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Abstract

Objective: Sepsis is a serious complication of acute cholangitis. We aimed to establish a nomo-

gram for predicting the probability of sepsis in patients with acute cholangitis.

Methods: Subjects were patients with acute cholangitis in the Medical Information Mart

for Intensive Care database. Extraneous variables were excluded based on stepwise regression.

The nomogram was established using logistic regression.

Results: The predictive model comprised five variables: age (odds ratio [OR]: 1.03, 95%

confidence interval [CI]: 1.01–1.04), ventilator-support time (OR: 1.004, 95% CI: 1.001–1.008),

diabetes (OR: 10.74, 95% CI: 2.80–70.57), coagulopathy (OR: 2.92, 95% CI: 1.83–4.73) and sys-

tolic blood pressure (OR: 0.62, 95% CI: 0.41–0.93). The areas under the receiver operating

characteristic curve of the nomogram for the training and validation sets were 0.700 and

0.647, respectively. The Hosmer–Lemeshow goodness-of-fit test revealed high concordance

between the predicted and observed probabilities for both the training and validation sets.

The calibration plot also demonstrated good agreement between the predicted and observed

outcomes for both the training and validation sets.

Conclusions: We developed and validated a risk-prediction model for sepsis in patients with

acute cholangitis. Our results will be helpful for preventing sepsis in patients with acute

cholangitis.
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Introduction

Acute cholangitis is a systemic infectious
disease characterized by biliary obstruction
and bile bacterial growth that cause acute
inflammation and infection of the bile
duct.1 Acute cholangitis was first described
by Charcot as ‘hepatic fever’ in 1877; there-
fore, the typical signs and symptoms of
acute cholangitis (intermittent fever with
chills, right-upper-quadrant pain and jaun-
dice) are known as Charcot’s triad.2

The prevalence of cholelithiasis varies
from race to race. Of the many patients hos-
pitalized for gallstones, 6% to 9% are diag-
nosed with acute cholangitis.3 Men and
women are affected equally and the average
age of patients with acute cholangitis is
between 50 and 60 years old.4 If acute
cholangitis is not properly treated, it rapidly
develops into systemic inflammatory
response syndrome, sepsis and mortality.
In the 1990s, the mortality rate for
severe acute cholangitis was between
11% and 27%.5

Sepsis is a clinical syndrome that results
from dysregulation of the inflammatory
response to infection that leads to organ
dysfunction.6 Greater understanding of
sepsis has led some researchers to suggest
that sepsis is essentially a loss of control
of the immune response produced by the
body to fight pathogens, resulting in multi-
ple organ dysfunction.7,8 Sepsis is one of the
most common diseases in intensive care
units worldwide9 and is associated with
high mortality and costs. There are an esti-
mated 18 million cases of sepsis worldwide

each year; despite advances in intensive care

and support technology, the mortality rate

from sepsis remains between 15% and

80%.10 The annual cost of sepsis in the

United States has been estimated to exceed

$20 billion.11 The timing of treatment for

sepsis is very important; delaying the start

of treatment, even by 1 hour, increases the

chance of adverse outcomes.12 Sepsis is a

serious complication of acute cholangitis.

The early identification and risk assessment

of sepsis in patients with acute cholangitis

are crucial to improving the treatment and

prognosis of these patients.
A nomogram is a graphical tool for

determining the probability of a clinical

event in an individual patient based on a

statistical predictive model.13 However,

nomograms for predicting the risk of

sepsis in cholangitis patients have been

rarely reported. In this study, we aimed to

develop a nomogram for predicting the risk

of sepsis for patient with cholangitis.

Methods

Patients

The MIMIC (Medical Information Mart

for Intensive Care) database is funded by

the National Institutes of Health and was

jointly launched by the Computational

Physiology Laboratory of Massachusetts

Institute of Technology, Beth Israel

Deaconess Medical Center (BIDMC), and

Philips Medical. The database collects and

organizes clinical diagnosis and treatment
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information for more than 40,000 real

patients who stayed in the intensive care

unit of BIDMC from 2001 to 2012.14 The

development of this database provides a

large amount of systematic clinical diagnosis

and treatment data for clinical medical

workers to conduct scientific research. The

MIMIC database is constantly updated, and

the latest version is MIMIC-III (version

1.4).15,16 This study focused on building

the library and extracting data on relevant

patients from the MIMIC database using

PostgreSQL software, version 9.6 (The

PostgreSQL Global Development Group).

Research method

We extracted the hadm_id identifiers of 662

patients with a diagnosis of acute cholangi-

tis from the MIMIC database using the icd9

code. These 662-person-time patients com-

prised the study subjects. Taking the

hadm_id identifiers of 662 person-times as

an index, we extracted the following infor-

mation from the MIMIC-III database: age,

sex, heart rate, systolic blood pressure

(SBP), diastolic blood pressure, albumin,

bilirubin, glucose, haemoglobin, lactate,

neutrophil percentage, pH, sequential

organ failure score, hypertension, diabetes,

renal failure, alcohol use, coagulopathy,

enteral nutrition, parenteral nutrition,

ventilator-support time, frequency of venti-

lator usage, temperature, length of stay

and sepsis.
The classification of variables is pre-

sented in Table 1. This study was approved

by the institutional review boards of

Massachusetts Institute of Technology and

BIDMC, and was granted a waiver of the

need to obtain informed consent.

Statistical analysis

Continuous variables conforming to a

normal distribution are expressed as mean

and standard deviation values; other

continuous variables are expressed as

median (25th–75th percentile) values.

Categorical variables are expressed as per-

centages. Stepwise regression and lasso

regression were used when selecting varia-

bles to enter into the model. The results

from the more sensitive of the two methods

were chosen. Logistic regression was used

Table 1. Classification of variables.

Variables Range24 Classification

Albumin (g/dL)

3.5–5.5 normal

other abnormal

Bilirubin (mg/dL)

0.1–1.0 normal

other abnormal

Glucose (mg/dL)

70–140 normal

other abnormal

Haemoglobin (g/dL)

male 13.5–17.5 normal

other abnormal

female 12.0–16 normal

other abnormal

Lactate (mmol/L)

0.5–1.6 normal

other abnormal

NEUT %

45–62 normal

other abnormal

Heart rate (per minute)

60–100 normal

other abnormal

SBP (mmHg)

90–140 normal

other abnormal

DBP (mmHg)

60–90 normal

other abnormal

pH

7.35–7.45 normal

other abnormal

Sex

male 1

female 2

SBP: systolic blood pressure; DBP: diastolic blood pres-

sure; NEUT %: neutrophil percentage.
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to construct predictive models. The nomo-
gram was used to predict the probability of
sepsis in patients with acute cholangitis. For
nomogram construction and validation, we
randomly assigned 70% of the patients to
the training set and 30% to the valida-
tion set.

The area under the receiver operating
characteristic curve (AUC) was used to
evaluate the discriminative ability of the
nomogram. The AUC ranges from 0 to 1,
with 1 indicating perfect concordance and
0.5 indicating that the concordance is no
better than chance. Calibration of the
nomogram model, defined as concordance
between predicted and observed probabili-
ties, was established using the Hosmer–
Lemeshow goodness-of-fit test (P> 0.05)
and a calibration plot.

All statistical analyses were performed
using SPSS (version 24.0, IBM Corp.,
Armonk, NY, USA) and R software
(R Foundation for Statistical Computing,
Vienna, Austria). All tests were two-sided
and P� 0.05 was considered indicative of
statistical significance.

Results

Basic characteristics of the study subjects

The randomization process resulted in 463
and 199 patients with acute cholangitis
being enrolled in the training and validation
sets, respectively. The basic characteristics
of the patients are shown in Table 2.

Predictive nomogram for the probability
of sepsis in patients with acute cholangitis

The AUC values of the lasso regression
and stepwise regression were 0.688 and
0.700, respectively. Therefore, the stepwise
regression method was used to screen for
variables. The logistic regression results
are shown in Table 3. Multivariate logistic
regression was conducted for variables with
P values that were less than 0.2 in the uni-
variate logistic regression, and for variables

with P values that were less than 0.05 in the

multivariate logistic regression. These vari-

ables were entered into the prediction

model. The following five variables were

entered into the predictive model based on

the results of stepwise regression: age (odds

ratio [OR]¼ 1.03, 95% confidence interval

[CI]¼ 1.01–1.04, P< 0.01), ventilator-

support time (OR¼ 1.004, 95% CI¼ 1.001–

1.008, P¼ 0.01), diabetes (OR¼ 10.74, 95%

CI¼ 2.80–70.57, P< 0.01), coagulopathy

(OR¼ 2.92, 95% CI¼ 1.83–4.73, P< 0.01)

and SBP (OR¼ 0.62, 95% CI¼ 0.41–0.93,

P¼ 0.01). A nomogram was established

based on these five selected variables. The

nomogram is used by scoring each variable

on its corresponding score scale. The scores

for all variables are then summed to obtain

the total score, and a vertical line is drawn

from the total-points row to indicate the esti-

mated probability of sepsis being present

(Figure 1).

Discriminative ability of the nomogram

The AUC was used to validate the nomo-

gram. The AUCs of the training set

(Figure 2) and the validation set (Figure 3)

were 0.700 and 0.647, respectively.

Nomogram calibration

The nomogram model was calibrated using

the Hosmer–Lemeshow goodness-of-fit test

and a calibration plot. The Hosmer–

Lemeshow goodness-of-fit test revealed the

presence of a high concordance between the

predicted and observed probabilities both

for the training set (x2¼ 13.52, df¼ 8,

P¼ 0.09) and the validation set (x2¼ 3.03,

df¼ 8, P¼ 0.93). The calibration plot also

showed good agreement between the pre-

dicted and observed outcomes both for

the training set (Figure 4) and the valida-

tion set (Figure 5).
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Table 2. Basic characteristics of study subjects.

Variable All (n¼ 662)

Training

cohorts

(n¼ 463)

Validation

cohorts

(n¼ 199)

Age (mean� SD) 70.7� 14.7 70.5� 14.8 71� 14.7

Temperature (mean� SD) 37.1� 3.9 37.2� 3.1 36.8� 5.3

SOFA, median (25th–75th percentile) 6 (4–8) 6 (4–8) 6 (4–8)

Ventilator-support time, median

(25th–75th percentile)

0 (0–19.4) 2 (2–70) 2 (2–53)

LOS, median (25th–75th percentile) 8 (5–16) 8 (5–17) 8 (5–14)

Frequency of ventilator usage, median

(25th–75th percentile)

0 (0–1) 0 (0–1) 0 (0–1)

Sex (%)

male 374 (56.5) 261 (56.4) 113 (56.8)

female 288 (43.5) 202 (43.6) 86 (43.2)

Albumin (%)

normal 99 (15) 71 (15.3) 28 (14.1)

abnormal 563 (85) 392 (84.7) 171 (85.9)

Bilirubin (%)

normal 165 (24.9) 114 (24.6) 51 (25.6)

abnormal 497 (75.1) 349 (75.4) 148 (74.4)

Hypertension (%)

yes 90 (13.6) 58 (12.5) 32 (16.1)

no 572 (86.4) 405 (87.5) 167 (83.9)

Diabetes (%)

yes 23 (3.1) 15 (3.2) 8 (4)

no 639 (95.6) 448 (96.8) 191 (96)

Renal failure (%)

yes 110 (16.6) 75 (16.2) 35 (17.6)

no 552 (83.4) 388 (83.8) 164 (82.4)

Alcohol use (%)

yes 26 (3.9) 18 (3.9) 8 (4)

no 636 (96.1) 445 (96.1) 191 (96)

Coagulopathy (%)

yes 146 (22.1) 106 (22.9) 40 (20.1)

no 516 (77.9) 357 (77.1) 159 (79.9)

EN (%)

yes 100 (15.1) 77 (16.6) 23 (11.6)

no 562 (84.9) 386 (83.4) 176 (88.4)

Glucose (%)

normal 470 (71) 312 (67.4) 158 (79.4)

abnormal 192 (29) 151 (32.6) 41 (20.6)

Haemoglobin (%)

normal 41 (6.2) 30 (6.5) 11 (5.5)

abnormal 621 (93.8) 433 (93.5) 188 (94.5)

Lactate (%)

normal 282 (42.6) 183 (39.5) 99 (49.7)

abnormal 380 (57.4) 280 (60.5) 100 (50.3)

(continued)
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Table 2. Continued.

Variable All (n¼ 662)

Training

cohorts

(n¼ 463)

Validation

cohorts

(n¼ 199)

NEUT (%)

normal 28 (4.2) 18 (3.9) 10 (5)

abnormal 634 (95.8) 445 (96.1) 189 (95)

pH (%)

normal 268 (40.5) 193 (41.7) 75 (37.7)

abnormal 394 (59.5) 270 (58.3) 124 (62.3)

PN (%)

normal 560 (84.6) 383 (82.7) 177 (88.9)

abnormal 102 (15.4) 80 (17.3) 22 (11.1)

Heart rate (%)

normal 518 (78.2) 373 (80.6) 145 (72.9)

abnormal 144 (21.8) 90 (19.4) 54 (27.1)

SBP (%)

normal 288 (43.5) 205 (44.3) 83 (41.7)

abnormal 374 (56.5) 258 (55.7) 116 (58.3)

DBP (%)

normal 455 (68.7) 312 (67.4) 143 (71.9)

abnormal 207 (31.3) 151 (32.6) 56 (28.1)

Sepsis (%)

yes 379 (51.3) 201 (43.4) 82 (41.2)

no 283 (42.7) 262 (56.6) 117 (58.8)

SD: standard deviation; SOFA: sequential organ failure score; LOS: length of stay; EN: enteral nutrition; PN: parenteral

nutrition; SBP: systolic blood pressure; DBP: diastolic blood pressure; NEUT (%): neutrophil percentage.

Table 3. The results of logistic regression.

Variables

P value for

univariate

logistic

regression

P value for

multivariate

logistic

regression

Age <0.01 <0.01
Diabetes 0.01 <0.01
Coagulopathy <0.01 <0.01
Haemoglobin 0.13 0.13

Length of stay 0.09 0.09

Hypertension 0.19 0.06

Enteral nutrition 0.09 0.06

Systolic blood pressure 0.01 0.01

Ventilator-support time 0.14 0.01

Sex 0.91

Heart rate 0.61

Diastolic blood pressure 0.71

Albumin 0.37

Bilirubin 0.64

(continued)

Table 3. Continued.

Variables

P value for

univariate

logistic

regression

P value for

multivariate

logistic

regression

Glucose 0.37

Lactate 0.41

Neutrophil percentage 0.76

pH 0.72

Sequential organ

failure score

0.71

Renal failure 0.66

Alcohol use 0.68

Parenteral nutrition 0.87

Frequency of ventilator

usage

0.27

Temperature 0.50

Boldface values in table 3 means that P value is less

than 0.05.
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Discussion

Bacterial infection that occurs in the pres-
ence of biliary obstruction can lead to acute
cholangitis, a condition characterized by
fever, abdominal pain and jaundice.17 The
biliary tree is normally sterile, but a combi-
nation of obstruction and infection of the

biliary tract can lead to acute cholangitis.18

A normal biliary blood flow results in
normal concentrations of bacteria and a
normal pressure inside the catheter.
However, obstruction of the biliary tract
increases the intraductal pressure; the
resulting reduced bile flow will allow any

Figure 1. Predictive nomogram for the probability of sepsis in patients with acute cholangitis.
SBP: systolic blood pressure.
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bacteria present more time to multiply, pos-

sibly leading to infection. Patients with

acute cholangitis present with a wide dis-

ease spectrum: some are mildly ill and

others have severe sepsis and shock. Sepsis

is the tenth leading cause of death in the

United States.19 Previous studies have

shown that the early detection of sepsis

and early goal-directed therapy can

improve prognosis and reduce mortality in

patients with severe sepsis and septic

shock.20 It is therefore necessary to estab-

lish an early predictive model of sepsis in

patients with acute cholangitis.

In this study, a predictive model was

implemented using a nomogram.

Nomograms are used to transform statistical

equations into simplified graphs and they

have become a reliable and convenient tool

for quantifying risk. To our knowledge, the

present study is the first to use the MIMIC-

III database to establish a predictive model

for sepsis in patients with acute cholangitis.

The AUCs for the training and validation

sets both exceeded 0.5, indicating that the

nomogram developed in this study has

good discrimination performance. However,

only 662 acute cholangitis patients from the

Figure 2. ROC curve for the training set.
AUC: area under the ROC curve; ROC: receiver operating characteristic.

Figure 3. ROC curve for the validation set.
AUC: area under the ROC curve; ROC: receiver operating characteristic.
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MIMIC-III database were included in this

study. Future studies could improve the

logistic regression model and nomogram by

using larger samples. The Hosmer–

Lemeshow goodness-of-fit test and the cali-

bration plot further indicated that the model

provided a good fit to the real data.
We found that in patients with acute

cholangitis, sepsis is positively associated

with age, ventilator-support time, diabetes,

coagulopathy and an SBP less than

90mmHg or greater than 140mmHg;

these findings are consistent with previous

research.21–23 Clinical treatments should

focus on patients with these characteristics,

and early treatment with antibiotics should

be used to prevent the occurrence of sepsis.
The present study had some limitations.

First, it used a retrospective design; thus,

additional prospective validation studies

are needed. Second, external validation

from other institutions could facilitate the

wider use of the developed prognostic nomo-

gram. Third, our nomogram was based

on only five available predictors, so the accu-

racy of our model might be improved by

Figure 4. Calibration plot for the training set.
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adding other relevant variables. These limi-

tations could restrict the usefulness of our

nomogram in real clinical practice.

Conclusion

We used logistic regression to develop and

validate a risk-prediction model for sepsis

in patients with acute cholangitis. The

developed nomogram will be valuable in

helping to prevent sepsis in patients with

acute cholangitis.
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