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Abstract 
Predicting the mortality of patients provides a reference for doctors to judge their physical condition. This study aimed to construct 
a nomogram to improve the prediction accuracy of patients’ mortality. Patients with severe diseases were screened from the 
Medical Information Mart for Intensive Care (MIMIC) III database; 70% of patients were randomly selected as the training set for 
the model establishment, while 30% were used as the test set. The least absolute shrinkage and selection operator (LASSO) 
regression method was used to filter variables and select predictors. A multivariable logistic regression fit was used to determine 
the association between in-hospital mortality and risk factors and to construct a nomogram. A total of 9276 patients were 
included. The area under the curve (AUC) for the clinical nomogram based on risk factors selected by LASSO and multivariable 
logistic regressions were 0.849 (95% confidence interval [CI]: 0.835–0.863) and 0.821 (95% CI: 0.795–0.846) in the training and 
test sets, respectively. Therefore, this nomogram might help predict the in-hospital mortality of patients admitted to the intensive 
care unit (ICU).

Abbreviations:  AUCs = area under curves, BMI = body mass index, CI = confidence interval, ICU = intensive care unit, IQRs = 
interquartile ranges, LASSO = least absolute shrinkage and selection operator, MIMIC-III = medical information mart for intensive 
care III, OR = odds ratio, SOFA = the sequential organ failure assessment.
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1. Introduction

The intensive care unit (ICU) provides a continuous monitor-
ing system for critically ill patients with potential for reha-
bilitation or life-threatening diseases and is committed to 
providing targeted monitoring and best care.[1] Due to the 
high fatality rate and expensive medical resources, the ICU has 
attracted extensive attention in the medical community.[2] To 
facilitate continuous monitoring of all patients and ensure that 
any deterioration of their condition is detected and corrected 
before it becomes a fatal disease, the ICU staff to patients 
ratio is often very high, which has been proven to improve 
results.[3] Therefore, the ICU is a data-rich environment crucial 
for quantifying patients’ health and predicting future results. 
One of the most directly relevant results for ICU is patient 
mortality.[4] Mortality prediction based on patient character-
istics provides a reference for doctors to judge their physical 
condition and determine survival rates and plays an important 

role in health care and resource allocation. Since 1991, various 
studies have developed models for mortality prediction, espe-
cially the Apache-III scoring system proposed by Knaus et al,[5] 
which is still one of the criteria for predicting the severity of 
patients in ICUs. Other scoring systems have also been devel-
oped, including the Acute Physiology Score III,[6] Simplified 
Acute Physiology Score,[7] Simplified Acute Physiology Score 
II,[8] the Sequential Organ Failure Assessment (SOFA) score,[9] 
the Logistic Organ Dysfunction Score,[10] and the Oxford 
Acute Severity of Illness Score.[11] However, some previous 
studies[12–14] have indicated that traditional scoring systems 
are weighted according to the severity, vital signs, and other 
parameters of ICU patients to predict whether they will expe-
rience life-threatening events such as sepsis, cardiac arrest, and 
respiratory arrest, presenting unsatisfactory prediction sensi-
tivity and specificity. Although Yun et al used 43 demographic, 
laboratory, hemodynamic, surgical, and disease-specific vari-
ables to construct a machine learning model to improve the 
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predictive accuracy of mortality, it contains multiple cum-
bersome metrics to calculate.[4] Therefore, more precise, and 
easy-to-use prediction models are needed to improve mortality 
prediction of ICU patients.

Nomograms are recommended for predicting the progno-
sis of various cancers.[12,15,16] They are easier to calculate and 
transform into a normalized individual mortality probability, 
facilitating the comprehension of individual mortality risk for 
patients without professional medical knowledge. Therefore, 
this study aimed to develop and validate a nomogram for pre-
dicting the in-hospital mortality of ICU patients.

2. Material and Methods

2.1. Data source

This study used the Medical Information Mart for Intensive 
Care (MIMIC) III database, a publicly available clini-
cal database developed through a collaboration among the 
Massachusetts Institute of Technology, Philips Healthcare, and 
Beth Israel Deaconess Medical Center. This database includes 
information on patients admitted to various ICUs of Beth Israel 
Deaconess Medical Center in Boston, Massachusetts, from 2001 
to 2012.[17,18] To access this database, we needed to complete 
the National Institutes of Health’s web-based course: Protecting 
Human Research Participants (certification number 37796456).

2.2. Study population and potential predictive variables

Referring to clinical experience, published literature, and the 
MIMIC-III database, we selected potential predictive variables, 
including the following patient characteristics at hospital admis-
sion: sex; age; BMI; SOFA; serum levels of Na+, K+, and Ca+; 

blood glucose; mean creatinine; mean osmotic pressure; mean 
albumin; and complications: cardiac arrhythmia, chronic pul-
monary disease, peripheral vascular disease, liver disease, dia-
betes, cancer, and fluid and electrolyte disorders. Additionally, 
the Elixhauser comorbidity score is a composite scoring system 
commonly used to evaluate the prognosis of inpatients for the 
underlying disease and is often used in studies to reflect dis-
ease severity and as an important confounding factor requir-
ing adjustment.[19–21] Herein, the Elixhauser comorbidity score 
was directly extracted to visualize the MIMIC III database 
(Supplemental Digital Content 1, http://links.lww.com/MD/
H674).

2.3. Primary study outcome

The outcome of our study was in-hospital death, defined as mor-
tality status at hospital discharge. Only the first ICU stay was 
considered for patients with more than one stay. The beginning 
of follow-up was considered the date of the patient’s admis-
sion. The date of death was obtained from the US government’s 
Social Security Death Index records and should not exceed the 
discharge date from the hospital.

2.4. Statistical analysis

Due to the ICU particularities, it is impossible to guarantee that 
each patient’s data will be fully recorded. Hence, some patients 
may lack some data or present some errors. In our dataset, 
we characterized the missing data as “Missing Completely at 
Random (MCAR)” and “Missing at Random (MAR),” assum-
ing that the staff in the hospital would not delete the values 
on purpose or that patients would not refuse to do the tests. 
Thus, we could use some imputation methods to process the 

Figure 1.  The pattern of missing values in the dataset (A) and the LASSO regression method was applied to filter variables and select predictors (B). LASSO = 
least absolute shrinkage and selection operator.
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missing data. Multiple imputations are preferable rather than 
entirely removing data in some areas,[22] used in some studies for 
preprocessing missing values. Predictive mean matching usually 
presents the best performance when <50% of cases have missing 
values.[23–25] Thus, we used multiple imputations with predictive 
mean matching for missing data.[26]

Participant characteristics are represented using descriptive 
statistics. Categorical variables are presented as numbers and 
percentages, such as sex, fluid and electrolyte disorders, can-
cer, cardiac arrhythmia, chronic pulmonary disease, periph-
eral vascular disease, liver disease, and diabetes. Continuous 
variables, including age, BMI, Na+, K+, initial glucose, mean 
osmotic pressure, Ca+, mean creatinine, SOFA, mean albumin, 
and the Elixhauser comorbidity score were analyzed by the 
Kolmogorov-Smirnov test, and none of them satisfied the nor-
mality hypothesis. Thus, these non-normal variables are pre-
sented as medians and interquartile ranges (IQRs). Differences 
in categorical variables between the death and survival groups 
were compared using the χ2 test for large samples, whereas 
numerical variables were compared using the Mann–Whitney 
U test.

Least absolute shrinkage and selection operator (LASSO) was 
applied to these potential variables for feature selection using 
the “Glmnet” R package. Then, we used logistic regression for 
multivariable analysis of the selected features. A nomogram was 
formulated based on the results of the multivariable analysis 
using the “regplot” R package (v. 3.6.0; http://www.r-project.
org/). The “pROC” R package was used to draw the receiver 
operating characteristic curve and evaluate the model effects by 

calculating the area under the curve (AUC). The performance 
of the nomogram was assessed by comparing nomogram-pre-
dicted versus observed probability. Bootstraps with 1000 resam-
ples were used for these activities. Finally, the calibration curve 
was derived from the regression analysis. All statistical tests 
were 2-sided, with the significance level set at 0.05. We used the 
STROBE checklist when writing our report.

3. Results
The database contains records for 58,976 admissions. Here, 
12,509 were excluded due to duplications. Of the remaining 

Table 1

Baseline characteristics of participants.

Variables Survival (n = 8183) Death (n = 1093) P value 

Age, median (IQR) 65.0 (52.0, 77.0) 75.0 (61.0, 84.0) <.001

BMI, median (IQR) 24.0 (22.2, 27.1) 22.5 (21.7, 25.5) <.001
Na+, median (IQR) 138.8 (136.9, 140.6) 139.5 (136.2, 142.4) <.001
K+, median (IQR) 4.1 (3.9, 4.3) 4.1 (3.9, 4.5) .001
Blood glucose, median (IQR) 7.1 (5.8, 9.1) 7.6 (5.9, 9.8) <.001
Mean osmotic pressure, median (IQR) 299.8 (295.4, 305.5) 308.0 (299.8, 316.9) <.001
Ca+, median (IQR) 2.1 (2.0, 2.2) 2.1 (2.0, 2.2) <.001
Mean creatinine, median (IQR) 79.6 (61.9, 106.8) 109.0 (70.7, 180.1) <.001
SOFA, median (IQR) 6.0 (3.0, 9.0) 10.0 (7.0, 14.0) <.001
Mean albumin, median (IQR) 3.3 (2.9, 3.7) 2.8 (2.4, 3.2) <.001
Elixhauser comorbidity score, median (IQR) 4.0 (0.0, 5.0) 0.0 (0.0, 5.0) <.001
Fluid and electrolyte disorders, n (%)   .006
 � No 8102 (88.31) 1072 (11.69)  
 � Yes 81 (79.41) 21 (20.59)  
Cancer, n (%)   .309
 � No 294 (86.47) 46 (13.53)  
 � Yes 7889 (88.28) 1047 (11.72)  
Sex, n (%)   <.001
 � Male 4673 (89.56) 545 (10.44)  
 � Female 3510 (86.50) 548 (13.50)  
Cardiac arrhythmia, n (%)   <.001
 � No 5119 (85.37) 877 (14.63)  
 � Yes 3064 (93.41) 216 (6.59)  
Chronic pulmonary disease, n (%)   <.001
 � No 7351 (89.33) 878 (10.67)  
 � Yes 832 (79.47) 215 (20.53)  
Peripheral vascular disease, n (%)   <.001
 � No 7010 (86.90) 1057 (13.10)  
 � Yes 1173 (97.02) 36 (2.98)  
Liver disease, n (%)   <.001
 � No 8055 (88.49) 1048 (11.51)  
 � Yes 128 (73.99) 45 (26.01)  
Diabetes, n (%)    
 � No 8075 (88.13) 1088 (11.87) .015
 � Yes 108 (95.58) 5 (4.42)  

BMI = body mass index, IQR = interquartile range, SOFA = sequential organ failure assessment.

Table 2

Results of multivariable analysis.

Variables 

Training set Test set

Odds ratio (95% CI) 
P  

value Odds ratio (95% CI) 
P 

value 

Sex 1.444 (1.211–1.722) <.001 1.378 (1.049–1.812) .021
Age 1.023 (1.017–1.029) <.001 1.021 (1.012–1.030) <.001
BMI 0.946 (0.930–0.963) <.001 0.944 (0.917–0.971) <.001
Mean osmotic 

pressure
1.039 (1.031–1.047) <.001 1.046 (1.033–1.060) <.001

SOFA 1.266 (1.239–1.294) <.001 1.235 (1.192–1.279) <.001
Mean albumin 0.468 (0.404–0.542) <.001 0.526 (0.420–0.659) <.001

BMI = body mass index, CI = confidence interval, SOFA = sequential organ failure assessment. 

http://www.r-project.org/
http://www.r-project.org/
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46,467 admissions, 37,191 were excluded because the patients 
were neonates (7870) or had incomplete data (29321). Finally, 
9276 ICU patients were included, 1093 non-survivors and 
8183 survivors, comprehending a mortality rate of 11.78% 
(Supplemental Digital Content 2, http://links.lww.com/MD/
H675). Some missing values in the dataset and the amount 
of missing data in the variables are shown in Supplemental 
Digital Content 3, http://links.lww.com/MD/H676. We used 
the VIM package to evaluate the pattern of missing values 
(Fig.  1A). The red line separates part of the area, and most 
missing values are on mean albumin. Using the “MICE” R 
package, we set the number of iterations to 50 to reduce the 
impact of random factors. Nineteen baseline and clinical fea-
tures were selected based on medical expertise and practical 
clinical experience (Table 1). These results showed that, apart 
from 3 cancer complications, all variables were significantly 
different between the deceased and survived groups (P < .05). 
The median age of patients in the deceased group was 75 years 
(IQR: 61.0–84.0), significantly higher than the survival group 
(median age: 65 years, IQR: 52.0–77.0). The mean BMI ranged 
from 21.7 to 25.5 kg/m2 in the death group and from 22.2 
to 27.1 kg/m2 in the survival group. The initial glucose level 
of the death group (median: 7.556 mg/dL) was higher than 
the survival group (median: 7.056 mg/dL); the mean osmotic 
pressure of the death group (median: 308.028 mmol/L) was 
significantly higher than that of the survival group (299.844 
mmol/L). However, both were within the normal osmotic pres-
sure range specified by MIMIC (290–309 mmol/L). The SOFA 
score of the death group (median: 10, IQR: 7–14) was signifi-
cantly higher than the survival group (median: 6, IQR: 3–9). 
We also observed appreciable differences by sex (P < .05). The 
complications with significant differences included fluid and 

electrolyte disorders, cancer, cardiac arrhythmia, chronic pul-
monary disease, peripheral vascular disease, liver disease, and 
diabetes.

Furthermore, all characteristic variables were included in 
the LASSO regression to evaluate their impact on in-hospi-
tal mortality (Fig.  1B). After feature selection, 6 variables 
remained significant predictors of in-hospital mortality: age, 
BMI, mean osmotic pressure, SOFA, mean albumin, and sex. 
Including 19 variables in a LASSO-logistic regression model 
resulted in 6 variables that were independently statistically 
significant predictors of in-hospital mortality (Table 2). The 
multivariable analysis in training test demonstrated that 
sex (odds ratio [OR], 1.444; 95% confidence interval [CI]: 
1.211–1.722), age (OR, 1.023; 95% CI: 1.017–1.029), mean 
osmotic pressure (OR, 1.039; 95% CI: 1.031–1.047), and 
SOFA (OR, 1.266; 95% CI: 1.239–1.294) were indepen-
dent protectors for in-hospital mortality of ICU patients (all 
P < .05); BMI (OR, 0.946; 95% CI: 0.930–0.963) and mean 
albumin (OR, 0.468; 95% CI: 0.404–0.542) were indepen-
dent risk factors (all P < .05). A similar result was observed 
in the test set. The nomogram incorporating all significant 
independent factors from the multivariable analysis for pre-
dicting in-hospital mortality is presented in Figure  2. The 
calibration curve for the training and test sets are shown in 
Figure 3A and B, respectively, and illustrate the good agree-
ment between predictions and observations. In the training 
set, the AUC was 0.849 (95% CI: 0.835–0.863) (Fig.  3C), 
close to the observed in the test set (AUC: 0.821, 95% CI: 
0.795–0.846) (Fig.  3D). These AUCs were higher than the 
SOFA alone (AUC: 0.746; 95% CI: 0.717–0.776) (Fig.  4). 
Therefore, the nomogram performed well in predicting the 
mortality of ICU patients.

Figure 2.  Nomogram for predicting in-hospital mortality. To use the nomogram, an individual patient’s value is located on each variable axis, and a line is drawn 
upward to determine the number of points received for each variable value. The sum of these numbers is located on the Total Points axis, and a line is drawn 
downward to the risk of in-hospital mortality. BMI = body mass index, SOFA = sequential organ failure assessment.

http://links.lww.com/MD/H675
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4. Discussion

Herein, we combined the SOFA score to construct an improved 
model to predict the development of critical illness among hos-
pitalized patients. We evaluated the effectiveness of the newly 
developed prediction model, and the results were similar to 
an existing scoring system (the SOFA score). Accurate predic-
tion of mortality risk for patients admitted to an ICU can help 
assess the severity of a patient’s disease to a certain extent, as 
well as their prognoses, so that medical resources can be rea-
sonably allocated. Although most previous models based on 
scoring systems for outcome prediction have been developed 
for a long time, and some have been widely used, they can be 
considered suboptimal since any score dependent on clinical cri-
teria and laboratory variables can be subject to variation during 

assessments. These variations might be related to differences in 
laboratory assays, changes in personnel performing the exam-
inations and confounders not measured within the score.[27] 
For example, Yun et al used 43 variables to build a machine 
learning model to improve the accuracy of mortality prediction. 
However, a small number of variables were beneficial to help 
clinicians make quick decisions because they do not require 
additional laboratory testing.[4]

Nomograms are 2-dimensional graphic calculators that can 
conveniently diagnose diseases and rapidly evaluate progno-
sis.[28,29] Many studies[15,29] have shown their potential value in 
clinical practice. In the present study, we first determined the 
main potential risk factors affecting the mortality of critically ill 
patients based on MIMIC-III data and relevant literature. The 
univariate analysis showed that all variables might be related to 

Figure 3.  The calibration curves indicate the goodness-of-fit of the nomogram and ROC curves identifying the optimal cutoff value for predicting in-hospital 
mortality. (A) Calibration curve for the training set. (B) Calibration curve for the test set. The dotted line 45 degrees represents the ideal prediction, and the other 
dotted line represents the predictive performance of the nomogram. The closer the dotted line approaches the ideal prediction line, the better the predictive 
efficacy of the nomogram is. The solid line represents the internal validation curve based on Bootstrap sampling. (C) ROC curves for the training set. (D) ROC 
curves for the test set. AUC = the area under curve, ROC curve = receiver operating characteristic curve.



6

Liu et al.  •  Medicine (2022) 101:42� Medicine

the in-hospital mortality of ICU patients, except cancer compli-
cations. Then, we used multivariable logistic regression analysis 
to find independent risk factors for in-hospital mortality. We 
noticed that if all variables were included in the model, it would 
be detrimental to parameter estimation due to the large number 
of variables. Additionally, we expect to use the fewest and clini-
cally significant variables to construct the nomogram model for 
clinical applications. Therefore, we used the LASSO regression 
model for variable screening. The principle of this method is 
to add a penalty term based on least squares to compress the 
estimated parameters. When the parameter is compressed to a 
threshold, it becomes 0.[30] Thus, the independent variables with 
relatively greater influence can be screened, and the correspond-
ing regression coefficients can be calculated. Besides, LASSO 
regression is often used to deal with the problem of multicol-
linearity between independent variables. The univariate analysis 
indicated that age, BMI, sex, Ca+, Na+, K+, blood glucose, mean 
creatinine, mean osmotic pressure, mean albumin, Elixhauser 
comorbidity score, fluid and electrolyte disorders, cancer, car-
diac arrhythmia, chronic pulmonary disease, peripheral vascular 
disease, liver disease, and diabetes were associated with in-hos-
pital death. Incorporating them into the LASSO-logistic regres-
sion model showed that sex, age, BMI, mean osmotic pressure, 
SOFA score, and mean albumin were independent risk factors 
for in-hospital death of ICU patients. Next, we constructed 
nomograms based on logistic regression and evaluated them 
via the AUCs and the calibration curve. Finally, we compared 
it with the traditional SOFA scoring system, demonstrating that 
our model performed well.

Several factors have been reported regarding the ICU mortal-
ity risk, such as SOFA, BMI, age, and mean osmotic pressure. 

The SOFA score was proposed by the European Association of 
Critical Care Medicine in 1994 to assess organ failure in criti-
cally ill patients.[9,31] Many studies have shown that the SOFA 
score is closely related to the prognosis of ICU patients,[32] 
becoming a necessary tool for sepsis diagnosis according to the 
new definition of sepsis.[33] However, the conclusions on the 
prognostic value of the SOFA score at different time points are 
inconsistent.[27] For example, Vincent et al[31] followed up 40 
intensive care patients in multiple countries and found that the 
SOFA score during hospitalization was related to hospital death. 
Ferreira et al[32] followed up 352 hospitalized patients in a sin-
gle-center ICU and found that, compared to the SOFA score at 
admission, the average and maximum SOFA score during hos-
pitalization had a higher prognostic predictive ability, consistent 
with our current findings. We also observed that older patients 
presented a higher mortality risk. Regarding the BMI, some 
studies[34] have shown that obese or overweight ICU patients had 
markedly lower 30-day and 1-year mortality risks, besides higher 
incidences of many comorbidities and similar admission acuity 
compared to normal-weight counterparts. Another study has 
also indicated that being overweight is a risk factor leading to a 
poor prognosis.[35] Furthermore, osmotic pressure disorders are 
common in ICU patients and are related to intracellular dehydra-
tion or edema, leading to undesirable consequences. Holtfreter et 
al[36] evaluated the ability of the mean osmotic pressure to pre-
dict the mortality of ICU patients (AUC: 0.732) and found an 
“S”-shaped relationship between the mean osmotic pressure and 
mortality. These results might be related to the heterogeneity of 
patients admitted to the ICU, which was ignored.

Our current study also has some limitations. First, its post hoc 
nature should be considered when evaluating the findings. Although 

Figure 4.  The ROC curve of SOFA score for the training set and the test set. ROC curve = receiver operating characteristic curve, SOFA = sequential organ 
failure assessment.
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we attempted to eliminate the confounding factors through sev-
eral adjustments and models, residual confounders might remain. 
Second, we used data source which may not fully capture all of 
the clinical factors associated with discharge bias, meaning that 
the differences in discharge bias that we observed may be par-
tially attributable to unmeasured clinical variables, which might 
lead to detection or misclassification biases. Third, MIMIC-III is a 
single-center database. Thus, future research should use data from 
multiple centers or hospitals to increase the generalization perfor-
mance and obtain a more widely usable model. Finally, for internal 
validation, the calibration plot demonstrated that the predicted 
probability derived from the nomogram corresponded well with 
the observed probability. However, further external validation is 
required to validate the recommended nomogram.

5. Conclusion
We demonstrated that our nomogram outperformed conven-
tional and widely used SOFA scoring systems. This model might 
be clinically valuable and assist clinicians in tailoring precise man-
agement and therapy for ICU patients. Nevertheless, additional 
studies are required to increase the generalization performance.
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