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Background: Accurate and prompt clinical assessment of the severity and prognosis of patients with acute 
pancreatitis (AP) is critical, particularly during hospitalization. Natural language processing algorithms 
gain an opportunity from the growing number of free-text notes in electronic health records to mine this 
unstructured data, e.g., nursing notes, to detect and predict adverse outcomes. However, the predictive value 
of nursing notes for AP prognosis is unclear. In this study, a predictive model for in-hospital mortality in AP 
was developed using measured sentiment scores in nursing notes. 
Methods: The data of AP patients in the retrospective cohort study were collected from the Medical 
Information Mart for Intensive Care III (MIMIC-III) database. Sentiments in nursing notes were assessed 
by sentiment analysis. For each individual clinical note, sentiment polarity and sentiment subjectivity scores 
were assigned. The in-hospital mortality of AP patients was the outcome. A predictive model was built based 
on clinical information and sentiment scores, and its performance and clinical value were evaluated using the 
area under curves (AUCs) and decision-making curves, respectively. 
Results: Of the 631 AP patients included, 88 cases (13.9%) cases were dead in hospital. When various 
confounding factors were adjusted, the mean sentiment polarity was associated with a reduced risk of in-
hospital mortality in AP [odds ratio (OR): 0.448; 95% confidence interval (CI): 0.233–0.833; P=0.014]. A 
predictive model was established in the training group via multivariate logistic regression analysis, including 
12 independent variables. In the testing group, the model showed an AUC of 0.812, which was significantly 
greater than the sequential organ failure assessment (SOFA) of 0.732 and the simplified acute physiology 
score-II (SAPS-II) of 0.792 (P<0.05). When the same level of risk was considered, the clinical benefits of the 
predictive model were found to be the highest compared with SOFA and SAPS-II scores.
Conclusions: The model combined sentiment scores in nursing notes showed well predictive performance 
and clinical value in in-hospital mortality of AP patients. 
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Introduction 

Acute pancreatitis (AP) is an inflammatory disease of the 
pancreas and is the cause of substantial mortality and 
morbidity worldwide (1). In the general population, the 
incidence of AP is 34 per 100,000 people annually and 
continues to increase (2). As one of the most frequent 
gastrointestinal causes for hospital admissions, AP leads to 
$9.3 billion in costs to the healthcare system in the United 
States each year (3,4). Evidence shows that approximately 
20–30% of AP patients can go on to develop severe acute 
pancreatitis (SAP), which has high mortality and morbidity 
because of the development of extra-pancreatic and 
pancreatic necrosis, subsequent infection, and multiple 
organ failure (5,6). Despite a decreased overall mortality due 
to improvements in the care of critically ill patients and in 
accurate and prompt diagnosis, the mortality and long-term 
sequelae of AP are still considerable (7,8). To implement 
more effective management, it is of great importance for 
clinicians to accurately assess the severity and prognosis of 
AP patients in a timely manner. 

In the last few years, scoring systems, such as sequential 
organ failure assessment (SOFA) and Ranson scores, and 
laboratory indicators, such as glucose-to-lymphocyte 
ratio, have been used to assess the prognosis of AP (9-12).  
However, the predictive performance of the single 
laboratory indicator is likely to be affected by its fluctuation 
in accuracy. In addition, despite involvement of about 
10 variables, SOFA and Ranson scores both need to be 
dynamically recorded and their application is limited in 
early prediction (13). Therefore, it is essential to establish 
a predictive model that has better accuracy when assessing 
the prognosis of AP. 

 Previous studies showed that clinicians were able to 
predict the mortality in the intensive care unit (ICU), and 
their notes were valuable to the health status of patients 
(14-16). The sentiments in clinical notes can reflect the 
attitude or impression of clinicians to patients, which can 
be measured through sentiment analysis. These sentiments 
are found to change with time, clinical characteristics, 
and outcomes, and are correlated with readmission and 
mortality (17). In contrast to structured data, the use of 
unstructured data such as nursing notes showed greater 
potential to predict mortality (15). To the best of our 
knowledge, the value of nursing notes in predicting in-
hospital mortality of AP is unclear. Herein, we developed a 
predictive model combined with sentiment scores in nursing 
notes for in-hospital mortality in AP patients and validated 
its performance in the prediction of in-hospital mortality. 

We present the following article in accordance with the 
TRIPOD reporting checklist (available at https://atm.
amegroups.com/article/view/10.21037/atm-22-1613/rc).

Methods 

Study design and population 

The data used in this retrospective cohort study were 
accessed from Medical Information Mart for Intensive Care 
III (MIMIC-III), a large, freely available, public database. 
MIMIC-III encompasses deidentified health-associated 
data related to 53,423 hospital admissions for the patients 
aged ≥16 years who stayed in critical care units at a large 
tertiary care hospital (Beth Israel Deaconess Medical 
Center, BIDMC) between 2001 and 2012 (18). The 
project was initiated by collaborating research groups and 
researchers from the Massachusetts Institute of Technology 
(MIT) Laboratory for Computational Physiology and was 
approved by the institutional review boards of the BIDMC 
and MIT, with a waiver of informed consent. The study was 
conducted in accordance with the Declaration of Helsinki (as 
revised in 2013).

Data from patients diagnosed with AP were collected 
from the MIMIC-III through the computer code of 
International Classification of Diseases. AP was diagnosed 
based on the following conditions: (I) abdominal pain related 
to AP; (II) imaging evidence of AP through computed 
tomography (CT) scanning and/or ultrasonography; 
and (III) at least 3-fold increase of lipase and/or amylase 
levels  compared with the normal threshold (13) .  
Patients aged <18 years and those without clinical notes 
were excluded. 

Study variables

Sentiments in the clinical notes were assessed through 
sentiment analysis, which is an approach of classifying or 
quantifying the subjective properties of the written text (19).  
For each individual clinical note, sentiment polarity scores 
and sentiment subjectivity scores were assigned. In this 
study, Python’s TextBlob library was used to analyze the 
sentiment in clinical notes via natural language processing 
and text analysis (20). The AFINN sentiment lexicon 
from the polarity scale of −1 (most negative) to 1 (most 
positive) was used. In addition, subjectivity analysis 
for each individual clinical note was performed using 
Python’s TextBlob library and was labeled, with a range of 
0 (objective) to 1 (subjective). Higher scores represented 

https://atm.amegroups.com/article/view/10.21037/atm-22-1613/rc
https://atm.amegroups.com/article/view/10.21037/atm-22-1613/rc
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more positive and more subjective sentiments, respectively. 

Covariates

The health-related data were all extracted from the MIMIC-
III, including demographics (age, gender, marital status, 
ethnicity, etc.), vital signs (temperature, respiratory rate, heart 
rate and blood pressure), laboratory test indicators [oxygen 
saturation (SpO2), oxygen partial pressure (PO2), partial 
pressure of carbon dioxide (PCO2), white blood cells (WBC), 
red blood cells (RBC), platelets (PLT), RDW, international 
normalized ratio (INR), mean corpuscular volume (MCV), 
glucose, hematocrit, hemoglobin, total bilirubin (TBIL), 
aspartate aminotransferase (AST), alanine aminotransferase 
(ALT), creatinine, blood urea nitrogen (BUN), albumin, 
etc.], fluid balance (sodium, potassium, phosphate, calcium, 
pH value, etc.), first and last care unit [coronary care unit 
(CCU), cardiac surgery recovery unit (CSRU), medical/
surgical/trauma or surgical intensive care unit (MICU/
SICU/TSICU)], ICU length of stay (LOS), hospital LOS, 
medical history [chronic obstructive pulmonary disease 
(COPD), lung cancer, liver cirrhosis, etc.], subjective mean, 
subjective minimum, polarity mean and polarity minimum. 
Moreover, SOFA score and simplified acute physiology 
score-II (SAPS-II) were used to evaluate the severity of AP 
according to the MIMIC-III data. 

Outcomes

The in-hospital mortality of AP patients was the outcome 
in this cohort. The follow-up period was the entire 
hospital stay. Follow-up was terminated if the patient died 
while hospitalized. A total of 631 patients were included 
in the study for analysis. Of these, 88 cases died during 
hospitalization.

Statistical analysis 

In this study, a normality test for measurement data 
was performed with the Kolmogorov-Smirnov test. 
The measurement data with a normal distribution were 
compared by t-test and described as the mean ± standard 
deviation (x±s), while those with an abnormal distribution 
were expressed as the median and interquartile ranges [M 
(Q1, Q3)] and compared with the Mann-Whitney U rank-
sum test. Categorical variables were compared with the χ2 
test or Fisher’s exact test, with results presented as cases 
and percentages [n (%)]. Five randomized imputations were 

performed on the missing data using the mice package. For 
continuous variables, the mean value was taken based on 
the results of randomized imputations, while for categorical 
variables the mode was adopted to fill the missing values 
and to generate the final dataset. 

Absence or presence of in-hospital mortality was the 
outcome and sentiment scores were the major research 
factor. Comparison among groups was conducted to identify 
the potential confounding factors, which were then included 
into the multivariate model through stepwise regression. 
Additionally, the association between sentiment scores 
and in-hospital mortality was also analyzed in multivariate 
logistic models, especially when the remaining variables 
screened by the stepwise regression were adjusted. 

All patients were randomly assigned into the training 
group (n=410) and the testing group (n=221) with a 
proportion of 6.5:3.5. A predictive model for in-hospital 
mortality was developed in the training group using logistic 
regression analysis and then validated in the testing group. 
Various indicators, including the area under the curve (AUC), 
sensitivity and specificity, were used to assess the performance 
of this predictive model. Delong test was utilized to compare 
the predictive performance of this model, this model without 
sentiment scores, SOFA score, and SAPS-II score. The AUC 
value was over 0.8, indicating the performance of the model 
was good. Moreover, the clinical value of the predictive model 
was also examined using decision curves. The statistical 
power was calculated by PASS software (NCSS, Kaysville, 
Utah, USA; version 15), and the sample sizes of the training 
and testing samples were adequate for assessing the predictive 
validity. A two-sided P value less than 0.05 was considered 
statistically significant. All the data were managed by SAS 
software (SAS Institute Inc., Cary, NC, USA; version 9.4)  
and R package (version 3.6.3). 

Results

Baseline information of AP patients

A total of 904 AP patients were identified in the MIMIC-
III database. After excluding 2 cases aged <18 years and 
271 cases that did not have clinical notes, 631 patients were 
finally included into the study for analysis. Among them, 
543 cases (86.1%) survived, while 88 (13.9%) died during 
hospitalization. The baseline information of the surviving 
and dead patients is compared in Table 1. 

Results showed that there were significant differences 
in multiple variables, such as age (P<0.001), ICU LOS 
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Table 1 Baseline information of patients with acute pancreatitis, n (%)/M (Q1, Q3)/(x±s)

Variables Total (n=631) Survivors (n=543) Non-survivors (n=88) χ2/Z/t P

Gender 1.596 0.206

Female 283 (44.85) 249 (45.86) 34 (38.64)

Male 348 (55.15) 294 (54.14) 54 (61.36)

Age, years 60.38 (47.08, 72.54) 59.40 (46.26, 71.61) 66.45 (52.19, 81.58) 3.339 <0.001

Marital status 1.166 0.761

Married 312 (49.45) 265 (48.80) 47 (53.41)

Separated/divorced 54 (8.56) 47 (8.66) 7 (7.95)

Single 186 (29.48) 164 (30.20) 22 (25.00)

Widowed 79 (12.52) 67 (12.34) 12 (13.64)

Ethnicity – 0.965

White 516 (81.77) 441 (81.22) 75 (85.23)

Asian 15 (2.38) 14 (2.58) 1 (1.14)

Black 62 (9.83) 54 (9.94) 8 (9.09)

Hispanic 21 (3.33) 19 (3.50) 2 (2.27)

Others 17 (2.69) 15 (2.76) 2 (2.27)

First care unit 6.293 0.178

CCU 43 (6.81) 34 (6.26) 9 (10.23)

CSRU 32 (5.07) 30 (5.52) 2 (2.27)

MICU 367 (58.16) 310 (57.09) 57 (64.77)

SICU 130 (20.60) 117 (21.55) 13 (14.77)

TSICU 59 (9.35) 52 (9.58) 7 (7.95)

Last care unit 3.567 0.468

CCU 31 (4.91) 24 (4.42) 7 (7.95)

CSRU 32 (5.07) 29 (5.34) 3 (3.41)

MICU 358 (56.74) 305 (56.17) 53 (60.23)

SICU 150 (23.77) 131 (24.13) 19 (21.59)

TSICU 60 (9.51) 54 (9.94) 6 (6.82)

ICU LOS, days 4.27 (2.02, 11.92) 3.87 (1.89, 10.72) 9.19 (4.65, 17.85) 5.239 <0.001

RR, insp/min 20.80±6.53 20.53±6.56 22.49±6.06 −2.63 0.009

Temperature, ℃ 36.94±1.09 37.00±1.06 36.62±1.17 3.04 0.002

Heart rate, bpm 98.37±21.89 98.31±22.03 98.77±21.14 −0.19 0.853

SBP, mmHg 128.96±27.46 129.88±27.71 123.27±25.33 2.10 0.036

DBP, mmHg 67.21±17.41 67.92±17.43 62.82±16.74 2.56 0.011

MAP, mmHg 85.24±17.90 85.93±17.99 81.01±16.81 2.40 0.017

SpO2, % 96.41±4.18 96.55±3.75 95.53±6.15 1.51 0.134

Table 1 (continued)
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Table 1 (continued)

Variables Total (n=631) Survivors (n=543) Non-survivors (n=88) χ2/Z/t P

White blood cells, ×109/L 12.70 (8.80, 17.60) 12.60 (8.80, 17.60) 13.35 (8.90, 17.60) 0.428 0.668

Red blood cells, ×109/L 3.93±0.86 3.97±0.85 3.69±0.84 2.95 0.003

Sodium, mEq/L 138.05±5.78 138.15±5.72 137.42±6.14 1.10 0.273

Potassium, mEq/L 4.19±0.89 4.18±0.88 4.28±0.96 −1.02 0.307

Phosphate, mg/dL 3.30 (2.50, 4.30) 3.20 (2.40, 4.20) 3.80 (2.85, 5.40) 3.421 <0.001

Calcium, mg/dL 8.31±1.37 8.35±1.39 8.11±1.23 1.49 0.136

Platelets, ×109/L 224.00 (159.00, 302.00) 226.00 (165.00, 308.00) 207.50 (118.00, 286.50) −2.391 0.017

pH 7.35±0.11 7.36±0.11 7.34±0.15 1.13 0.263

Lactate, mmol/L 1.80 (1.30, 2.90) 1.80 (1.30, 2.80) 1.90 (1.30, 3.65) 1.449 0.147

INR 1.20 (1.10, 1.50) 1.20 (1.10, 1.50) 1.30 (1.10, 1.80) 2.694 0.007

MCV, fL 91.35±8.05 91.02±7.62 93.41±10.12 −2.12 0.036

Magnesium, mg/dL 1.90±0.44 1.89±0.44 1.95±0.44 −1.18 0.238

Glucose, mg/dL 129.00 (103.00, 173.00) 129.00 (103.00, 168.00) 129.50 (107.00, 187.50) 1.157 0.247

Creatinine, mg/dL 1.10 (0.80, 1.90) 1.10 (0.80, 1.80) 1.30 (0.80, 2.30) 1.998 0.046

BUN, mg/dL 22.00 (14.00, 40.00) 21.00 (13.00, 36.00) 31.00 (17.50, 51.50) 3.949 <0.001

Bicarbonate, mEq/L 22.31±5.86 22.34±5.83 22.09±6.06 0.37 0.711

Neutrophil, % 77.55±15.26 77.63±14.65 77.11±18.66 0.25 0.803

Lymphocytes, % 8.70 (5.00, 14.90) 9.00 (5.20, 15.00) 7.00 (4.00, 11.00) −2.900 0.004

Albumin, g/dL 3.15±0.71 3.20±0.71 2.85±0.67 4.45 <0.001

TBIL, mg/dL 0.90 (0.50, 2.20) 0.80 (0.50, 2.00) 1.25 (0.60, 4.70) 3.251 0.001

Hematocrit, % 35.68±7.08 35.94±7.02 34.12±7.24 2.25 0.025

PO2, mmHg 97.00 (71.00, 158.00) 99.80 (71.00, 159.80) 92.50 (73.50, 138.80) −1.057 0.291

Hemoglobin, g/dL 12.02±2.48 12.13±2.46 11.32±2.49 2.89 0.004

MCHC, % 33.71±1.63 33.80±1.60 33.13±1.67 3.60 <0.001

ALP, IU/L 105.00 (70.00, 175.00) 104.00 (69.00, 171.00) 119.50 (75.50, 225.00) 2.133 0.033

PCO2, mmHg 38.80 (33.00, 46.00) 39.00 (33.20, 46.00) 37.00 (31.50, 48.00) 0.918 0.359

RDW, % 14.92±2.02 14.76±1.87 15.89±2.57 −3.96 <0.001

ALT, IU/L 42.00 (23.00, 129.00) 42.00 (21.00, 129.00) 45.00 (25.50, 145.00) 1.275 0.202

AST, IU/L 57.00 (28.00, 138.00) 56.00 (28.00, 138.00) 73.50 (32.00, 162.00) 1.548 0.122

Amylase, IU/L 180.00 (74.00, 583.00) 185.00 (77.00, 590.00) 161.50 (69.00, 532.00) −0.859 0.391

Lipase, IU/L 188.00 (53.00, 945.00) 193.00 (58.00, 1,027.00) 169.00 (37.50, 740.50) −1.638 0.101

COPD 61 (9.67) 56 (10.31) 5 (5.68) 1.860 0.173

Lung cancer 7 (1.11) 3 (0.55) 4 (4.55) – 0.009

Atrial fibrillation 143 (22.66) 114 (20.99) 29 (32.95) 6.180 0.013

Table 1 (continued)
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Table 1 (continued)

Variables Total (n=631) Survivors (n=543) Non-survivors (n=88) χ2/Z/t P

Liver cirrhosis 46 (7.29) 34 (6.26) 12 (13.64) 6.094 0.014

Congestive heart failure 188 (29.79) 155 (28.55) 33 (37.50) 2.903 0.088

Heart disease 28 (4.44) 26 (4.79) 2 (2.27) – 0.407

Diabetes mellitus 167 (26.47) 137 (25.23) 30 (34.09) 3.055 0.080

Respiratory failure 246 (38.99) 193 (35.54) 53 (60.23) 19.398 <0.001

Hyperlipidemia 159 (25.20) 153 (28.18) 6 (6.82) 18.328 <0.001

Renal failure 295 (46.75) 233 (42.91) 62 (70.45) 23.080 <0.001

Malignant cancer 92 (14.58) 76 (14.00) 16 (18.18) 1.065 0.302

SAPS-II 36.00 (27.00, 45.00) 34.00 (25.00, 44.00) 47.00 (37.50, 62.50) 7.554 <0.001

SOFA score 5.00 (3.00, 8.00) 5.00 (3.00, 8.00) 8.00 (5.00, 10.50) 5.621 <0.001

LOS, day 13.72 (7.27, 24.01) 12.92 (7.15, 23.37) 15.56 (7.95, 30.78) 1.577 0.115

Subjective mean 5.16±1.28 5.13±1.26 5.34±1.39 −1.44 0.150

Subjective minimum 2.40 (1.00, 3.13) 2.50 (1.00, 3.18) 2.01 (0.00, 2.83) −2.392 0.017

Polarity mean 0.58 (0.36, 0.89) 0.62 (0.37, 0.95) 0.47 (0.18, 0.64) −4.320 <0.001

Polarity minimum −0.42 (−1.06, 0.03) −0.38 (−1.00, 0.05) −0.75 (−1.41, −0.24) −3.797 <0.001

“–” represents Fisher’s exact test. ICU, intensive care unit; CCU, coronary care unit; CSRU, cardiac surgery recovery unit; MICU/SICU/
TSICU, medical/surgical/trauma or surgical intensive care unit, LOS, length of stay; RR, respiratory rate; SBP, systolic blood pressure; DBP, 
diastolic blood pressure; MAP, mean atrial pressure; SpO2, oxygen saturation; INR, international normalized ratio; MCV, mean corpuscular 
volume; BUN, blood urea nitrogen; TBIL, total bilirubin; PO2, oxygen partial pressure; MCHC, mean corpuscular hemoglobin concentration; 
ALP, alkaline phosphatase; PCO2, partial pressure of carbon dioxide; RDW, red cell distribution width; ALT, alanine aminotransferase; 
AST, aspartate aminotransferase; COPD, chronic obstructive pulmonary disease; SAPS-II, Simplified Acute Physiology Score-II; SOFA, 
sequential organ failure assessment.

(P<0.001), respiratory rate (P=0.009), temperature 
(P=0.002), systolic blood pressure (P=0.036), diastolic blood 
pressure (P=0.011), mean arterial pressure (P=0.017), red 
blood cells (P=0.003), phosphate (P<0.001), INR (P=0.007), 
MCV (P=0.036), creatinine (P=0.046), BUN (P<0.001), 
lymphocytes (P=0.004), albumin (P<0.001), TBIL (P=0.001), 
hematocrit (P=0.025), hemoglobin (P=0.004), MCHC 
(P<0.001), ALP (P=0.033), RDW (P<0.001), history of lung 
cancer (P=0.009), atrial fibrillation (P=0.013), liver cirrhosis 
(P=0.014), respiratory failure (P<0.001), hyperlipidemia 
(P<0.001) and renal failure (P<0.001), SAPS-II (P<0.001), 
SOFA scores (P<0.001), subjective minimum (P=0.017), 
polarity mean (P<0.001), and polarity minimum (P<0.001). 

Association between sentiment scores and in-hospital 
morality 
As shown in Table 2, the correlation between sentiment 
scores and in-hospital mortality was analyzed in each of the 

three models. In the original model (model 1), subjective 
minimum [odds ratio (OR): 0.819; 95% confidence interval 
(CI): 0.694–0.966; P=0.018], polarity mean (OR: 0.353; 
95% CI: 0.210–0.577; P<0.001), and polarity minimum 
(OR: 0.756; 95% CI: 0.651–0.888; P<0.001) were all 
shown to be protective factors for in-hospital mortality in 
AP patients. After the confounding factors including age, 
gender, ethnicity, and ICU LOS were corrected, polarity 
mean (OR: 0.391; 95% CI: 0.226–0.656; P<0.001; model 2) 
was found to be associated with a reduced risk of in-hospital 
mortality. After adjusting for confounding factors in model 
2 and the remaining covariates screened by stepwise 
regression, such as respiratory rate, TBIL, hemoglobin, 
lung cancer, respiratory failure, hyperlipidemia and renal 
failure, polarity mean (OR: 0.448; 95% CI: 0.233–0.833; 
P=0.014; model 3) remained an independent protective 
factor for in-hospital mortality in AP patients, which was 
consistent with the results before data imputation (Table 3). 
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Establishment of a predictive model for in-hospital 
mortality

According to the proportion of 6.5:3.5, the patients were 
divided into the training group (n=410) and the testing 
group (n=221). In comparison to the baseline characteristics, 
no significant differences were identified between the 
training group and the testing group (all P>0.05; Table 4), 
which suggested balanced and comparable data between 
these two groups. 

Using all variables in model 3 as the predictors, a 
predictive model for in-hospital mortality was established 
in the training group via logistic regression analysis, namely 
ln(p/1-p) = −4.61 − 1.06005 × polarity mean + 0.04 × age 
+ 0.54 × gender (male) −1.116 × Asian + 0.71 × Black − 
0.33 × Hispanic-14.88 × others + 0.02 × ICU LOS + 0.05 
× respiratory rate + 0.07 × TBIL-0.11 × hemoglobin + 
3.92 × lung cancer + 0.55 × respiratory failure − 1.56 × 
hyperlipidemia + 0.69 × renal failure. When this model 
was validated in the testing group, it showed a sensitivity of 
0.656, a specificity of 0.815, and an AUC of 0.812 (Table 5). 

Performance and clinical value of the predictive model 

The assessment indicators of sensitivity, specificity, positive 
predictive value (PPV), negative predictive value (NPV), 
AUC, and accuracy were used to compare the performance 
of this predictive model, this predictive model without 
sentiment scores, SOFA score and SAPS-II score in the 
prediction of in-hospital mortality. As shown in Table 5, the 
AUC of this model was up to 0.840 in the training group 
and 0.812 in the testing group, which was significantly 
higher than those of this predictive model without 
sentiment scores (0.759 and 0.793; P<0.05), SOFA (0.661 
and 0.584; P<0.05) and SAPS-II (0.725 and 0.792; P<0.05). 
Additionally, the specificity and accuracy of the predictive 
model were both superior to SOFA (training group, 
specificity: 0.760 vs. 0.540, accuracy: 0.763 vs. 0.561, P<0.05; 
testing group; specificity: 0.760 vs. 0.540, accuracy: 0.763 vs. 
0.561, P<0.05). The receiver operating characteristic curves 
of the different models in the prediction of in-hospital 
mortality is shown in Figure 1. 

Decision-making curves were used to compare the 

Table 2 Association between sentiment scores and in-hospital morality in acute pancreatitis

Variables 
Model 1 Model 2 Model 3

OR (95% CI) P OR (95% CI) P OR (95% CI) P

Subjective mean 1.129 (0.953–1.326) 0.15 0.998 (0.815–1.206) 0.982 0.974 (0.785–1.195) 0.807

Subjective minimum 0.819 (0.694–0.966) 0.018 0.932 (0.772–1.129) 0.471 0.967 (0.785–1.195) 0.757

Polarity mean 0.353 (0.210–0.577) <0.001 0.391 (0.226–0.656) <0.001 0.448 (0.233–0.833) 0.014

Polarity minimum 0.756 (0.651–0.888) <0.001 0.867 (0.715–1.055) 0.148 0.896 (0.723–1.117) 0.319

Model 1, the original model; Model 2, the model after adjusting for the variables age, gender, ethnicity, and ICU length of stay; Model 3, 
the model after adjusting for the variables in model 2 and the remaining variables (respiratory rate, total bilirubin, hemoglobin, lung cancer, 
respiratory failure, hyperlipidemia, and renal failure) screened by stepwise regression. OR, odds ratio; CI, confidence interval. 

Table 3 Effect of sentiment scores on the in-hospital morality in acute pancreatitis before data imputation

Variables 
Model 1 Model 2 Model 3

OR (95% CI) P OR (95% CI) P OR (95% CI) P

Subjective mean 1.129 (0.953–1.326) 0.150 0.997 (0.788–1.234) 0.979 0.971 (0.757–1.223) 0.810

Subjective minimum 0.819 (0.694–0.966) 0.018 0.906 (0.727–1.132) 0.383 0.956 (0.752–1.217) 0.712

Polarity mean 0.353 (0.210–0.577) <0.001 0.409 (0.234–0.713) 0.002 0.481 (0.231–0.971) 0.046

Polarity minimum 0.756 (0.651–0.888) <0.001 0.871 (0.714–1.063) 0.173 0.936 (0.719–1.246) 0.637

Model 1, the original model; Model 2, the model after adjusting for the variables age, gender, ethnicity, and ICU length of stay; Model 3, 
the model after adjusting for the variables in model 2 and the remaining variables (respiratory rate, total bilirubin, hemoglobin, lung cancer, 
respiratory failure, hyperlipidemia, and renal failure) screened by stepwise regression. OR, odds ratio; CI, confidence interval.
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Table 4 Comparison of the baseline characteristics between the training and testing groups, n (%)/M (Q1, Q3)/(x±s)

Variables Training (n=410) Testing (n=221) χ2/Z/t P

Gender 0.035 0.851

Female 185 (45.12) 98 (44.34)

Male 225 (54.88) 123 (55.66)

Marital status 2.992 0.393

Married 193 (47.07) 119 (53.85)

Separated/divorced 36 (8.78) 18 (8.14)

Single 129 (31.46) 57 (25.79)

Widowed 52 (12.68) 27 (12.22)

Ethnicity 1.501 0.827

White 334 (81.46) 182 (82.35)

Asian 8 (1.95) 7 (3.17)

Black 42 (10.24) 20 (9.05)

Hispanic 15 (3.66) 6 (2.71)

Others 11 (2.68) 6 (2.71)

ICU LOS, days 4.49 (2.06, 12.70) 4.04 (1.89, 11.55) −0.755 0.450

Age, years 59.81 (46.93, 71.61) 61.20 (47.41, 74.30) 1.135 0.256

RR, insp/min 20.94±6.77 20.54±6.06 −0.72 0.471

TBIL, mg/dL 0.80 (0.50, 2.10) 0.90 (0.50, 2.24) 0.873 0.383

Hemoglobin, g/dL 12.11±2.49 11.85±2.46 −1.25 0.212

Lung cancer – 0.431

No 404 (98.54) 220 (99.55)

Yes 6 (1.46) 1 (0.45)

Respiratory failure 3.645 0.056

No 239 (58.29) 146 (66.06)

Yes 171 (41.71) 75 (33.94)

Hyperlipidemia 1.652 0.199

No 300 (73.17) 172 (77.83)

Yes 110 (26.83) 49 (22.17)

Renal failure 0.792 0.374

No 213 (51.95) 123 (55.66)

Yes 197 (48.05) 98 (44.34)

SAPS-II 36.00 (27.00, 46.00) 36.00 (26.00, 44.00) −0.271 0.786

SOFA score 5.00 (3.00, 9.00) 6.00 (3.00, 8.00) 0.073 0.942

Subjective mean 5.19±1.31 5.10±1.23 −0.85 0.395

Subjective minimum 2.34 (0.67, 3.09) 2.50 (1.20, 3.21) 1.631 0.103

Polarity mean 0.57 (0.36, 0.86) 0.62 (0.35, 0.98) 1.253 0.210

Polarity minimum −0.43 (−1.06, 0.00) −0.41 (−1.06, 0.05) 0.648 0.517

In-hospital mortality 0.081 0.776

Survivors 354 (86.34) 189 (85.52)

Non-survivors 56 (13.66) 32 (14.48)

“–” represents Fisher’s exact test. ICU, intensive care unit; LOS, length of stay; RR, respiratory rate; TBIL, total bilirubin; SAPS-II, 
Simplified Acute Physiology Score-II; SOFA, sequential organ failure assessment. 
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Table 5 The predictive performance of the model in in-hospital mortality

Variables Selected model Selected model without sentiments SOFA score SAPS-II

Cut-off value 0.153 0.150 0.126 0.160

Training group

Sensitivity (95% CI) 0.786 (0.678–0.893) 0.696 (0.576–0.817) 0.696 (0.576–0.817) 0.607 (0.479–0.735)*

Specificity (95% CI) 0.760 (0.715–0.804) 0.732 (0.685–0.778) 0.540 (0.488–0.591)* 0.749 (0.703–0.794)

PPV (95% CI) 0.341 (0.259–0.423) 0.291 (0.214–0.368) 0.193 (0.139–0.248)* 0.276 (0.197–0.355)

NPV (95% CI) 0.957 (0.934–0.981) 0.938 (0.910–0.967) 0.918 (0.881–0.956) 0.923 (0.893–0.954)

AUC (95% CI) 0.840 (0.838–0.842) 0.759 (0.692–0.826)* 0.661 (0.659–0.663)* 0.725 (0.723–0.728)*

Accuracy (95% CI) 0.763 (0.722–0.805) 0.727 (0.684–0.770) 0.561 (0.513–0.609)* 0.729 (0.686–0.772)

Testing group

Sensitivity (95% CI) 0.656 (0.492–0.821) 0.719 (0.563–0.875) 0.812 (0.677–0.948) 0.594 (0.424–0.764)

Specificity (95% CI) 0.815 (0.759–0.870) 0.720 (0.656–0.784) 0.545 (0.474–0.616)* 0.831 (0.777–0.884)

PPV (95% CI) 0.375 (0.248–0.502) 0.303 (0.199–0.406) 0.232 (0.154–0.310) 0.373 (0.240–0.505)

NPV (95% CI) 0.933 (0.895–0.971) 0.938 (0.899–0.977) 0.945 (0.902–0.988) 0.924 (0.884–0.963)

AUC (95% CI) 0.812 (0.809–0.815) 0.793 (0.708–0.879)* 0.732 (0.729–0.735)* 0.792 (0.790–0.795)*

Accuracy (95% CI) 0.792 (0.738–0.845) 0.719 (0.660–0.779) 0.584 (0.519–0.649)* 0.796 (0.743–0.849)

“*” represents the value of P less than 0.05 by comparison to the model established. CI, confidence interval; PPV, positive predictive value; 
NPV, negative predictive value; AUC, area under the curve; SAPS-II, Simplified Acute Physiology Score-II; SOFA, sequential organ failure 
assessment. 

Figure 1 The receiver operating characteristic curves of different models in the prediction of in-hospital mortality. (A) Training group; (B) 
testing group. AUC, area under the curve; SOFA, sequential organ failure assessment; SAPS-II, Simplified Acute Physiology Score-II.
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clinical value of different models. Results showed that, 
under the same level and types of risk, the clinical benefits 
of the predictive model were the highest compared with 

SOFA and SAPS-II (Figure 2). 

A predictive nomogram for in-hospital mortality

A nomogram was constructed based on the predictors 
included in the predictive model (Figure 3). The Hosmer-
Lemeshow test of goodness of fit was performed on the 
predictive model. The P value of goodness of fit was 0.807, 
larger than 0.05, which suggested a good fit ability of the 
predictive model. 

For example, the 15th patient from the dataset was 
a Hispanic female aged 24 years, with ICU LOS of  
1 day and respiratory rate of 24 times/min. The levels 
of hemoglobin and TBIL were 9.8 g/dL and 0.6 mg/dL, 
respectively. She had renal failure, hyperlipidemia, and 
respiratory failure, but no lung cancer. The final predictive 
scores were 945, with the probability of in-hospital 
mortality of 0.0185 (Figure 4). This patient survived, 
which suggested that the nomogram in predicting in-
hospital mortality was accurate. 
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Figure 2 Comparison of the clinical value among different models. 
SOFA, sequential organ failure assessment; SAPS-II, Simplified 
Acute Physiology Score-II.
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Discussion 

In this study, a total of 631 AP patients were eligible for 
analysis, with the in-hospital mortality rate of 13.9%. 
Analysis of the association between sentiment scores and 
in-hospital mortality indicated by the sentiment polarity 
mean was correlated with a lowered risk of in-hospital 
mortality. Through multivariate logistic regression 
analysis, 12 independent variables were screened out to 
establish a predictive model for in-hospital mortality, 
which represented better performance and clinical value 
than other models. Additionally, a nomogram constructed 
based on the predictors further demonstrated the accuracy 
of the predictive model for in-hospital mortality of AP 
patients. 

 Severity of disease scoring systems, such as SOFA and 
SAPS II, are usually used to predict mortality in the ICU. 
These scoring systems are computed through the coded 
data of laboratory test results, demographics, and vital 

signs accessed from the electronic health record (EHR) of 
patients, but they have poor generalizability across diseases 
and countries (15,21,22). A total of 80% of all EHRs 
contain unstructured data, such as clinician-written notes 
with crucial information on the physical condition and 
trajectory of patients (23,24). Although the unstructured 
form of clinical notes enables clinicians to document rich, 
accurate, and domain-specific information, they are difficult 
to quantify and are easy to neglect in the structured fields of 
the EHR (15,25). 

Previous studies indicated that the sentiment in clinical 
notes can be measured using natural language processing 
tools and is associated with the likelihood of mortality and 
readmission to ICU (17). Quantitative assessment of the 
sentiment in clinical notes related to the 30-day mortality 
of patients in the ICU, and there was a positive association 
between the sentiment polarity mean and patients’  
survival (19). In this study, Python’s TextBlob library was 
applied to measure the sentiment in clinical notes via natural 
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language processing and text analysis, and sentiment polarity 
mean was found to be associated with a reduced risk of in-
hospital mortality in AP, similar to the results of Waudby-
Smith et al. (19). Based on this, a predictive model for in-
hospital mortality in AP was developed via multivariate 
logistic regression analysis. In the prediction of in-hospital 
mortality, this predictive model showed the largest AUC 
and the highest clinical benefits compared to the model 
without sentiment scores, SOFA and SAPS-II. SOFA score 
is mainly used to assess organ failure, which enables it 
to predict clinical outcomes in critically ill patients (26).  
However, the AUC of SOFA in this study was less than 
0.7, which indicated a poor predictive performance for in-
hospital mortality. This might be partially explained by the 
fact that the organ dysfunction was often easy to detect and 
treat in the early phase of AP, but deterioration of organ 
dysfunction was correlated with mortality and poor clinical 
outcomes (27). Based on a large international sample of 
patients, SAPS-II was developed to estimate the mortality 
risk without having to specify the primary diagnosis (28). 
As the most common tool in ICU, SAPS-II consisted of 12 
immediate variables that should be used the first 24 hours 
of admission to the ICU; age and comorbidities obtained 
prior to admission were also taken into consideration (29). 
However, it is probable to misdiagnose the severity in the 
early stage of AP, thereby restricting the application of 
SAPS-II in the early prognostic assessment of AP (30,31). 

To the best of our knowledge, this was the first study 
to develop a predictive model with well performance and 
clinical value for in-hospital mortality in AP using the 
sentiment in clinical notes, which highlighted the potential 
of unstructured data to improve mortality prediction. 
Moreover, the visualized nomogram performed well, which 
further demonstrated the accuracy of this predictive model 
to assess the prognosis of AP patients. Nevertheless, several 
limitations mean our findings should be interpreted with 
caution. First, the data used in our study were obtained from 
MIMIC-III database where most patients were Americans, 
therefore this predictive model may have limitations when 
applied to other ethnicities. Second, some important factors 
related to poor prognosis of AP patients were missing in 
MIMIC-III, such as interlukin-6 (32). Third, no external 
validation was used to further validate the performance of 
the model. Fourth, despite having a relatively large sample 
size it was a database-based retrospective study. In the 
future, more prospective studies with larger samples should 
be performed to validate our results and to enhance the 
clinical application of this predictive model for in-hospital 

mortality in AP.

Conclusions

Our findings demonstrated that sentiment polarity mean 
was a significant protective factor for in-hospital mortality 
in AP. Based on this, a predictive model was developed. 
This model showed well performance and clinical value in 
the prediction of in-hospital mortality in AP patients. 
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