shown in effect sizes, were
calculated, as shown in Fig. 2c. The features, such as
age, duration of operation, monocyte, O2 (intra-opera-
tive), and pre-operative mean hemoglobin concentration
et al., are risk factors. The protective factors include
RBC, analgesic pump DEX, intra-operative DEX, crystal
weight, and pre-operative blood gas Cl et al. (Fig. 2c and
Supplementary Figure 1).

Predictive model for post-operative evaluation of ICU
hours and intra-operative bleeding volume
The basophil percentage was the most important risk
variable for post-operative evaluation of ICU hours,
followed by the duration of the operation and total

infusion volume. The protective factors include analgesic
pump DEX, HCO3, and lymphocyte percentage et al.
The higher feature value of direct bilirubin before sur-
gery, CA125, and actual remaining base increased prob-
ability of intra-operative bleeding volume, and pre-
operative total bilirubin, Sex. Female and pre-operative
albumin decreased bleeding volume probability (Fig. 3).

Predictive model for evaluation of in-hospital duration
and discharge costs
The risk factors for post-operative evaluation of in-
hospital duration were age, pre-operation urine output,
and operation duration. The protective factors were Pre-
operative lymphocyte absolute value, Pre-operative mean
platelet volume, and SBE. The operation duration was
the most important risk variable for discharge costs,
followed by peri-operative urine output, age, and total
infusion volume. The protective factors for discharge
costs include lymphocyte percentage, pre-operative
lymphocyte absolute value, and midazolam (Fig. 4).

Discussion
In our study, we compared and developed machine
learning models to predict ICU admission, bleeding vol-
ume, in-hospital duration, and discharge costs by col-
lecting 1242 patients with PDAC surgery and recording
120 pre-operative, intra-operativ and post-operative vari-
ables. Logistic regression is a generalized linear model
that converts nonlinear factors through the sigmoid
function to handle classification problems well. Yihe Wu
et al. used logistic regression to analyze risk factors sig-
nificantly associated with postoperative pulmonary com-
plications (PPCs) in patients undergoing minimally
invasive lobectomy [21]. The results showed that both
restrictive and liberal intraoperative fluid administration
were related to adverse effects on postoperative out-
comes. Lasso is a linear regression method using L1
regularization, which will make some of the learned fea-
ture weights zero, to achieve sparseness and feature se-
lection. Tadahiro Goto et al. applied regularization
methods such as lasso and ridge to predict the dispos-
ition of asthma and COPD exacerbations in the ED to
avoid overfitting when machine learning predicts com-
plex relationships [22]. The learning algorithm of SVM
is the optimal algorithm for solving convex quadratic
programming. Abeg Kumar Jaiswal et al. were based on
the SVM classification algorithm for automatic EEG
seizure detection, which had obtained good prediction
results and revealed the application potential of SVM in
other prediction fields [23]. In our ICU admission pre-
diction test, the SVM model achieved higher perform-
ance than other models, resulted in an AU-ROC of 0.80.
Feras Hawari et al.’s study identified smoking status

and having received chemotherapy were potentially

Zhang et al. BMC Cancer         (2020) 20:1161 Page 4 of 12



Table 1 Baseline characteristics of included CRT patients

Total (n = 596) Responder (n = 268) Non-responder (n = 328) P value

Demographic characteristics

Age 61.67 ± 11.73 62.89 ± 11.04 60.67 ± 12.19 0.02

Male 431 (72.32%) 175 (65.30%) 256 (78.05%) < 0.01

Past medical history

Ischemic etiology 54 (9.06%) 16 (5.97%) 38 (11.59%) 0.03

Hypertension 241 (40.44%) 118 (44.03%) 123 (37.50%) 0.13

Diabetes mellitus 110 (18.46%) 55 (20.52%) 55 (16.77%) 0.29

Atrial fibrillation 121 (20.30%) 47 (17.54%) 74 (22.56%) 0.16

Prior CIED implantation 46 (7.72%) 16 (5.97%) 30 (9.15%) 0.20

History of SCD 67 (11.24%) 24 (8.96%) 43 (13.11%) 0.14

History of PCI 41 (6.88%) 10 (3.73%) 31 (9.45%) < 0.01

History of CABG 6 (1.01%) 0 (0.00%) 6 (1.83%) 0.04

Clinical status

NYHA class 2.80 ± 0.67 2.75 ± 0.66 2.84 ± 0.68 0.11

Weight (kg) 66.32 ± 12.22 65.78 ± 12.11 66.78 ± 12.31 0.36

SBP (mmHg) 117.40 ± 18.28 119.93 ± 19.38 115.31 ± 17.07 < 0.01

DBP (mmHg) 73.81 ± 10.37 74.35 ± 10.59 73.36 ± 10.17 0.25

Biochemical tests

Hemoglobin (g/L) 133.46 ± 17.22 132.91 ± 16.96 133.92 ± 17.44 0.48

Lymphocytes (%) 27.19 ± 9.43 28.05 ± 9.50 26.48 ± 9.33 0.04

RDW-CV (%) 13.82 ± 2.51 13.59 ± 3.14 14.00 ± 1.82 0.06

RDW-SD (fL) 46.48 ± 17.40 44.76 ± 4.94 47.88 ± 22.95 0.02

Total bilirubin (μmol/L) 16.42 ± 10.62 14.82 ± 9.58 17.73 ± 11.25 < 0.01

Combined bilirubin (μmol/L) 7.18 ± 6.73 6.17 ± 6.03 8.01 ± 7.16 < 0.01

Albumin (g/L) 40.40 ± 5.02 40.91 ± 5.45 39.97 ± 4.59 0.03

Alanine transaminase (U/L) 28.43 ± 34.30 24.61 ± 18.52 31.58 ± 42.94 < 0.01

Aspartate transaminase (U/L) 26.97 ± 23.23 23.91 ± 11.60 29.49 ± 29.34 < 0.01

Blood urea nitrogen (mmol/L) 7.79 ± 3.61 7.50 ± 3.49 8.02 ± 3.70 0.05

Serum creatinine (μmol/L) 93.48 ± 33.25 90.76 ± 30.98 95.74 ± 34.90 0.07

eGFR (ml/min/1.73 m2) 74.82 ± 24.36 75.21 ± 22.38 74.50 ± 25.92 0.72

Serum uric acid (μmol/L) 447.64 ± 133.83 427.14 ± 126.73 464.59 ± 137.33 < 0.01

Fasting glucose (mmol/L) 5.87 ± 2.07 6.01 ± 2.28 5.75 ± 1.87 0.14

Total cholesterol (mmol/L) 4.13 ± 1.00 4.14 ± 1.00 4.13 ± 1.00 0.91

Sodium (mmol/L) 140.30 ± 3.97 140.72 ± 3.95 139.96 ± 3.95 0.02

Creatine kinase (U/L) 84.18 ± 88.84 80.40 ± 59.78 87.34 ± 107.25 0.34

Creatine kinase-MB (U/L) 12.43 ± 4.97 12.33 ± 4.51 12.50 ± 5.33 0.68

C-reactive protein (mg/L) 8.19 ± 16.46 7.19 ± 15.84 8.91 ± 16.90 0.27

Hemoglobin A1c (%) 6.34 ± 1.13 6.36 ± 1.22 6.32 ± 1.05 0.71

cTnT (ng/ml) 0.06 ± 0.14 0.06 ± 0.15 0.06 ± 0.12 0.60

NT-proBNP (pg/ml) 3867.71 ± 4795.63 3049.77 ± 3734.94 4521.55 ± 5415.93 < 0.01

Free triiodothyronine (pmol/L) 4.09 ± 0.83 4.17 ± 0.78 4.02 ± 0.86 0.04

Free thyroxine (pmol/L) 17.97 ± 3.48 17.46 ± 3.17 18.40 ± 3.67 < 0.01

TSH (uIU/ml) 3.62 ± 5.44 3.12 ± 3.22 4.03 ± 6.72 0.04
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modifiable risk factors for ICU admission of patients
with cancer [24]. 50% of ICU admissions were due to
sepsis and respiratory failure, some of which were
cancer-specific [25, 26]. Another study reported that the
role of key physiologic variables in predicting ICU ad-
missions. For example, Hampshire et al. showed that
tachypnea and hypotension were associated with in-
creased hospital mortality [27]. Williams et al.’s study

showed that factors such as age, duration of operation,
and various complications could determine admission to
an ICU [28]. The result is the same as our study. Be-
sides, we also found other factors such as PaO2 level,
monocyte count, and DEX that affect ICU admissions.
The PaO2 value of the radial artery was monitored as

routine in our study. As patients intake pure oxygen (in-
spired oxygen of 100%) in operation, the normal PaO2/

Table 1 Baseline characteristics of included CRT patients (Continued)

Total (n = 596) Responder (n = 268) Non-responder (n = 328) P value

Electrocardiographic parameters

Atrial fibrillation 109 (18.29%) 43 (16.04%) 66 (20.12%) 0.24

QRS morphology < 0.01

LBBB 391 (65.60%) 213 (79.48%) 178 (54.27%)

RBBB 40 (6.71%) 5 (1.87%) 35 (10.67%)

IVCD 133 (22.32%) 38 (14.18%) 95 (28.96%)

Paced 30 (5.03%) 11 (4.10%) 19 (5.79%)

QRS duration (ms) 163.95 ± 23.94 166.17 ± 21.66 162.14 ± 25.54 0.04

RR interval (ms) 847.10 ± 202.88 826.47 ± 189.64 863.88 ± 211.84 0.02

Corrected QT interval (ms) 488.54 ± 46.90 495.35 ± 47.49 483.00 ± 45.75 < 0.01

Echocardiographic parameters

LAD (mm) 49.54 ± 8.42 47.09 ± 7.84 51.53 ± 8.37 < 0.01

LVEDD (mm) 69.37 ± 10.01 67.40 ± 8.61 70.99 ± 10.76 < 0.01

LVESD (mm) 58.36 ± 10.17 55.96 ± 9.25 60.32 ± 10.48 < 0.01

IVS (mm) 9.33 ± 2.01 9.33 ± 1.85 9.32 ± 2.14 0.95

LVPW (mm) 9.30 ± 1.68 9.33 ± 1.62 9.28 ± 1.73 0.72

PAP (mmHg) 42.51 ± 15.34 39.95 ± 13.30 44.58 ± 16.54 < 0.01

LVEF (%) 31.51 ± 7.25 31.22 ± 6.68 31.75 ± 7.68 0.37

MR 2.50 ± 0.93 2.38 ± 0.96 2.61 ± 0.89 < 0.01

TR 1.69 ± 0.96 1.56 ± 0.87 1.80 ± 1.03 < 0.01

Medication at discharge

Diuretics 525 (88.09%) 230 (85.82%) 295 (89.94%) 0.16

ACEI 354 (59.40%) 158 (58.96%) 196 (59.76%) 0.91

ARB 176 (29.53%) 86 (32.09%) 90 (27.44%) 0.18

ARNI 2 (0.34%) 1 (0.37%) 1 (0.30%) 1.00

β-blocker 530 (88.93%) 240 (89.55%) 290 (88.41%) 0.76

Spironolactone 536 (89.93%) 245 (91.42%) 291 (88.72%) 0.34

Ivabradine 99 (16.61%) 50 (18.66%) 49 (14.94%) 0.27

Digoxin 153 (25.67%) 53 (19.78%) 100 (30.49%) < 0.01

Amiodarone 103 (17.28%) 27 (10.07%) 76 (23.17%) < 0.01

Statin 155 (26.01%) 70 (26.12%) 85 (25.91%) 1.00

Warfarin 77 (12.92%) 30 (11.19%) 47 (14.33%) 0.31

ACEI angiotensin converting enzyme inhibitor, ARB angiotensin II receptor blocker, ARNI angiotensin receptor-neprilysin inhibitor, CABG coronary artery bypass
grafting, CIED cardiac implantable electronic device, cTnT cardiac troponin T, DBP diastolic blood pressure, eGFR estimated glomerular filtration rate, IVCD non-
specific interventricular conduction delay, IVS interventricular septum thickness, LAD left atrial diameter, LBBB left bundle branch block, LVEDD left ventricular end-
diastolic diameter, LVEF left ventricular ejection fraction, LVESD left ventricular end-systolic diameter, LVPW left ventricular posterior wall thickness, MR mitral
regurgitation, NT-proBNP N-terminal prohormone of brain natriuretic peptide, PCI percutaneous coronary intervention, RBBB right bundle branch block, RDW-CV
red blood cell distribution width (RDW) -coefficient of variation, RDW-SD RDW-standard deviation, SBP systolic blood pressure, TR tricuspid regurgitation, TSH
thyroid stimulating hormone
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FiO2 values are usually above 300 mmHg, according to
ALI and ARDS diagnosis guidelines [29]. However, in
our study, we found that intra-operative PaO2 was a risk

factor to enhancing the post-operative ICU admission
incidence rate. There have been reports of direct and in-
direct adverse effects of oxygen in the perioperative
period [30].
Studies have shown that a higher death rate was ob-

served in the high-flow oxygen group than the titrated
oxygen group in COPD patients [31]. The same situation
reported that intake of 100% oxygen after 15 min of
cerebral ischemia for 3 to 6 h significantly increased the
14-day mortality to three-fold compared to the air intake
group [32].
Meanwhil, intaking high-flow oxygen to the post-

operative patient, especially high-risk patients, will not pre-
vent reintubation or extubation of respiratory failure [33].
Studies also indicated that hyperoxia could cause acute lung

Fig. 2 Evaluation of the predictive models. a The average ROC curves from of three models in the validation sets. b The average PR curves,
indicating the tradeoff between precision and recall. c The histogram describes the importance features of the predictive model for post-
operative admission to ICU

Table 2 Confusion matrices of post-operative evaluation-ICU

Model Actual Predictive

Negative Positive

SVM Negative 31 4

Positive 21 76

Lasso Negative 33 12

Positive 19 68

LR Negative 34 15

Positive 18 65
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injury and impairment of lung function [34, 35], which was
considered an independent factor associated with in-
hospital mortality [36]. Mechanisms of hypoxia-induced in-
jury mainly induced oxidative stress, which may activate
necroptosis. Hypoxia can cause an imbalance of non-
inflammatory factors and anti-inflammatory factors in the
lungs through various ways, resulting in the release of in-
flammatory factors in the lungs and causing damage; it can
affect the initiation of NF-kb in macrophages and aggravate
the initiation of the inflammatory response; in addition,
hypoxia can cause increased production of ROS induced
lung damage. Combined with the ‘duration of operation’,

the PaO2 increase the rick to ICU admission is easy to
understand. In our study, it is worth noted that the PaO2 in
the PDAC operation should be controlled at a relatively
lower level to guarantee a lower ICU admission incidence
rate. These findings suggest that the high flow of oxygen or
high PaO2 status during surgery is not beneficial to patients,
but rather impaired lung function, especially in patients
with pre-operative pulmonary insufficiency, such as COPD,
increasing the likelihood of failure post-operative extuba-
tion and increased the risk to ICU. Therefore a more well-
designed clinical trial should be performed to validate the
hypothesis.

Table 3 Performance summary of post-operative evaluation-ICU

Models AUC 95%CI sensitivity
(recall)

specificity accuracy log-
loss

FP
rate

precision AP F1

Lower bound Upper bound

SVM 0.80 0.71 0.88 0.95 0.60 0.81 0.53 0.4 0.78 0.8 0.86

Lasso 0.77 0.68 0.86 0.85 0.63 0.77 0.56 0.37 0.78 0.81 0.81

LR 0.76 0.67 0.85 0.81 0.65 0.75 0.56 0.35 0.69 0.78 0.75

Fig. 3 a The importance features of the predictive model for post-operative evaluation of ICU hours. b The importance features of the predictive
model for intra-operative bleeding volume
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Monocyte is a risk factor in predicting ICU admissions.
There have also been some previous studies on the
relationship between monocyte and PDAC, suggesting
that high monocyte in pancreatic cancer patients is usually
suggestive of shorter survival and poor prognosis [37–39],
which can serve as in independent factor to predict the
survival of pancreatic cancer with resection [37]. In
particular, monocytes appear to play an important role in
determining patient outcomes following surgery [40].
Although the prognosis and survival of PDAC patients
were not addressed in this part of our study, monocytes
play an important role in tumor proliferation and metasta-
sis. They are also associated with tumor-induced systemic
inflammatory responses. We hypothesized that an increase
in monocytes predicted that the whole body was already
undergoing an inflammatory response. After undergoing
greater surgical stimulation, the inflammatory response’s
exacerbation caused damage to vital organs such as the
heart, lungs, and brain. However, the characterization of
the early post-operative immune response in ICU patients

with a causal link to later post-operative infections lacks
from the current literature.
Dexmedetomidine is a highly selective α2-adrenergic

receptor agonist, providing sedative and analgesic effects
without respiratory depression. Studies found that DEX
could inhibit the inflammatory response. In human stud-
ies, Dex could reduce the release of serum inflammatory
markers CRP, TNF-α, IL-6, and IL-1β, which indicated a
strong effect on anti-inflammatory reaction [41]. Further
studies confirm that dextromethorphan may provide
lung protection through various pathways, such as at-
tenuating pulmonary ischemia-reperfusion injury
through the PI3K/Akt/HIF-1α signaling pathway [42],
protecting lung tissue by modulating immune responses
[43], and also providing pulmonary protection from
hyperoxia induced lung injury by attenuated the ROS [44].
In clinical, DEX is a popular medicine used for sedation in
the ICU. DEX can provide safe and effective sedation, fa-
cilitate extubation, and reduce delirium, atrial fibrillation,
and renal and myocardial injury [45]. DEX was necessary

Fig. 4 a The importance features of the predictive model evaluation of in-hospital duration. b The importance features of the predictive model
for discharge costs
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to prevent post-operative complications from pre-
admission interventions for older cardiac surgery patients
[46]. In our study, the feature of analgesic pump DEX and
intra-operative DEX are protective factors for ICU admis-
sions, probably due to the anti-inflammatory effect, which
against the high monocyte and protective effect against
the high PaO2 induced injury.
ICU length of stay (LOS) is a frequent measure of ICU

resource use and performance. Predictions of ICU LOS
are routinely used as the means of resource allocation.
However, the accuracy of ICU LOS predictions made by
clinicians has been poorly evaluated. Studies reported
that variables, such as post-operative monitoring, systolic
arterial pressure, creatinine level, invasive mechanical
ventilation, and active infection et al., were associated
with ICU LOS [47–50]. In the ICU time-length study,
Huang performed two types of analyses, in which a single-
factor correlation analysis found a large number of
changes in the blood cell indexes of hospitalized patients
in relation to their in-hospital mortality, both mentioning
the ratio of monocytes to basophils; in the multifactorial
regression, basophils, leukocytes, MCHC were independ-
ent factors associated with in-hospital mortality [51]. After
analyzing the data through artificial intelligence and deep
learning, Our results only suggested that basophil percent-
age was a potential risk variable for post-operative evalu-
ation of ICU LOS, as an independent fast associated with
the in-hospital mortality.
In addition, we analyzed the characteristics of the poten-

tial factors of intra-operative bleeding volume and in-
hospital duration. We found that the in-hospital duration
was related to pre-operative urine volume, lymphocyte ab-
solute value. The bilirubin, CA125, and pre-operative al-
bumin were associated with bleeding volume, which were
rarely reported in previous studies. The location of the
pancreatic tumor often determines its clinical presenta-
tion, such as direct bilirubin. Direct bilirubin elevation in
our study can increase in intraoperative bleeding, most
likely related to tumor oppression, resulting in increased
bleeding due to increased surgical difficulty. However,
more research is needed to explain the increase in surgical
bleeding caused by Ca125 and the findings that preopera-
tive total bilirubin can reduce surgical bleeding.
In our study, age, operative time, PaO2, and monocyte

were found to be risk factors for increased ICU entry in
the model predicting ICU stay; in the model predicting
ICU stay, basophils percentage, duration of operation,
total infusion volume were found to be risk factors for
increased ICU stay; in the model predicting ICU stay,
age, operative urine volume, and direct preoperative bili-
rubin were found to be risk factors for increased ICU
stay; in the model predicting operative expense sum-
mary, we found operative time, urine volume, age, and
total infusion to be major risk factors.

Within this range of predictive models and factors, ex-
cept for age as the recognized risk factor, other factors
and models directly still have some potential linkage.
For example, the “direct bilirubin before surgery” re-
sponse is the degree of obstruction of the biliary tract
system by the pancreatic tumor, which directly affects
the difficulty of surgery and causes the increase in the
operating time, increasing the probability of entering the
ICU, the length of stay in the ICU and the medical ex-
penses. And the prolonged duration of the operation
also caused an increase in intraoperative urine volume
and total infusion volume, which has to be reflected in
other predictive models. Besides, the prolonged duration
of surgery increases the time to high PaO2, causing
damage to vital organs and increasing the risk of patients
entering the ICU.
There are no standard criteria for admission to the

ICU in different regions and hospitals. In our study, the
criteria for admission to the ICU were based on the clin-
ical experience of the current hospital, in addition to the
criteria of the surgeon and anesthesiologist. The high-
risk factors identified in our predictive models, in
addition to alerting and assisting surgeons and anesthe-
siologists in clinical decisions, can also serve to provide
data support for future ICU admission criteria for pan-
creatic cancer patients in the future. The ultimate goal is
to provide effective advice and standards for access to
the ICU and rationalize medical resources allocation
through the continuous expansion of data volume and
the enrichment of clinical disease types, which was the
purpose of Nates’ study, published in 2016 in the journal
Critical Care Medicine [16].
For patients with PDAC, survival, morbidity, and se-

quelae are significant and necessary outcome indicators.
Since many patients in our database were operated on
from 2018 to 2019, the best observation period of long-
term results (such as a 3-year survival period) has not yet
been reached, so it has not been analyzed in this study.
Patients’ outcome is also of great concern and interest to
us, and we will further analyze it in the follow-up study.

Conclusions
In conclusion, we developed a machine learning model
to predict ICU admission in this study. There are essen-
tial values for reducing patients’ financial burden and
provides new clinical insights for improving peri-
operative management of PDAC patients.
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