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A dynamic model to predict early occurrence
of acute kidney injury in ICU hospitalized
cirrhotic patients: a MIMIC database analysis

Huilan Tu'", Junwei Su'", Kai Gong?", Zhiwei Li?, Xia Yu', Xianbin Xu', Yu Shi'" and Jifang Sheng"

Abstract

Background This study aimed to develop a tool for predicting the early occurrence of acute kidney injury (AKI) in ICU
hospitalized cirrhotic patients.

Methods Eligible patients with cirrhosis were identified from the Medical Information Mart for Intensive Care
database. Demographic data, laboratory examinations, and interventions were obtained. After splitting the
population into training and validation cohorts, the least absolute shrinkage and selection operator regression model
was used to select factors and construct the dynamic online nomogram. Calibration and discrimination were used to
assess nomogram performance, and clinical utility was evaluated by decision curve analysis (DCA).

Results A total of 1254 patients were included in the analysis, and 745 developed AKI. The mean arterial pressure,
white blood cell count, total bilirubin level, Glasgow Coma Score, creatinine, heart rate, platelet count and albumin
level were identified as predictors of AKl. The developed model had a good ability to differentiate AKI from non-AK,
with AUCs of 0.797 and 0.750 in the training and validation cohorts, respectively. Moreover, the nomogram model
showed good calibration. DCA showed that the nomogram had a superior overall net benefit within wide and
practical ranges of threshold probabilities.

Conclusions The dynamic online nomogram can be an easy-to-use tool for predicting the early occurrence of AKl'in
critically ill patients with cirrhosis.
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Background

Acute kidney injury (AKI) is characterized by a swift and
pronounced decline in renal function, making it one of
the most prevalent complications among patients with
severe cirrhosis, particularly those admitted to the inten-
sive care unit (ICU) [1]. It is reported that AKI occurs
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« The model had a good ability to
differentiate AKI from non-AKI among
patients with cirrhosis with AUCs of
0.797 and 0.750 in the training and
validation cohorts, respectively.

« The nomogram showed good
calibration with a 1000 bootstrap
analysis.

« The DCA curve analysis showed that
the nomogram had superior overall
net benefit within the wide and
practical ranges of threshold
probabilities.
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= The developed dynamic nomogram
can be an easy-to-use tool to predict
the early occurrence of AKI in
cirrhosis patients in ICU.

15-day and 30-day cumulative mortality can be 22.5%
and 42.1%, respectively [4]. AKI develops rapidly in ICU
patients with cirrhosis, with a median time of occur-
rence of 2—4 days, and the in-hospital mortality rate is
extremely high, which can reach 29.8% [5, 6]. Early diag-
nosis and treatment of AKI are essential for reducing
mortality and improving prognosis. Therefore, early iden-
tification of cirrhotic ICU patients at high risk for AKI is
crucial for timely intervention and improved prognosis.

In the past decade, a number of studies have focused
on identifying the risk factors for the development of AKI
in patients with cirrhosis [7-9] and other specific clinical
situations (such as after cardiac surgery, hospital acqui-
sition, contrast exposure, general surgery, high-risk sur-
gery, etc.) [10-14]. Some studies have also investigated
the risk of AKI in ICU patients, however, these studies
have not fully considered the competitive risk of death
for AKI, and have not constructed a short-term mortal-
ity risk after admission [5, 6, 15]. Given the high inci-
dence, rapid progression, and high short-term mortality
rate of AKI in ICU hospitalized patients with cirrhosis,
we believe that developing a simple short-term predictive
model is crucial.

Multiparameter Intelligent Monitoring in Intensive
Care Database IV (MIMIC-IV) is a large public relations

database. It collected the clinical data of more than
380,000 patients admitted to the Beth Israel Deaconess
Medical Center in Boston, Massachusetts, from 2008 to
2019, including demographic information, laboratory
examination, medication, vital signs, surgical procedures,
disease diagnosis, drug management, survival status,
and other details. Using the MIMIC database, research-
ers have analyzed the relationship between AKI and
mortality in critically ill sepsis patients [16], established
a prediction model for the risk of AKI in septic patients
[17], and created a prognostic model for diabetic patients
with AKI [18]. However, there is no relevant research or
clinical prediction model for the risk assessment of AKI
within 7 days after admission in ICU patients with liver
cirrhosis. Therefore, we conducted this analysis with the
aim of developing a simple and clinically useful dynamic
nomogram that includes the most prominent param-
eters to predict the early occurrence of AKI in critically
ill patients with cirrhosis. We believe that it is necessary
to develop an improved AKI early clinical risk prediction
tool in the ICU to provide doctors with practical infor-
mation about precautions, early diagnosis, and targeted
intervention.
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Methods

Source of data

The MIMIC database was created by the Massachusetts
Institute of Technology (MIT) and approved by the Insti-
tutional Review Board (IRB) of the Beth Israel Deaconess
Medical Center (No. 2001-P-001699/15). We applied the
version of MIMIC-IV v2.0 released on June 12, 2022. This
retrospective observational study used database man-
agement software and structured query language (SQL)
to extract the clinical data of patients. All relevant data
were exported, processed, and analyzed using data analy-
sis software. Such an analysis has no impact on the treat-
ment of patients and is safe. The author Tu. H obtained
the Collaborative Institutional Training Initiative (CITI)
license (certification No. 51704839) and the right to use
the MIMIC-IV v2.0 database according to the relevant
regulations. The work described has been carried out fol-
lowing The Code of Ethics of the World Medical Associa-
tion (Declaration of Helsinki). Since all protected private
information had been identified and deleted, informed
consent from patients was no longer required.

Population selection criteria

All patients with cirrhosis who were hospitalized for the
first time in the MIMIC IV v2.0 database were screened.
If there were multiple ICU stays during hospitalization,
the data from the first ICU admission were used. The
diagnosis of cirrhosis was combined with histological
diagnosis or imaging findings with clinical manifestations
(such as ascites, esophageal varices, sepsis, gastrointesti-
nal bleeding, progressive jaundice, hepatic encephalopa-
thy, or spontaneous bacterial peritonitis). The diagnosis
and staging of AKI referred to the standard of Kidney
Disease Improving Global Outcomes (KDIGO): Stage
I: Increase in serum Cr (sCr) of 0.3 mg/dl within 48 h,
increase of 1.5-2xbaseline Cr in the last 7 d, or urine out-
put (UOP)<0.5 ml/kg/h for 6-12 h; Stage 2: 2—3xbase-
line sCr or UOP<0.5 ml/kg/h for at least 12 h; Stage 3:
3xbaseline sCr, increase of 0.5 mg/dl above the absolute
level of 4.0 mg/dl, on renal replacement therapy (RRT),
UOP<0.3 ml/kg/h for 24 h, or 12 h of anuria. The base-
line creatinine for this study is defined as the most
recent creatinine value before admission to the ICU. If
the patient’s creatinine value was not measured before
admission to the ICU, the first creatinine value mea-
sured after admission to the ICU is used as the baseline
creatinine.

In order to reduce the competitive risk of death for
AKI, we have implemented stricter inclusion of patients
to minimize patient deaths caused by other serious extra-
hepatic events. The exclusion criteria were as follows: (1)
length of stay in the ICU was less than 48 h or died within
48 h after ICU admission; (2) age<18 and >80 years; (3)
liver cancer or other malignant tumors; (4) complications

Page 3 of 10

such as myocardial infarction, congestive heart failure,
cerebrovascular disease, chronic complications of diabe-
tes, AIDS, and other life-threatening extrahepatic organ
diseases; (5) liver transplantation performed before
admission or during the hospital stay; (6) diagnosis of
chronic kidney disease (CKD); and (7) occurrence of AKI
before admission. CKD diagnosis refers to the KDIGO
guidelines, defined as sustained renal structural or func-
tional abnormalities (GFR<60 ml/min/1.72 m?)>90 days
[19].

Research variables

As our goal is to construct the probability of AKI occur-
ring within 7 days after ICU admission, patients with AKI
after 7 days of admission were further excluded. Data on
each patient, including demographic characteristics, vital
signs, comorbidities and complications, laboratory exam-
inations, and interventions, were obtained from MIMIC-
IV 2.0. Demographic characteristics including age and
sex were collected from the original database. Vital signs,
including respiratory rate (RR, beats/min), heart rate
(HR, beats/min), temperature (Temp, °C), mean arterial
pressure (MAP), and arterial oxygen saturation (SpO,)
upon ICU admission, were collected from charting at
CHARTERS. Laboratory parameters, including WBC
count, hemoglobin (Hb), platelet count (PLT), INR, BUN,
creatinine (Cr), sodium (Na), chloride (Cl), potassium
(K), calcium (Ca), total bilirubin (TB), ALT, AST, albu-
min (Alb) level, and blood glucose (Glu) were recorded
in the table of laboratory events. Hospital interventions,
including mechanical ventilation, RRT, and the use of
vasoactive drugs and antibiotics were recorded. Model
for End-Stage Liver Disease score (MELD), systemic
inflammatory response syndrome (SIRS) score, Glasgow
Coma Score (GCS), and urine volume (UV) were calcu-
lated using the data from the first 24 h of ICU stay. All
comorbidities and complications were identified accord-
ing to the ICD-9 or ICD-10 code records. The length of
hospitalization, in-hospital mortality, and mortality at 28
days, 90 days, and 1 year after discharge were calculated
using the original database.

Missing data handling

Missing data is widespread in the MIMIC database. The
missing values of the variables included in this study are
all <20%. When filling in missing data, continuous vari-
ables with a normal distribution are supplemented with
the mean, while variables with a skewed distribution are
supplemented with the median. Besides, there are no
missing values in the binary variables we included.

Statistical analysis
Eligible patients were divided into training and validation
cohorts with a split ratio of 2: 1. Data from the training
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cohort were used to construct the dynamic nomogram,
whereas data from the validation cohort were used to
validate the model. Continuous variables were expressed
as the mean (SD) or median and interquartile range and
analyzed using the unpaired t-test or Wilcoxon rank-sum
test, as appropriate. Categorical variables are presented
as frequencies and percentages and were analyzed using
Fisher’s exact test. Independent risk factors for predict-
ing the occurrence of AKI in patients with cirrhosis were
screened using a training cohort based on the least abso-
lute shrinkage and selection operator (LASSO) logistic
regression [20], which is a shrinkage method that can
actively select from a large and potentially multicollinear
set of variables in the regression, resulting in a more rel-
evant and interpretable set of predictors. A nomogram
model was established using the screened independent
risk factors as variables, and an interactive web-based
dynamic nomogram application was built using Shiny.
The nomogram performance was assessed using discrim-
ination and calibration. The discriminative ability of the
model was determined using the area under the receiver
operating characteristic curve [21]. The prediction model
was calibrated using a visual calibration plot comparing
the predicted and actual probabilities of AKI. A decision
curve analysis was also performed to determine the net
benefit threshold of prediction [22]. All the above analy-
ses were repeated 1000 times using bootstrap to reduce
the deviation.

The statistical significance of all analyses was set at P
level less than 0.05. IBM SPSS Statistics (version 22.0;
IBM Corporation, Armonk, New York, USA) and R ver-
sion 4.2.2 (The R Foundation for Statistical Computing,
Austria, and Vienna) were used as the analysis software
in this study.

Liver cirrhosis patients admitted to
ICU for the first time from MIMIC-IV
2.0 (n=3185)
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Results
Baseline characteristics
The procedure for patient selection is illustrated in Fig. 1.
A total of 1254 patients with liver cirrhosis were included
in the analysis. Among them, 745 patients (59.4%) devel-
oped AKI within 7 days of entering the ICU. The char-
acteristics of the eligible patients are shown in Table 1.
Subsequently, these 1254 patients were randomly divided
into the training and validation cohorts with a split
ratio of 2: 1. Baseline clinical data were similar between
the training and validation cohorts (Table 2). AKI was
detected in 58.9% (492/836) and 60.5% (253/418) of the
patients in the training and validation sets, respectively.
As shown in Table 1, there was no significant difference
in age and sex between patients with AKI and those with-
out AKI. Patients without AKI had a higher proportion
of hypertension [190 (37.3%) vs. 236 (31.7%), P=0.038],
but there was no significant difference in the incidence
of diabetes and COPD. 62.0% of the enrolled population
had alcohol related cirrhosis was the cause of cirrhosis,
but there was no difference between the AKI and non-
AKI group. In terms of liver cirrhosis complications, the
people with AKI were more likely to have hydrothorax,
ascites, jaundice, hepatic encephalopathy, and infection
than those without AKI. The admission risk score was
higher in the MELD score [22.67+9.75 vs. 16.58+8.35,
P<0.001] and SIRS score [3 (2-3) vs. 2 (2-3), P<0.001]
in the AKI group than that in the non-AKI group. The
GCS score [13 (9-15) vs. 15 (14-15), P<0.001] in the
AKI group was lower than that in the non-AKI group.
In addition, the usage proportions of renal replacement
therapy, mechanical ventilation, vasoactive drugs, and
antibiotics in AKI group were higher than those in non-
AKI group, the length of hospitalization were also longer.

Exclude:

1. ICU duration <48 h or died within 48h (n=6)
2. Age <18 or > 80 (n=0)

3. Combined with malignant tumors (n=498)
4. Complicated with life-threatening
extrahepatic organ diseases (n=909)

5. Liver transplantation (n=181)

6. Diagnosed with CKD (n=158)

7. AKI occurred before admission (n=151)

Eligible patients (n=1282) |

Further exclude:
1. AKl occurred beyond 7 days (n=28)

Training cohort

(n=836) (n=418)

Validation cohort

Fig. 1 The flowchart of patient selection
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Table 1 Baseline characteristics of the eligible patients with liver
cirrhosis
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Table 2 Baseline characteristics between the training and
validation cohorts

Characteristics Total Without AKI  With AKI P
(n=1254) (n=509) (n=745) value

Age (years) 55.12+11.04 5468+11.34 5541+£10.83 0.246

Male, n (%) 788(62.8%) 323(63.5%) 465(62.4%) 0.708

Comorbidities

Hypertension, 426(34.0%) 190(37.3%) 236(31.7%) 0.038

n (%)

Diabetes, n (%)  337(26.9%) 149(29.3%) 188(252%)  0.113

COPD, n (%) 258(20.6%) 96(18.9%) 162(21.7%) 0.215

Cirrhosis

Alcohol related,  778(62.0%) 318(62.5%) 460(61.7%) 0.794

n (%)

Nonalcohol 476(38.0%) 191(37.5%)  285(38.3%)

related, n (%)

complication

Hydrothorax, 108(8.6%) 22(4.3%) 86(11.5%) <0.001

n (%)

Ascites, n (%) 274(21.9%)  95(18.7%) 17924.0%)  0.024

Jaundice,n (%)  396(31.6%) 102(20.0%)  294(39.5%)  <0.001

HE, n (%) 234(18.7%) 48(9.4%) 186(25.0%) <0.001

UGIB, n (%) 205(16.3%)  88(17.3%) 117(15.7%) 0456

Infection, n (%) 920(73.4%) 307(60.3%) 613(82.3%) <0.001

Scoring systems

GCS 14(12-15) 15(14-15) 13(9-15) <0.001

MELD 2020+9.68 1658+835 2267+£9.75 <0.001

SIRS 3(2-3) 2(2-3) 3(2-3) <0.001

Intervention

RRT, n (%) 82(6.5%) 0(0%) 82(11.0%) <0.001

Mechanical ven-  911(72.6%) 268(52.7%) 643(86.3%) <0.001

tilation, n (%)

vasoactive drugs, 400(31.9%) 57(11.2%) 343(46.0%) <0.001

n (%)

Antibiotics, n (%) 960(76.6%) 330(64.8%) 630(84.6%) <0.001

Length of 7.73(4.67- 5.25(3.66— 10.13(5.96-  <0.001

hospital stay 13.72) 8.84) 16.84)

(days)

Deaths

In-hospital, n (%) 177(14.1%) 9(1.8%) 168(22.6%) <0.001

28 days, n (%) 242(19.3%) 22(4.3%) 220(29.5%) <0.001

90 days, n (%) 298(23.8%)  43(8.4%) 255(34.2%)  <0.001

1 year, n (%) 404(32.2%) 95(18.7%) 309(41.5%) <0.001

COPD, Chronic Obstructive Pulmonary Disease; HE, hepatic encephalopathy;
UGIB, upper gastrointestinal bleeding; GCS, Glasgow Coma Score; MELD, Model
for End-Stage Liver Disease; SIRS, Systemic inflammatory response syndrome;
RRT, renal replacement therapy

From the perspective of prognosis, the hospital mortality
[168 (22.6%) vs. 9 (1.8%), P<0.001], 28 day mortality [220
(29.5%) vs. 22 (4.3%), P<0.001], 90 day mortality [255
(34.2%) vs. 43 (8.4%), P<0.001] and one-year mortality
[309 (41.5%) vs. 95 (18.7%), P<0.001] of patients with
AKI were significantly higher than those without AKL

Characteristics Training cohort  Validation P

(n=836) cohort value
(n=418)

Age (years) 55.24+10.99 5487+11.14 0572
Male, n (%) 522(62.4%) 266(63.6%) 0679
Comorbidities
Hypertension, n (%) 283(33.9%) 143(34.2%) 0.899
Diabetes, n (%) 220(26.3%) 117(28.0%) 0.528
COPD, n (%) 162(19.4%) 96(23.0%) 0.138
Cirrhosis
Alcohol related, n (%) 511(61.1%) 267(63.9%) 0.344
Nonalcohol related, n (%) 325(38.9%) 151(36.1%)
MELD Score 20.30+9.82 20.00+£940  0.608
AKI, n (%) 492 (58.9%) 253 (60.5%) 0.569
Length of hospital stay 7.54(4.50-13.54) 8.06(4.84~ 0.154
(days) 14.43)
Deaths
In-hospital, n (%) 30(15.6%) 47(11.2%) 0.039
28 days, n (%) 168(20.1%) 74(17.7%) 0312
90 days, n (%) 204(24.4%) 94(22.5%) 0453
1 year, n (%) 282(33.7%) 122(29.2%) 0.104

COPD: Chronic Obstructive Pulmonary Disease; MELD: Model for End-Stage
Liver Disease

Factor associated with AKI development and nomogram
development

Twenty-six variables, including age, sex, vital signs,
comorbidities, and laboratory tests, were measured at
hospital admission in the training cohort (Table 3). In the
comparison between the AKI and non-AKI groups, vari-
ables with P<0.1 were included in the LASSO regression.
Nineteen variables (Temp, HR, RR, MAP, GCS, WBC,
Hb, PLT, INR, BUN, Cr, Na, Cl, Ca, TB, ALT, AST, Glu
and Alb) were included in the original model and were
later reduced to eight potential predictors (MAP, WBC,
TB, GCS, Cr, Alb, HR and PLT) using the LASSO regres-
sion model. A coefficient profile plot and cross-validated
error plot of the LASSO regression model are shown in
Fig. 2A and B. The most regularized and parsimonious
model, included eight variables, as shown by the left ver-
tical dashed line in Fig. 2B. The final logistic model incor-
porated eight independent predictors (Fig. 2C) and was
developed as a simple-to-use nomogram, as shown in
Fig. 2D, and available online (https://yixueliexiantumox-
ing.shinyapps.io/AKlIprediction/), as shown in Fig. 2E.

Nomogram validation

After constructing the model, the area under the receiver
operating characteristic curve (AUC) was used to assess
the accuracy of the model. The receiver operating charac-
teristic (ROC) curves are shown in Fig. 3A and B, which
show that the model has a good ability to differenti-
ate AKI from non-AKI among critically ill patients with
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Table 3 Baseline demographic, vital signs, and laboratory
characteristics of patients in the training cohort

Variable Total Without AKI  With AKI P
(n=836) (n=344) (n=492) value
Age (years) 5524+1099 5457+1151 5571+1060 0.140
Male, n (%) 522(62.4%) 220(64.0%) 302(61.4%) 0450
Admission assessment
Temperature 36.86+047 36.90+0.39 36.84+0.51 0.085
§e)
HR (beats/min) 89.11+1639 86.18+1632 91.15+16.14 <0.001
RR (beats/min) 18.76+4.16 18.26+£3.89 19.10+£4.31 0.004
MAP (mmHg)  7790+1151 8149+1227 7541+£1024 <0.001
SpO2 (%) 96.82+1.86 96.74+1.76 96.88+1.93 0.280
GCS 14(12-15) 15(14-15) 14(9-15) <0.001
Comorbidities
Hypertension,  283(33.9%) 127(36.9%) 156(31.7%) 0.117
n (%)
Diabetes, n (%) 220(26.3%) 94(27.3%) 126(25.6%) 0.579
COPD, n (%) 162(19.4%) 58(16.9%) 104(21.1%) 0.124
Laboratory test
WBC (10%/L) 11.95+7.95 9.70+6.82 13.52+830 <0.001
Hb (g/dL) 927+2.15 9.49+2.20 9.12+2.10 0.013
PLT (10°/L) 109.33+7861 11748+8822 103.67+70.70 0.013
INR 193+1.17 1.74+1.38 2.05+0.98 <0.001
BUN (mg/dl) 263942203 2122+1823 29.98+2368 <0.001
Cr (mg/dL) 1.11+£1.06 0.85+0.60 1.30+1.25 <0.001
Na (mmol/L) 134994628 13571+551 13449+6.72 0.006
Cl (mmol/L) 100.60+7.57 101.18+6.84 10020+803 0.067
K (mmol/L) 3.77+0.59 3.76+0.52 3.78+0.64 0.564
Ca (mmol/L) 7.84+0.82 791+0.79 7.79+0.83 0.035
TB (mg/dL) 3.40(1.40- 2.10(0.90- 4.40(1.98- <0.001
7.50) 4.70) 10.33)
ALT (U/L) 38.00(23.00- 35.00(21.75-  39.50(23.00-  0.040
72.00) 60.00) 81.00)
AST (U/L) 79.00(45.50-  69.00(41.00-  91.00(49.00- <0.001
159.50) 130.00) 176.00)
Glu(mg/dL) 1332444496 129.89+4391 1355244557 0.077
Albumin(g/dL) 2.95+0.56 3.09+0.55 2.86+0.55 <0.001

HR, heart rate; RR, respiratory rate; MAP, mean arterial pressure; SpO,, arterial
oxygen saturation; GCS: Glasgow Coma Score; COPD: Chronic Obstructive
Pulmonary Disease

cirrhosis, with AUCs of 0.797 and 0.750 in the training
and validation cohorts, respectively. To further verify the
validity of the model, a calibration curve was constructed
using R software (Fig. 3C and D). The predictive prob-
abilities of the model were consistent with the observa-
tion results in both the training and validation cohorts,
suggesting good calibration. Finally, DCA curve analysis
(Fig. 3E and F) visually showed that the nomogram had
superior overall net benefit within the wide and practical
ranges of threshold probabilities, thereby indicating that
the nomogram had significant predictive value.
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Discussion

To the best of our knowledge, this is the first study to
develop and validate a convenient and practical dynamic
nomogram for detecting the risk of AKI occurring within
7 days after admission to the ICU in patients with cir-
rhosis using the MIMIC IV 2.0 database. Short-term AKI
risk prediction models facilitate medical decision-making
when critically ill patients with cirrhosis are admitted to
the ICU and facilitate early identification or implemen-
tation of preventive measures to improve the prognosis
of AKI. Multiple studies have reported prediction mod-
els for AKI in different clinical settings [10, 17, 23, 24].
However, the number of cases in these studies was small,
and a short-term prediction model for AKI in critically
ill patients with cirrhosis after admission to the ICU is
lacking. The increase in the computerization of ICU has
generated large electronic databases that are suitable for
“big data” research. Using machine learning algorithms
to analyze large datasets and develop models for prog-
nostication or decision support in critical care could
be a cost-effective alternative to biomarkers for AKI
prognostication.

In recent years, a specific modern technique, the least
absolute shrinkage and selection operator (LASSO),
has attracted much attention [25]. Traditional regres-
sion techniques are limited in the analysis and synthesis
of large numbers of covariates, including multicollinear
variables, but thus far, the majority of the data on AKI
and cirrhosis have utilized traditional statistical tech-
niques [5]. LASSO is a regression-based methodology
that allows for a large number of covariates in a model.
Importantly, it has the unique characteristic of penalizing
the absolute value of a regression coefficient; thus, regu-
lating the influence a coefficient may have on the overall
regression. The greater the penalization, the greater the
coefficient shrinkage, with some coefficients reaching
zero, thus automatically removing unnecessary/unin-
fluential covariates [26]. The logistic LASSO model can
actively select from a large and potentially multicollinear
set of variables in the regression, resulting in a more rel-
evant and interpretable set of predictors [27]. Therefore,
in the present study, we aimed to investigate the rela-
tionship between baseline characteristics, vital signs,
laboratory test results, and other risk factors on the early
occurrence of AKI in critically ill patients with cirrhosis.

Our study has several strengths. Most of the major risk
variables associated with AKI were included in the study,
and the risk model development was based on param-
eters available to clinicians, thereby providing clinically
relevant information in the management of patients with
cirrhosis. MAP, WBC, TB, GCS, Cr, Alb, HR and PLT
were included in this nomogram, making it an objec-
tive and simple-to-use tool to screen patients for AKI
in a dynamic online manner. The proposed dynamic
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Fig. 2 Factors associated with AKI development and Nomogram Development. (A) LASSO coefficient profiles of the 19 baseline features. (B) Tuning pa-
rameter (M) selection in the LASSO model used 1000-fold cross-validation via minimum criteria. (C) Predictors of AKl obtained by LASSO regression analysis
in the training cohort. (D) Established nomogram for the early prediction of AKI in critically ill patients with cirrhosis. (E) Online dynamic nomogram ac-

cessible at https://yixueliexiantumoxing.shinyapps.io/AKlprediction/

nomogram showed good performance in discrimina-
tion, calibration, and clinical application, providing valu-
able information for the decision-making of appropriate
therapy options for individual patients. Moreover, it fills
the gap between the high incidence and rapid develop-
ment of AKI in ICU cirrhosis patients and the lack of a

reliable clinical predictive model. Our findings also con-
firm that the mortality of AKI patients in the ICU is high,
and the length of hospital stay (LOS) is increasing, which
supports the necessity of identifying high-risk patients.
These patients could benefit from monitoring and
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Fig. 3 The AUC of the nomogram for the early prediction of AKl in critically ill patients with cirrhosis was 0.797 in the training cohort (A) and 0.750 in the
validation cohort (B). Calibration curves of the predicted nomogram in the training cohort (C) and validation cohort (D). Decision curve analysis of the
nomogram in the training cohort (E) and the validation cohort (F). AUC: area under the receiver operating characteristic curve

primary prevention strategies to reduce the incidence of
AKI.

Our model showed that lower MAP, GCS, PLT and Alb;
higher WBC, HR, TB and Cr were related to the early
occurrence of AKI in patients with cirrhosis. The risk fac-
tors we used for the identification of AKI were consistent
with previous AKI literature. Rise in sCr is the corner-
stone of AKI diagnosis, consistent with other studies, our
study also found that sCr levels upon admission can iden-
tify patients with cirrhosis at risk of developing AKI dur-
ing hospitalization [5]. The kidneys account for less than
5% of our body weight but receive approximately 25% of
our cardiac output. Therefore, targeting adequate renal
perfusion is considered a potential factor in changing the
risk of AKI [28]. MAP is widely used as an index for opti-
mal blood pressure, and previous studies have shown that
the incidence of serious renal adverse events is higher in
patients with lower blood pressure [29, 30]. Increased
HR is the primary mechanism for compensatory adapta-
tion to low blood volume [31]. In the ICU, the GCS scor-
ing system is commonly used to evaluate the severity of

a patient’s condition. Our results revealed that patients
with a low GCS score were more likely to develop AKI,
which is consistent with previous studies [32, 33]. Infec-
tion, particularly sepsis, is the most important risk factor
for renal function [34]. A high WBC count, a surrogate of
systemic inflammation, is a known independent predic-
tor of mortality in patients with advanced cirrhosis and is
a driver for the development of AKI [35]. Elevated WBC
count has also been found to be associated with renal
dysfunction in patients with spontaneous bacterial peri-
tonitis (SBP) [15] and alcoholic hepatitis [36]. Hyperbili-
rubinemia can be found in 60% of AKI patients. Elevated
serum bilirubin levels are an independent risk factor for
AKI [37]. An increase in bilirubin can induce oxidative
stress in renal tubular cells, induce apoptosis, aggravate
renal ischemia-reperfusion injury, and lead to AKI [38,
39]. A decrease in PLT count in critically ill patients is a
sign of severe clinical condition, and there is a research
indicating a significant association between the reduc-
tion in PLT count and major adverse renal events in
AKI patients [40]. Hypoalbuminemia is an important
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independent predictor of AKI occurrence and mortal-
ity in critically ill patients [41, 42]. The measurement of
serum Alb has a positive significance in assessing AKI
risk and predicting mortality after AKL

This study has several limitations. First, although it
was performed in a large cohort, selection bias might be
unavoidable because this study was a retrospective analy-
sis of secondary data. Second, the model was constructed
based on a US population and developed and validated
using the same database. Thus, its generalizability to the
global population remains unclear. It was more reliable to
validate it prospectively or at least in another database.
Third, we only established a short-term prediction model
for AKI after admission, but a recent study shows that
longitudinal AKI development is also important issue
[43]. Therefore, in the future, we can further study the
impact of AKI development on the long-term prognosis
of patients, which may be a direction worthy of further
research. In addition, this study did not delve into the eti-
ology of AKI (Supplementary Table 1), so in the future,
we can conduct in-depth research on AKI, which is cru-
cial for timely and accurate identification of AKI and bet-
ter understanding of the pathophysiological mechanisms
that lead to renal dysfunction [44].

Conclusions

Through filtering by LASSO, eight independent predic-
tive factors of early occurrence of AKI in ICU cirrhosis
patients were selected to construct a dynamic online
nomogram, including MAP, WBC, TB, GCS, Cr, Alb, HR
and PLT. The proposed model exhibited good perfor-
mance in terms of discrimination, calibration, and clini-
cal applications. Through early assessment of the risk of
AKI development, clinicians can implement measures
that are beneficial for ICU patients with cirrhosis. Fur-
ther studies are needed to externally validate our model
using a large-sample prospective cohort study.
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