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A new in-hospital mortality prediction nomogram for 
intensive care unit patients with acute pancreatitis

Sheng Huang1, Jiawei Ma2,3, Huishui Dai4, Liang Luo2

A b s t r a c t

Introduction: Acute pancreatitis (AP) is a  prevalent inflammatory disease 
that can lead to severe abdominal pain and multiple organ failure, potential-
ly resulting in pancreatic necrosis and persistent dysfunction. A nomogram 
prediction model was developed to accurately evaluate the prognosis and 
provide therapy guidance to AP patients.
Material and methods: Retrospective data extraction was performed using 
MIMIC-IV, an open-source clinical database, to obtain 1344 AP patient re-
cords, of which the primary dataset included 1030 patients after the remov-
al of repeated hospitalizations. The prediction of in-hospital mortality (IHM) 
used the least absolute shrinkage and selection operator (LASSO) regression 
model to optimize feature selection. A multivariate logistic regression analy-
sis was used to build a prediction model incorporating the selected features, 
and the C-index, calibration plot, and decision curve analysis (DCA) were 
utilized to evaluate the discrimination, calibration, and clinical applicability 
of the prediction model.
Results: The nomogram utilized a  combination of indicators, including the 
SAPS II score, RDW, MBP, RR, PTT, and fluid-electrolyte disorders. Impressively, 
the model exhibited a  satisfactory diagnostic performance, with area un-
der the curve values of 0.892 and 0.856 for the training cohort and internal 
validation, respectively. Moreover, the calibration plots and the Hosmer-Le-
meshow goodness-of-fit (HL) test revealed a strong correlation between the 
predicted and actual outcomes (p = 0.73), further confirming the reliability of 
our model. Notably, the results of the decision curve analysis (DCA) highlight-
ed the superiority of our model over previously described scoring methods 
in terms of net clinical benefit, solidifying its value in clinical applications.
Conclusions: Our novel nomogram is a simple tool for accurately predicting 
IHM in ICU patients with AP. Treatment methods that enhance the factors 
involved in the model may contribute to increased in-hospital survival for 
these ICU patients.

Key words: acute pancreatitis, in-hospital mortality, prediction model, 
nomogram, Medical Information Mart for Intensive Care IV (MIMIC-IV).

Introduction

A prevalent inflammatory disease of the exocrine pancreas is known 
as acute pancreatitis (AP), which can lead to severe abdominal pain and 
multiple organ failure, which may cause pancreatic necrosis and per-
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sistent organ dysfunction [1, 2]. Overall, there are 
34 cases per 100,000 people worldwide annually 
[1]. Although studies show that the incidence rate 
in Asia is now more stable, the incidence rate is 
rising globally [3, 4]. The course of AP is typically 
self-limited; approximately 20% of patients prog-
ress to develop severe AP (SAP), accompanied by 
failures of the kidney, liver, lung, and other vital 
organs, with a 30% death rate [5]. In addition to 
affecting patients’ prognoses, the incidence of SAP 
increases nursing costs [3, 6].

AP mortality and long-term sequelae are still 
severe even though the overall mortality rate 
has declined due to improved care for critically 
ill patients and precise and timely diagnosis, [3, 
7]. It holds immense significance for clinicians to 
promptly and accurately assess the condition and 
prognosis of patients with AP. This enables them 
to provide more effective care and support.

The prognosis of AP has been assessed in the 
past few years using scoring systems, comprising 
acute physiology and chronic health evaluation 
scoring system II (APACHE II) and BISAP scores, 
as well as laboratory indicators, comprising glu-
cose/lymphocyte ratios [8]. Nevertheless, a single 
laboratory index’s ability to predict performance 
may be affected by its accuracy fluctuations. In 
addition, although approximately 10 variables are 
involved, APACHE-II and BISAP scores need to be 
dynamically recorded, and their application in ear-
ly forecasts is restricted. Thus, it is necessary to 
develop a  high-accuracy predictive model when 
evaluating AP prognosis [9, 10].

Given the limitations of the current prediction 
models, a  simple and accurate prediction tool is 
urgently required for predicting in-hospital mor-
tality (IHM) in AP patients. Therefore, we collect-
ed demographic information, clinical factors, and 
laboratory data from the MIMIC-IV database, 
screened out the risk factors using LASSO regres-
sion for IHM, and developed a  nomogram mod-
el for predicting the IHM of AP patients to better 
guide the clinic.

Material and methods

Data sources

Massachusetts Institute of Technology (MIT) 
Computational Physiology Laboratory developed 
the Medical Information Mart for Intensive Care-IV  
(MIMIC-IV version 1.0) database, an upgraded 
version of MIMIC-III with prior institutional review 
board approval. This public and freely accessible 
database was searched for the extraction of all 
information. The National Institutes of Health 
(NIH) provided us with access for retrieving the  
MIMIC-IV database when we completed a  web 
course (certification number 33919478). Uti-

lizing structure query language (SQL) with  
pgAdmin4 PostgreSQL 9.6, data extraction from 
the MIMIC-IV database was performed.

Study population

From the MIMIC-IV database, SQL with Post-
greSQL (version 9.6 University of California, Berke-
ley) was utilized for the extraction of data linked 
to the unique HADM_ID of each patient. We ob-
tained 1344 AP patients using the International 
Classification of Diseases 9th Edition (ICD-9) code 
5770. We only kept data on the patients’ initial 
ICU admission for those patients who had multiple 
admissions. The exclusion criteria for the patients 
were age < 18 years and lack of clinical records. Fi-
nally, 1030 patients were enrolled in this research.

Data collection and outcomes

The MIMIC IV was searched to extract ICU pa-
tients’ baseline characteristics, comprising de-
mographic information (sex, age, ethnicity, etc.), 
vital signs (temperature, heart rate (HR), respira-
tory rate (RR), and mean blood pressure (MBP)), 
laboratory test indicators (oxygen saturation 
(SpO2), red cell volume distribution width (RDW), 
international normalized ratio (INR), glucose, pro-
thrombin time (PT), haematocrit, haemoglobin, 
total bilirubin (TBIL), platelets (PLT), alkaline phos-
phatase (ALP), aspartate aminotransferase (AST), 
white blood cells (WBC), alanine aminotransferase 
(ALT), creatinine, blood urea nitrogen (BUN), etc.), 
fluid balance (sodium, phosphate, calcium, anion 
gap, potassium, etc.), medical history (congestive 
heart failure (CHF), liver disease, malignant can-
cer, chronic pulmonary disease, etc.), and relevant 
scores (Bedside Index of Severity in Acute Pancre-
atitis (BISAP), Simplified Acute Physiology Score II 
(SAPS II), etc.). Furthermore, the extraction of the 
application of vasopressors, mechanical ventila-
tion, and renal replacement therapy was done. 

The outcome in this cohort was the IHM of AP 
patients. The duration of the follow-up was the 
full hospital stay. In the event of a patient’s death 
during hospitalization, follow-up was terminat-
ed. The study included 1030 patients in total for 
analysis. Among them, 138 died while they were 
hospitalized.

Statistical analysis

Statistical analysis was conducted employing 
R version 4.2.1 (R Foundation for Statistical Com-
puting) and SPSS Statistics26.0 for Windows. Vari-
ables with missing values of more than 15% were 
eliminated, and the expectation-maximization al-
gorithm was used to replace variables with miss-
ing values of less than 15%. The Mann-Whitney 
U test and the c2 test were conducted for bivari-
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ate analysis for continuous and ordinal distributed 
variables, respectively. The 1030 patients with AP 
were randomly divided using the R caret pack-
age into two sets: a  training set comprising 734 
patients and a validation set comprising 296 pa-
tients for external validation. This was done in ac-
cordance with the theoretical 7 : 3 ratio. To screen 
predictors of IHM, the least absolute shrinkage 
and selection operator (LASSO) expression was 
utilized [11]. For the cross-validation outcomes, 
we chose lambda.1se to investigate the final can-
didate variables.

Using the area under the receiver operating 
characteristic (AUROC) curve, the discrimination 
was quantified. The unreliability U  test was uti-
lized for evaluating the calibration curve. For 
generating the nomogram and calibration curve, 
the ‘rms’ package was utilized. In the validation 
data set, by quantifying the net benefits at dis-
tinct threshold probabilities, decision curve anal-
ysis (DCA) was carried out to investigate the no-
mogram’s clinical usefulness. All statistical tests 
were two-sided, and p-values < 0.05 determined 
the significance level.

Results

Baseline characteristics of the patients

We included 1030 patients with AP in this re-
search after applying the inclusion and exclusion 
criteria to the data set (Figure 1). Table I lists the 
participants’ clinical and demographic character-
istics.

Characteristics selection and development 
of a nomogram

In this study, the development group was sub-
jected to LASSO regression. The gradual reduction 
in the model’s variables was observed with the 
change in the penalty coefficient λ. The model’s 
optimal value was finally selected to be the 10-
fold cross-validation error, which was chosen as 
the minimum λ+1 (lambda.1se = 0.03993078) 
(Figures 2 A, B). Moreover, we obtained 5 vari-
ables: SAPS II, RDW, MBP, RR, and PTT. We devel-
oped a nomogram for predicting IHM in ICU pa-
tients with AP using this model (Figure 3 A). For 
instance, utilizing the nomogram model, a  male 
AP patient, with a SAPSII of 23, an RDW of 14, an 

Patients diagnosis with acute pancreatitis  
from MIMIC-IV(v1.0) (n = 1344) 

Modeling

Model establishment

Model validation 

Results 
The nomogram risk 

Model is well established and useful 

Conclusions 
Introducing SAPS II, RDW, MBP, RR, and PTT,  

the risk nomogram is useful for predict in-hospital 
mortality in ICU patients with acute pancreatitis

Receiver Operating  
Characteristic (ROC)

Calibration plot  
Hosmer-Lemeshow

Decision Curve  
Analysis (DCA) 

1030 suitable cases entered the study 

Training set  
N = 734 

Validation set  
N = 296 

Exclude 314 cases admitted to the ICU more 
than once

Figure 1. Flow diagram of study design

Nomogram

Lasso regression 
Family=”binomial” Type.

measure=deviance 
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Table I. Demographic and clinical characteristics of patients

Variable Total (n = 1030) Survival (n = 892) Death (n = 138) P-value

Gender (%): 0.278

Female 434 (42.1) 370 (41.5) 64 (46.4)

Male 596 (57.9) 522 (58.5) 74 (53.6)

Age (median [IQR]) 60.00 [47.00, 73.00] 58.00 [46.00, 72.00] 70.00 [58.00, 81.00] < 0.001

Race (%): 0.03

White 652 (63.3) 565 (63.3) 87 (63.0)

Black 111 (10.8) 104 (11.7) 7 (5.1)

Others 267 (25.9) 223 (25.0) 44 (31.9)

Weight (median [IQR]) 82.00 [70.00, 98.00] 82.00 [70.00, 98.00] 81.00 [68.25, 95.50] 0.523

SAPSII (median [IQR]) 34.00 [24.00, 45.00] 32.00 [22.00, 42.00] 54.50 [43.25, 65.00] < 0.001

BISAP (median [IQR]) 2.00 [2.00, 3.00] 2.00 [2.00, 3.00] 3.00 [3.00, 4.00] < 0.001

GSC (median [IQR]) 14.00 [11.00, 15.00] 14.00 [12.00, 15.00] 11.00 [7.00, 14.75] < 0.001

SIRS (median [IQR]) 3.00 [2.00, 3.00] 3.00 [2.00, 3.00] 3.00 [3.00, 4.00] < 0.001

Myocardial infarct (%) 114 (11.1) 86 (9.6) 28 (20.3) < 0.001

CHF (%) 207 (20.1) 161 (18.0) 46 (33.3) < 0.001

Cerebrovascular disease (%) 63 (6.1) 51 (5.7) 12 (8.7) 0.174

Dementia (%) 34 (3.3) 30 (3.4) 4 (2.9) 0.776

Chronic pulmonary disease (%) 224 (21.7) 191 (21.4) 33 (23.9) 0.508

Rheumatic disease (%) 36 (3.5) 30 (3.4) 6 (4.3) 0.558

Peptic ulcer disease (%) 50 (4.9) 37 (4.1) 13 (9.4) 0.007

Diabetes (%) 322 (31.3) 280 (31.4) 42 (30.4) 0.822

Paraplegia (%) 13 (1.3) 12 (1.3) 1 (0.7) 0.543

Renal disease (%) 194 (18.8) 155 (17.4) 39 (28.3) 0.002

Malignant cancer (%) 80 (7.8) 57 (6.4) 23 (16.7) < 0.001

liver disease (%) 290 (28.2) 237 (26.6) 53 (38.4) 0.004

Obesity (%) 125 (12.1) 110 (12.3) 15 (10.9) 0.624

AKI (%) 195 (18.9) 160 (17.9) 35 (25.4) 0.038

Haematocrit (median [IQR]) 33.00 [29.00, 37.00] 33.00 [29.00, 37.25] 30.50 [26.00, 36.00] < 0.001

Haemoglobin (median [IQR]) 11.00 [9.00, 12.00] 11.00 [10.00, 13.00] 10.00 [8.25, 12.00] < 0.001

Platelets (median [IQR]) 191.00 [131.25, 273.00] 192.00 [136.00, 273.00] 175.00 [104.25, 267.00] 0.055

WBC (median [IQR]) 12.20 [8.43, 17.60] 11.80 [8.40, 16.83] 15.20 [10.53, 20.38] < 0.001

RDW (median [IQR]) 15.00 [14.00, 16.00] 15.00 [14.00, 16.00] 16.00 [15.00, 18.00] < 0.001

Calcium (median [IQR]) 8.10 [7.60, 8.60] 8.10 [7.60, 8.60] 7.90 [7.40, 8.40] 0.006

INR (median [IQR]) 1.30 [1.20, 1.60] 1.30 [1.20, 1.50] 1.60 [1.30, 2.10] < 0.001

PPT (median [IQR]) 32.00 [27.00, 37.00] 31.00 [27.00, 36.00] 37.50 [30.00, 51.75] < 0.001

PT (median [IQR]) 14.00 [13.00, 17.00] 14.00 [13.00, 16.00] 17.00 [14.00, 21.75] < 0.001

ALT (median [IQR]) 51.00 [23.00, 167.75] 54.00 [23.00, 162.50] 47.00 [23.00, 188.25] 0.847

ALP (median [IQR]) 107.50 [71.00, 176.75] 106.00 [70.75, 175.00] 116.50 [71.25, 187.75] 0.635

AST (median [IQR]) 71.50 [32.00, 188.50] 68.50 [31.00, 178.25] 103.50 [40.25, 300.75] 0.002

Bilirubin (median [IQR]) 1.10 [0.50, 2.70] 1.00 [0.50, 2.60] 1.40 [0.70, 4.60] < 0.001

Chloride (median [IQR]) 104.00 [100.00, 108.00] 104.00 [100.00, 108.00] 104.75 [99.50, 108.50] 0.566

Bicarbonate (median [IQR]) 22.00 [18.50, 25.00] 22.50 [19.38, 25.00] 19.00 [16.00, 22.00] < 0.001

Sodium (median [IQR]) 138.00 [136.00, 141.00] 138.00 [136.00, 141.00] 138.50 [134.25, 142.00] 0.83

Creatinine (median [IQR]) 1.10 [0.70, 1.80] 1.00 [0.70, 1.63] 1.80 [1.20, 3.08] < 0.001

Potassium (median [IQR]) 4.10 [3.70, 4.50] 4.10 [3.70, 4.50] 4.40 [4.00, 5.00] < 0.001

Anion gap (median [IQR]) 15.00 [13.00, 18.00] 15.00 [13.00, 18.00] 18.00 [15.00, 22.00] < 0.001

Glucose (median [IQR]) 130.00 [106.00, 168.00] 127.00 [104.00, 164.00] 143.00 [115.25, 178.00] 0.003
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Variable Total (n = 1030) Survival (n = 892) Death (n = 138) P-value

SBP (median [IQR]) 119.50 [108.00, 134.00] 121.00 [110.00, 135.00] 107.00 [100.00, 117.00] < 0.001

HR (median [IQR]) 93.00 [80.00, 107.00] 93.00 [79.00, 106.00] 95.00 [85.00, 110.75] 0.036

DBP (median [IQR]) 67.00 [58.00, 76.00] 68.00 [60.00, 77.00] 57.00 [51.25, 67.00] < 0.001

MBP (median [IQR]) 80.00 [72.00, 90.00] 81.00 [73.00, 91.00] 71.00 [66.00, 80.00] < 0.001

RR (median [IQR]) 20.00 [17.00, 24.00] 20.00 [17.00, 23.00] 22.00 [20.00, 25.00] < 0.001

Table I. Cont.

MBP of 88 mm Hg, an RR of 22/min, and a PTT of 
33 s, had an estimated IHM of 0.85% (Figure 3 B).

Performance of the nomogram model 

We first employed AUROC (Figure 4 A) to assess 
the nomogram’s predictive performance, and in 
the training set, we discovered that the AUROC 
of our nomogram was higher in contrast with 
SAPS II (0.892 vs. 0.837), RDW (0.892 vs. 0.712), 
MBP (0.892 vs. 0.749), RR (0.892 vs. 0.671), and 
PTT (0.0.892 vs. 0.654); and in the validation set,  
AUROC of nomogram was higher in contrast with 
RDW (0.856 vs. 0.637), MBP (0.856 vs. 0.657), RR 
(0.859 vs. 0.615), and PTT (0.0.856 vs. 0.710); but 
similar to SAPS II (0.892 vs. 0.856) (Figure 4 B). 
The distinction in AUROC between SAPS II scores 
and the nomogram model was examined using 
Delong’s test. In the training set, the AUROC be-
tween SAPS II and the nomogram was Z = 3.924 
(p < 0.001). The AUROC between SAPS II and the 
nomogram was Z = –0.57006 (p = 0.5686) in the 
validation set. The nomogram showed an AUROC 
curve that was substantially higher in the train-
ing set when in contrast with the SAPS II scores. 
Nevertheless, it dropped significantly in the vali-
dation set.

Employing the HL test and a calibration curve, 
the calibration of the predictive model was done. 
The predictive model and validation set displayed 

an outstanding degree of fit from the calibration 
curves (Figures 5 A, B). The HL test revealed that 
there was excellent consistency between the pre-
dicted and actual probabilities (training set, p = 
0.73; validation set, p = 0.598).

Clinical application of the nomogram

DCA was employed to assess the nomogram’s 
clinical application with SAPS II, RDW, MBP, RR, 
and PTT used as the reference. In the training set, 
when the threshold probability was between 0.01 
and 0.98, a  clinical intervention directed by this 
nomogram offered greater net benefit (Figure 6 A).  
In the verification group, the analysis shows that 
when the threshold probability was more than 
0.01, utilizing the nomogram for predicting IHM 
provided a net benefit similar to the SAPS II score 
(Figure 6 B).

Discussion

The independent risk factors for predicting IHM 
in AP patients were screened in this research by 
LASSO regression, including SAPS II, RDW, MBP, 
RR, and PPT. To construct a  predictive model for 
IHM that performs better than existing models 
and has greater clinical relevance, the 5 indepen-
dent variables were used.

In 1984, the SAPS II scoring system was first 
introduced as a  substitute for the APACHE scor-

Figure 2. Clinical variables were selected using the lasso logistic regression model. A – Optimal parameter (λ) se-
lection in the LASSO model used fivefold cross-validation via minimum criteria. The partial likelihood deviance (bi-
nomial deviance) curve was plotted versus log(λ). Dotted vertical lines were drawn at the optimal values by using 
the 1 SE of the minimum criteria (the 1-SE criteria). B – LASSO coefficient profiles of the 47 features. A coefficient 
profile plot was produced against the log(λ) sequence. A vertical line was drawn at the value selected using tenfold 
cross-validation, where optimal λ resulted in five features with nonzero coefficients
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Figure 3. A – Risk factors for SAPS II, RDW, MBP, RR, and PTT for the nomogram prediction model. B – Dynamic 
nomogram used as an example. The significance of the asterisks beside each variable in part B represents the 
importance of all the risk factors
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ing system [12]. The SAPS II score was calculated 
using the worst of the 12 routine physiological 
measurements within 24 h before admission, data 
about past health status, and some information 
gathered at admittance. There is a sigmoidal rela-
tionship between the SAPS II score and mortality 
rate. Previous studies have reported the varying 
performance of these scoring systems in predict-
ing hospital mortality [13–15]. Other studies on 
different patient populations validated SAPS II  
as a  sound prediction scoring system [16, 17]. 
Previously, for predicting the survival duration of 
patients with SAP, some scholars have included 
the SAPS II score in the prediction model [18]. We 
also incorporated the SAPS II score into our model 
and combined it with other risk factors to achieve 
a better predictive ability.

Currently, there are several clinical indicators 
used to predict the prognosis of AP, such as RDW 
[19–21]. Many studies have shown that RDW is 
convenient, economical, and reliable in clinical op-
eration and is a good predictor of AP and its mor-
tality. Senol et al. [22] studied the correlation be-
tween RDW and mortality in 102 AP patients and 
found that RDW had a  good discriminant effect 
on mortality (AUC = 0.817, 95% CI: 0.689–0.946). 
Mortality could be correctly predicted in approxi-
mately 77% of patients with a cut-off value of 14.8 
for RDW. Our study found that the RDW values of 
IHM were more remarkable than 14.8 in both the 
training and validation sets. This result is consis-
tent with previous studies. When inflammation 
occurs in the body, oxidative stress and inflamma-
tory factors shorten the life span of red blood cells 

Figure 5. Calibration curves constructed by the bootstrap approach in the training set (A) and validation set (B). In 
both sets, the apparent curve and bias-corrected curve slightly deviated from the reference line, but good confor-
mity between the observation and prediction was observed
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training (A) and validation sets (B)
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(RBCs), inhibit the maturation of red blood cells, 
stimulate immature RBCs to release and enrol, 
and change the glycoproteins and ion channels on 
the erythrocyte membrane, resulting in changes in 
the morphology of red blood cells and finally lead-
ing to changes in RDW [21–23]. Therefore, RDW 
can serve as an indicator of inflammation severity 
in AP and potentially aids in the early prediction 
of AP severity.

Maintaining a certain MBP in patients with AP 
is particularly important [24]. Early insufficient tis-
sue perfusion is the leading cause of pancreatic ne-
crosis and multiple organ dysfunction. Guidelines 
also recommend that patients with pancreatitis 
maintain mean arterial pressure at ≥ 65 mm Hg  
[24]. In our patients with AP, MBP was greater than 
65 mmHg in both the death and survival groups; 
however, the MBP in the death group was sub-
stantially lower in contrast with that in the sur-
vivors (71 mm Hg vs. 81 mm Hg, p < 0.001). We 
know that AP is often complicated by increased 
intra-abdominal hypertension [25–27], so it is 
clinically possible to increase MBP in patients with 
AP by rehydration or vasoactive drugs to satisfy 
gastrointestinal organ perfusion [26]. Compared 
to SBP, DBP, and pulse pressure alone, MBP can 
offer a  more comprehensive and valuable infor-
mation set for the clinic [28, 29]. In the SAPS II 
score, SBP is selected as one of the indicators, and 
if MBP replaces SBP, it may be better at predicting 
the prognosis of patients.

Our model incorporates the independent vari-
able PTT, which sets it apart from other AP predic-
tion models [18, 30]. PTT refers to partial thrombo-
plastin time, i.e. the activity of coagulation factors 
in the endogenous coagulation pathway, an index 
used to reflect blood coagulation function in the 
clinic. The meaning of APTT is basically the same 
as that of PTT. The risk of short-term death may 
rise in AP patients with prolonged APTT. Previous 
studies showed that in terms of 30-day and 60-
day survival, the risk of death in the high APTT 
group (> 37 s) was substantially higher than 
that in the standard group (p < 0.05). Similarly, 
our study also found that the value of PTT in the 
non-survivor group was substantially elevated in 
contrast with that in the survivor group (37.5 s 
vs. 31 s, p < 0.001). The primary cause of death 
in severe acute pancreatitis (AP) is complications, 
with the most frequent being early multiple organ 
failure and late-onset infection. Additionally, there 
is an incidence of fatal bleeding ranging from 
1.2% to 14.5% [31]. A change in blood coagulation 
function accompanies the occurrence and devel-
opment of AP, and the degree of coagulation dys-
function is strongly associated with the disease’s 
severity [32, 33]. Therefore, accurate and efficient 
monitoring of blood coagulation and anticoagu-

lation indicators is essential for understanding 
the disease and guiding treatment. Currently, 
the clinical use of the SAPS II score does not in-
clude coagulation-related indicators. However, in 
our study, PTT was included in the new predictive 
model, which can be combined with the SAPSAII 
score to predict the prognosis of patients, increas-
ing the prediction accuracy; our prediction model 
is equivalent to the improved SAPS II score and is 
specifically suitable for AP patients.

In previous studies [30], age and BUN were 
included to predict the IHM of AP. However, this 
research did not include these 2 indicators. Our 
predictive model included the SAPS II score com-
prising age and BUN. In addition, Han et al. [18] 
also constructed the survival prediction model 
of SAP through the nomogram model, and they 
included 15 risk factors, including SAPS II, RDW, 
RR, etc. These 3 indicators are also in our mod-
el. However, our prediction model consists of only  
5 indicators, which is noticeably fewer than theirs, 
and our indicators are easier to obtain clinically. 
The predicted risk value can be obtained as soon 
as possible.

Our new prediction model outperforms the sin-
gle index SAPS II, RDW, MBP, RR, and PTT in the 
training group, demonstrating superior prediction 
ability and greater clinical practicability. However, 
in the verification group, we found that the predic-
tive power of the new model was similar to that 
of SAPS II, considering the low patient count in 
the validation group. In the future, more patients 
can be collected into the verification set, and the 
model’s predictive ability can be tested. However, 
the current predictive model does not affect clin-
ical use.

When used with pre-existing data in the early 
stages of the disease, the ideal prediction model 
should be accurate and simple to use [34]. Many 
of these features are implemented in our nomo-
gram model. It is produced using information 
collected within 24 h of admission and employs 
some easily accessible, accurate, and inexpensive 
clinical and laboratory parameters. In addition, 
the nomogram model has an excellent ability to 
predict IHM.

While our study benefits from the utilization of 
a comprehensive dataset obtained from a public 
database, it is important to acknowledge sever-
al limitations. Firstly, it is imperative to note that 
this study was conducted solely within a  single 
ICU, thus representing a  monocentric approach, 
despite the inclusion of a  substantial cohort. 
Therefore, caution should be exercised when ex-
trapolating our findings and the application of our 
dynamic online nomogram to other healthcare 
centres or countries because its generalizability 
may be restricted. Further research is warranted 
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to validate the efficacy and adaptability of this 
model in different settings. Secondly, the dataset 
has a missing rate of over 15%, which means that 
vital clinical parameters like serum amylase and 
urinary amylase are not included. It is important 
to highlight the need to incorporate these miss-
ing parameters in future studies to enhance the 
accuracy of the prediction model. Thirdly, validat-
ing the generalizability of these findings to non-
US populations is crucial. This can be achieved 
by conducting similar studies on diverse popula-
tions, allowing for comparisons across different 
cultural and societal contexts. Meta-analyses that 
combine data from studies conducted in different 
countries would also contribute to a broader un-
derstanding of the topic and its applicability. Fi-
nally, although nomograms have been extensive-
ly employed in clinical practice to assist medical 
decision-making, we hope to simplify the work 
further and broaden the range of possible appli-
cations. Thus, we intend to incorporate forecast-
ing tools into PC applications, wearable devices, or 
mobile devices in the future.

In conclusion, our research discovered that the 
SAPS II score, RDW, MBP, RR, and PTT are predic-
tors of IHM in ICU patients with AP. A nomogram 
and a LASSO regression model were constructed 
and validated in the present research. This no-
mogram may aid physicians in screening patients 
with high risk, optimal usage of resources, and 
reducing the incidence of mortality in this popula-
tion of patients during clinical practice.
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