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Abstract
Background. Sepsis is a major cause of morbidity and mortality worldwide. Sepsis with acute kidney
injury (AKI) is associated with higher mortality risk when compared with those with sepsis and without
AKI. Therefore, it is necessary to detect the predictors of sepsis-associated acute kidney injury (SA-AKI) in
order to timely prevent, diagnose and treat this complication.

Methods. From July 2016 to December 2019, 419 patients with sepsis admitted to the intensive care unit
(ICU) were randomly divided into two groups: training group (n= 302) and validation group (n = 117). A
least absolute shrinkage and selection operator (LASSO) regression was constructed to select variables
within 24 h of admission, and then were included in a logistic regression model to �nd the independent
risk factors of AKI. Hence, a nomogram for predicting SA-AKI with statistically signi�cant covariates was
constructed. Discrimination, calibration, and clinical utility of the nomogram performance were assessed
and then validated.

Results. The risk factors yielded by logistic regression were hypertension(HT), diabetes mellitus(DM), C-
reactive protein(CRP), procalcitonin(PCT), activated partial thromboplastin time(APTT), platelet(PLT), and
then were incorporated into the nomogram. The areas under the ROC curve of the nomogram in the
training and validation groups were 0.856 and 0.885, respectively. The calibration curves demonstrated
favorable consistency between the predictions of nomogram and the actual observations in both training
as well as validation groups. Decision curve analysis (DCA) showed clinical usefulness of the proposed
nomogram model.

Conclusions. A risk prediction model by integrating variables can assist in identifying patients who are at
high risk of developing SA-AKI. The nomogram had excellent predictive ability and might have signi�cant
clinical implications for early detection of AKI in patients undergoing sepsis.

Background
Sepsis is a life-threatening organ dysfunction caused by a dysregulated host response to infection [1].
Despite great efforts in the pathophysiological research of sepsis, early biomarkers and treatment
strategies that are associated with high mortality of sepsis have been explored. However, there are still
great challenges in identifying these high-risk patients [2–4]. There are nearly 250,000 cases of deaths
associated with sepsis in the USA annually and nearly 37 of severe sepsis or septic shock cases of every
100 ICU admissions in China [5, 6]. The development of sepsis is an extremely complex involving rapid
pathophysiological process of systemic in�ammatory network effects [7], genetic polymorphisms [8],
coagulopathy [9], immune dysfunction [10], tissue damage, and abnormal responses of the host to
different infectious pathogenic microorganisms and their toxins [11]. Therefore, it is important to identify
high-risk patients with poor prognosis and provide timely intervention.

Multiple studies have shown that patients with sepsis and AKI have distinct characteristics of higher
severity scores at admission, more non-renal organ failure, requirement of vasopressors, mechanical
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ventilation, higher mortality and longer hospital stay when compared to those with sepsis and without
AKI patients [12–14]. COVID-19-associated acute kidney injury is thought to be one of the sequelae from
sepsis and cytokine storm syndrome [15]. Of the 5,449 patients hospitalized with COVID-19 during March
1, 2020 to April 5, 2020 at 13 academic and community hospitals in metropolitan New York, 1,993
(36.6%) patients have developed AKI. AKI is primarily seen in COVID-19 patients with respiratory failure,
and 89.7% of patients on mechanical ventilation develop AKI showing poor prognosis [16]. Many
hospitals have underestimated the problem of developing sepsis to AKI early, and critically ill patients
should undergo dialysis with disease progression. SA-AKI is considered as a high risk factor of death and
serious illness, and so experts in this �eld have called for the establishment of clinical models for
predicting the occurrence of AKI [17].

Due to this, the risk prediction linked to this disease has become worthy of investigation. Several
predictions were made over the past decade, wherein most of them focused on novel biomarkers. Most of
the clinical prediction models were used to predict surgery-related AKI [18–21]. There is only one
nomogram based on the MIMIC-III database for predicting the AKI risk estimation in patients with sepsis.
However, the predictive value of this study is moderate, and the prediction performance remained
unsatisfactory [22].

From the pathogenesis of SA-AKI, the coagulation abnormalities and in�ammation are known to be
universal symptoms in septic patients and play a key role in multiple organ dysfunction syndrome
(MODS) [23–24]. Considering high mortality risk and clinical signi�cance in patients with SA-AKI, we
aimed to investigate the clinical characteristics of AKI in patients with sepsis and clinical risk factors of
AKI in patients with sepsis. Also we sought to determine whether there were unique models for the
prediction of SA-AKI.

Methods

Subjects
This was a single-center retrospective cohort study conducted to predict SA-AKI in patients admitted to an
ICU. This was approved by the ethics committee of the First A�liated Hospital of Fujian Medical
University, which is a Tertiary Comprehensive Hospital. Patients were screened for predictor variables
within 24 h of ICU admission. Both baseline and acute risk factors were recorded at the time of screening.
From July 2016 to December 2019, 5880 critically ill patients were admitted to the ICU. Among these, 419
patients who met the criteria for Sepsis-3 (The Third International Consensus De�nitions for Sepsis and
Septic Shock) were enrolled in this study[1]. The exclusion criteria were as follows: (1) missing
information (n = 15); (2) younger than 18 years age (n = 11); (3) patients with stage 5 chronic kidney
disease or hemodialysis within one month (n = 19); (4) ICU stay of less than 12 hours (n = 405); (5) did not
meet the criteria of Sepsis-3 (n = 1621); and (6) transferred from ICU to other departments (n = 3390). A
�ow diagram demonstrating the detailed screening process was shown in Fig. 1.
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Results
Study cohort characteristics and outcomes

The baseline demographics, clinical and laboratory characteristics of the whole, training, and validation
groups are shown in Table 1. The present study retrospectively reviewed 419 patients with sepsis who
were admitted to ICU, and were randomly divided into a training group (n = 302), which was used to

De�nition of AKI
The de�nition and staging of AKI were given based on the serum creatinine (Scr) levels of the Kidney
Disease: Improving Global Outcomes (KDIGO) guidelines in 2012 [25]. The outcome included occurrence
of AKI in patients’ during hospital stay. The de�nition of AKI was modi�ed by omitting urine output, which
was as follows: an increase in SCr by 0.3 mg/dL within 48 hours or an increase in SCr by at least 1.5
times that of the baseline, which is known or presumed to have occurred within the 7 days.

Statistical analysis
All statistical analyses were performed using Statistical Package SPSS (version 22, SPSS Inc., Chicago,
IL, USA) and R software version 3.6 (The R Foundation for Statistical Computing, www.R-project.org). All
data were recorded within the �rst 24 h of admission. The measurement data were expressed as means
and standard deviation (SD) or median interquartile range (IQR). Normally distributed variables were
presented as means ± standard deviation (SD), and t-test was used to compare the differences between
groups. Non-normally distributed variables were presented as medians and interquartile ranges, and
Mann-Whitney U test was used to compare the differences between groups. Categorical data between the
groups (non-AKI versus AKI) were compared by Chi-square and Fisher’s exact tests. A p value of < 0.05
was considered to be statistically signi�cant.

Least Absolute Shrinkage and Selection Operator (LASSO) is a regression analysis method that selects
predictors from a large set of variables to improve the predictive accuracy and interpretability of the
selected set of predictors[26]. The regularization parameter lambda was selected based on 10-fold cross
validation method and yielded minimum mean cross-validated concordance index. The predictors with
nonzero coe�cients in the LASSO regression model were chosen for constructing logistic regression
model to �nd independent risk factors for AKI. A nomogram was developed for predicting SA-AKI based
on independent variables according to the results of multivariable logistic regression analysis. The
resulting model was �rst internally validated by assessing the discrimination and calibration with 1000
bootstrap resamples and calculated a relatively corrected C-index. The discriminative ability of the model
was assessed by the ROC curve. ROC curves were used to illustrate the performance of a binary classi�er
system with varying discrimination thresholds. The goodness of �t in the calibration curve �tting was
performed, which was evaluated by the Hosmer-Lemeshow test. Decision curve analysis (DCA) was
conducted to determine the clinical usefulness of the nomogram by quantifying the net bene�ts at
different threshold probabilities. A two-sided 95% con�dence interval (CI) was constructed around the
point estimate of the odd’s ratio (OR). All the tests were two-sided.

http://www.r-project.org/
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develop the nomogram, and a validation group (n = 117), which was used to validate the nomogram. The
mean age of patients was 65.45 years, and over six-tenths (68.7%) of the patients were males. The
proportions of main diagnoses, the occurrences of comorbidities, laboratory characteristics, etc. showed
no signi�cant differences (P > 0.05) between the training group and validation group, suggesting that the
two groups are homogeneous and comparable.

Table 1.Basline demographics, clinical and laboratory characteristics of patients

Table 1. All of these parameters came from the �rst day of ICU admission. APACHE : acute physiology
and chronic health evaluation scoring system; PTPI:
pulmonary infection; UTi:urinary infection; CKD:chronic kidney diseases; CLD:chronic liver disease;
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COPD:chronic obstructive pulmonary disease; CHF:congestive heart failure; FIB:�brinogen;
PT:prothrombin time; INR: international normalized ratio; TT:thrombin time; TBil:total bilirubin; DBIL:direct
bilirubin; IBIL: indirect bilirubin; TP:total protein; ALB:albumin; ALT: alanine aminotransferase; AST:
Aspartate aminotransferase; LDH:lactate dehydrogenase;
Development of a risk prediction model for AKI

LASSO regression was implemented for training sets and 32 predictors were included in the LASSO
regression analyses to predict the onset of AKI, respectively. Standardized predictors were used to
compare the effects of different predictors. During model estimation, the lowest prediction error in 10-fold
cross validation was applied to select the optimal LASSO model, and �nally 19 predictors were included
(Fig. 2).

To determine the best predictors regarding the incidence of SA-AKI and to eliminate the multicollinearity
among variables, LASSO regression was performed, and the predictors with P values < 0.05 were
accepted for logistic regression. The �nal logistic regression included a total of 19 parameters (8 baseline
characteristics, and 11 laboratory examinations). According to the OR and P values of < 0.05, 6
parameters were considered as independent risk factors for SA-AKI with results reported as OR (95% CI),
HT [2.286(1.047–5.095)], DM [2.691(1.164–6.577)], CRP [1.008(1.003–1.014)], PCT [1.013(1.005–
1.023)], APTT [1.035(1.008–1.067)] and PLT [0.995(0.992–0.998)].

Risk of SA-AKI based on the nomogram scores

A prognostic nomogram for early recognition of SA-AKI patients within the �rst 24 h of admission to the
ICU was constructed using the multivariate logistic regression results, and points were given to the
identi�ed factors based on their regression coe�cients. Several items with extreme values were excluded
and considered a range of 0.05–0.95 (Fig. 3). In the nomogram, patients with HT, DM, longer APTT, higher
concentrations of CRP, PCT and lower concentrations of PLT in cycling more likely developed SA-AKI.

 

Validation of SA-AKI nomogram

Bootstrapping technique as quali�ed by Harrell’s C statistic concordance index (the Harrell C-Index) was
initially used to evaluate the discrimination of the model and to reduce over�tting bias. The C-index for
predicting nomogram was 0.854 through bootstrapping validation, suggesting good discrimination of the
model. The nomogram demonstrated good accuracy for estimating the risk of SA-AKI in the �rst 24 h,
with ROC curve estimation for the risk of SA-AKI in the training and validation groups were 0.856 and
0.885, respectively, (Fig. 4). The calibration plot was in excellent accordance between the nomogram
prediction and the actual observations of SA-AKI (Fig. 5). The Hosmer-Lemeshow test of calibration had a
p value of 0.145, which con�rmed the goodness of �t model.
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Sensitivity analyses

The results of DCA showed clinical usefulness of the nomogram by quantifying the net bene�ts at
different threshold probabilities. In the AKI risk nomogram, apparent performance of it showed good
prediction capability (Fig. 6).

 

Discussion
According to the results of multivariate logistic regression analysis, HT, DM, CRP, PCT, APTT, and PLT were
identi�ed as independent predictors of SA-AKI. Clinical predictive model based on these six factors can be
used for predicting the occurrence of SA-AKI, and showed high predictive power.

There are several potential explanations for these results. The most important explanations for this is
related to the pathogenesis of the disease condition. Endothelial cell (ECs) play a key role in the balance
between pro-in�ammatory and anti-in�ammatory mediators, regulating vascular tone, barrier permeability
and activation of coagulation. Increased importance of pathogenic mechanisms of SA-AKI is attributed to
kidney damage, resulting in a complex interaction between in�ammatory cascade activation, deranged
coagulation pathways and immunologic mechanisms. This in turn led to microvascular dysfunction,
endothelial damage, leukocyte/platelet activation with the formation of micro-thrombi, epithelial tubular
cell injury and dysfunction. ECs lose functions and switch from a quiescent to an active state and then
exacerbate in�ammatory response [23–24, 27–28]. Abnormalities in coagulation with concomitant
in�ammatory processes were closely linked to the systemic generation of thrombin and consequent
formation of microthrombi, contributing to organ dysfunction [29]. Vascular injury and in�ammation
plays an important role in coagulation during sepsis. Simultaneously, a process called
immunothrombosis, wherein platelet aggregation determines the release of cytokines and chemokines
from platelet granules, leading to the recruitment of leukocytes and local in�ammation [30]. In�ammation
and disturbances in coagulation are inseparably tied, each acting as a positive feedback for the
activation of the other [31]. Research on COVID-19 sepsis showed that during the occurrence of
in�ammatory reaction in the systemic organs, the microvascular system is shown to be damaged,
resulting in abnormal activation of the coagulation system. This is pathologically manifested as
systemic small vasculitis and extensive microthrombosis. Additionally, Professor Peng Zhiyong of the
Central South Hospital and others conducted a retrospective analysis of 138 patients with COVID-19, and
showed that the coagulation pathway was activated in severe COVID-19 patients due to cytokine storms,
resulting in excessive consumption of coagulation factors and platelets [32]. Excessive consumption of
coagulation substrate caused coagulation dysfunction, and formed a vicious circle, which led to the
development of severe COVID-19 to disseminated intravascular coagulation (DIC) or multiple organ
failure (MOF). Secondly, Zhipeng Xu et al have conducted a retrospective analysis on the routine
coagulation indexes of 138 patients with septic shock caused by intra-abdominal infection and the
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results revealed that the plasma APTT, PT and D-dimer levels on admission to the ICU were shown to be
as signi�cant risk factors of AKI [33]. Chantalle E. Menard et al have shown that both prevalence and
incidence of thrombocytopenia are high in septic shock patients. Thrombocytopenia is associated with
poor prognosis[34]. Our research showed that compared with sepsis patients without AKI, patients with
AKI had more anomaly inspection indicators, and this is because they demonstrated greater disturbances
in blood biochemistry (e.g. CRP, PCT, APTT, and PLT). Recent studies have focused on establishing
clinical prediction models for SA-AKI based on coagulation markers, but these models did not combine
important factors such as in�ammation indicators, and did not develop a prediction nomogram in
patients with SA-AKI [14, 33, 35–42], and so their prediction performance is considered insu�cient. Many
studies have focused on the mortality of sepsis instead of identifying high-risk patients with poor
prognosis early and to intervene in a timely manner [43–45]. Further studies are warranted to evaluate the
advancements in machine learning techniques. Based on the pathophysiology of SA-AKI, it is necessary
to establish a clinical prediction model by combining in�ammation coagulation indicators to predict SA-
AKI.

However, there are several limitations that should be acknowledged in this study. Firstly, this was a single-
center retrospective study, and validation of our model in other populations is required to more precisely
evaluate the stability of the risk factors. Secondly, the present study was subjected to selection bias due
to retrospective design. Due to limited sample size, the statistical power in comparative analyses was
reduced, resulting in bias and coincidence. Some studies have shown that factors, such as IL-6, urine
output and body mass index (BMI) [46–49], could in�uence the development and outcomes of SA-AKI
might be ignored owing to the lack of complete medical records in some cases or the di�culty in data
collection. Additionally, subgroup analysis of patients with mild AKI was not conducted owing to small
sample size in this population. Furthermore, the time series analysis for the prediction risk of SA-AKI
within the �rst 24 h of admission to the ICU was not conducted.

Despite these limitations, our study has several notable strengths. To the best of our knowledge, there
were very few studies that has established the clinical prediction model of SA-AKI. Our study is the �rst to
construct a nomogram for predicting SA-AKI based on clotting and in�ammatory markers within 24 h of
ICU admission. Although this was a single-center retrospective study, our research has important positive
results and clinical signi�cance. Traditional diagnostic indicators such as sensitivity, speci�city and AUC
can only measure the diagnostic accuracy of the predictive model, failing to consider the clinical utility of
the speci�c model. Therefore, full advantage of DCA was taken and the clinical characteristics of patients
were integrated into analysis. The calibration plot in our study showed excellent concordance between
the nomogram prediction and the actual observations of SA-AKI, and the proposed nomogram model was
shown to be clinically useful by DCA.

It is necessary to conduct further research on SA-AKI in order to identify high risk populations, employ
preventive strategies, guarantee an early diagnosis and prompt and adequate treatment, which ultimately
improved the patient outcomes. Our study could assist physicians in conducting early clinical
interventions before the occurrence of AKI. Also sepsis strati�cation should be done in patients based on
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the severity of AKI. This method can form an intervention strategy based on the guidance of biomarkers
to rationally use strained medical resources. Further external veri�cation of our model should be
conducted and the model should be displayed in the form of APP, web page or machine scoring to
facilitate clinical practice.

Conclusion
In conclusion, a predictive model, a new nomogram, for patients with SA-AKI who were admitted to ICU
has been successfully developed and validated. This risk assessment tool could help clinicians to stratify
patients for primary prevention, surveillance and early therapeutic intervention, improving care and
outcomes in ICU patients.
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Figures

Figure 1

We selected 70% eligible patients of the sample randomly for the training set (n = 302) and used the
remaining 30% of patients for the validation set(n = 117).
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Figure 2

LASSO coe�cient pro�les of variables. LASSO avoid over�tting to the study data by applying a
penalization/shrinkage process. This process consists of constraining the sum of the absolute values of
the regression coe�cients, which forces the coe�cients of unimportant predictors to zero while
coe�cients of important predictors are regularized upward. The �gure illustrates the selection process of
LASSO. The abscissa stands for the step-by-step selection of variables. Eighteen variables were admitted
to the logistic regression model based on the minimum average square error (ASE).
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Figure 3

Nomogram for the prediction of AKI. First row: point assignment of the variables; second to seventh rows:
predictors of SA-AKI; eightth row: total score of seven predictors; ninth row: prediction of the risk of SA-
AKI. Each selected variable is represented by a vertical line. According to the value, each variable receives
a point. Total points are added for each variable and matched with the probability of AKI occurrence.
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Figure 4

The ROC curves of the nomogram for the prediction of the possibility of SA-AKI. The AUC were 0.856
(95% CI: 0.810–0.902) in development cohort (A) and 0.885 (95% CI: 0.822–0.947) in validation cohort
(B). The x-axis indicates 1-speci�city and y-axis the sensitivity.
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Figure 5

Calibration plot showed excellent accordance between the nomogram prediction and the actual
observations of SA-AKI. Evaluation of the predictive performance for estimating the risk of SA-AKI of the
nomogram.The good performance of the model can also be con�rmed by the Hosmer-Lemeshow test ( P
value =0.145).
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Figure 6

Decision curve analyses demonstrating the net bene�t associated with the use of the nomogram-derived
probability for the prediction of SA-AKI.


