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Abstract

Background: This study aimed to develop and validate a nomogram for predicting acute kidney injury (AKI) during
the Intensive Care Unit (ICU) stay of patients with diabetic ketoacidosis (DKA).

Methods: A total of 760 patients diagnosed with DKA from the Medical Information Mart for Intensive Care III
(MIMIC-III) database were included and randomly divided into a training set (70%, n = 532) and a validation set
(30%, n = 228). Clinical characteristics of the data set were utilized to establish a nomogram for the prediction of AKI
during ICU stay. The least absolute shrinkage and selection operator (LASSO) regression was utilized to identified
candidate predictors. Meanwhile, a multivariate logistic regression analysis was performed based on variables
derived from LASSO regression, in which variables with P < 0.1 were included in the final model. Then, a nomogram
was constructed applying these significant risk predictors based on a multivariate logistic regression model. The
discriminatory ability of the model was determined by illustrating a receiver operating curve (ROC) and calculating
the area under the curve (AUC). Moreover, the calibration plot and Hosmer-Lemeshow goodness-of-fit test (HL test)
were conducted to evaluate the performance of our newly bullied nomogram. Decision curve analysis (DCA) was
performed to evaluate the clinical net benefit.

Results: A multivariable model that included type 2 diabetes mellitus (T2DM), microangiopathy, history of
congestive heart failure (CHF), history of hypertension, diastolic blood pressure (DBP), urine output, Glasgow coma
scale (GCS), and respiratory rate (RR) was represented as the nomogram. The predictive model demonstrated
satisfied discrimination with an AUC of 0.747 (95% CI, 0.706–0.789) in the training dataset, and 0.712 (95% CI, 0.642–
0.782) in the validation set. The nomogram showed well-calibrated according to the calibration plot and HL test
(P > 0.05). DCA showed that our model was clinically useful.

Conclusion: The nomogram predicted model for predicting AKI in patients with DKA was constructed. This
predicted model can help clinical physicians to identify the patients with high risk earlier and prevent the
occurrence of AKI and intervene timely to improve prognosis.
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Background
Diabetic ketoacidosis (DKA) is a life-threatening meta-
bolic complication of diabetes mellitus (DM), resulting
from significant insulin deficiency and increased concen-
tration of counterregulatory hormones [1]. Insulinopenia
promotes the breakdown of triglycerides to free fatty
acids (FFAs) by accelerating hormone-sensitive lipase
(HSL). The FFAs are then oxidized to ketone bodies in
the liver, the evaluation of FFAs exacerbates insulin re-
sistance and hyperglycemia. Then glucose-induced os-
motic polyuria and sometimes emesis incurred volume
depletion, which generate three main characteristics--
hyperglycemia, ketogenesis, and metabolic acidosis [2].
A retrospective study of 8533 patients with DKA in
Australia showed that the prevalence of DKA admitting
to the intensive care unit (ICU) has increased 5-fold over
the last decade [3].
Acute kidney injury (AKI) is a frequent complication

among hospitalized patients, associated with high mor-
tality and morbidity, especially in critically ill patients
[4]. The disease occurs in approximately 30–50% of ICU
patients [5]. AKI is characterized by sudden worsening
renal function and decreasing urine output, which leads
to electrolyte and acid-base metabolic disorders, volume
overload, and negative effects of these disturbances on
other organs system [6]. Renal ischemia/reperfusion (I/
R) injury is a frequent cause of AKI [7]. Glucose-
induced dehydration is the main risk factor of AKI in
DKA patients [8]. Junzhe Chen et al. reported 98 pa-
tients (54.75%) diagnosed as AKI among 179 DKA pa-
tients [9]. Early identification and management can
decrease the AKI rate and delay its progression to the
severe stage [10]. Therefore, it is necessary to assess the
risk of suffering AKI in DKA patients given its
seriousness.
Several risk factors of developing AKI for DKA pa-

tients have been investigated over the past decade, in-
cluding older age, increased glucose, serum uric acid,
white blood cell count (WBC), and hyperchloremia,
heart rate (HR); decreased pH, serum albumin, bicarbon-
ate, sodium; combined with coma on admission and pre-
existing chronic kidney diseases (CKD) [8, 9, 11]. There
are no currently reliable and robust predicted models
available to identify high-risk patients to develop AKI
based on these factors.
A nomogram provides a user-friendly graphical tool to

calculate the possibility of a noteworthy clinical event
for each individual, which is comprehensible for patients
in doctor-patient communication [12]. This study devel-
oped and verified a nomogram model to predict the
morbidity of AKI during ICU stay in the DKA popula-
tion, based on variables of the routine lab from the Med-
ical Information Mart for Intensive Care III (MIMIC-III)
database.

Methods
Data source and pre-processing
The MIMIC-III Database, a multiparameter critical care
database open to the public at the Massachusetts Insti-
tute of Technology (MA, USA), was used [13]. The Na-
tional Institutes of Health’s web-based course was
completed and the certification (researcher certificate
number: 9168028) was acquired. Data from the MIMIC-
III database was collected using structured query lan-
guage (SQL) software, the code of this process was dem-
onstrated in the Supplementary Materials.

Study population
We extracted the hadm id identifiers of 874 patients
with DKA from the MIMIC-III database using the ICD-
9 diagnostic code. Only the records of the first ICU stay
were maintained for patients admitted to the ICU more
than once during a single hospitalization; a total of 863
cases were obtained. Patients with CKD (stage 5) were
excluded (n = 90). There were 13 patients excluded,
whose missing value was > 20%. Eventually, 760 patients
were included in the study. The training set (70%, n =
532) and validation set (30%, n = 228) were randomly
assigned from the total cases.

Clinic variables and definition
The following variables were extracted: Demographics,
vital signs, laboratory tests, complications and comorbid-
ities, scoring systems, and other variables. All data were
collected within 24 h of ICU admission (Table 1). The
demographics and vital signs included age, gender,
weight, ethnicity, temperature, HR, respiratory rate (RR),
systolic blood pressure (SBP), and diastolic blood pres-
sure (DBP). Complications were as follows: Microangi-
opathy (diabetic nephropathy, diabetic retinopathy, and
diabetic peripheral neuropathy), macroangiopathy (cor-
onary heart disease, cerebral atherosclerosis, peripheral).
Comorbidities contained preexisting CKD, urinary tract
infection (UTI), pneumonia, liver disease, history of
hypertension, history of congestive heart failure (CHF).
The laboratory test included bicarbonate, WBC,
hemoglobin, neutrophil granulocyte, blood platelet, so-
dium, chloride, blood urea nitrogen (BUN), serum cre-
atinine (Scr), estimated glomerular filtration rate (eGFR),
potassium, blood glucose, anion gap (AG), total osmotic
pressure. Scoring systems included simplified acute
physiology score II (SAPS II), sequential organ failure as-
sessment (SOFA) score, oxford acute severity of illness
score (OASIS), and Glasgow coma scale (GCS). Other
collected data included DM type [type 1 diabetes melli-
tus (T1DM) and type 2 diabetes mellitus (T2DM)], infu-
sion volume, urine output, use of NaHCO3, use of
mechanical ventilation, hospital length of stay (HLOS),
hospital mortality. Variables with a missing value > 20%
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Table 1 Characteristic at baseline between AKI and non-AKI group

Variable Total (n = 760) Non-AKI (n = 446) AKI (n = 314) P value

Age, years 46.1 [33.7, 57.4] 42.7 [29.8, 55.9] 48.4 [36.7, 60.5] < 0.001

Gender (Female) 438 (57.6) 250 (56.1) 188 (59.9) 0.330

Weight, Kg 72.7 [63.2, 82.9] 71.9 [63.5, 81.8] 74.2 [62.1, 84.9] 0.205

Ethnicity 0.19

Caucasian 429 (56.4) 252 (56.5) 177 (56.4)

African-American 228 (30.0) 125 (28.0) 103 (32.8)

Hispanic-American 35 (4.6) 25 (5.6) 10 (3.2)

Other 68 (8.9) 44 (9.9) 24 (7.6)

DM type 0.012

T1DM 525 (69.2) 324 (72.8) 201 (64.0)

T2DM 234 (30.8) 121 (27.2) 113 (36.0)

Temperature, °C 37.3 [37.0, 37.7] 37.3 [37.0, 37.6] 37.4 [37.0, 37.7] 0.010

HR, beats/min 108.0 [97.0, 120.0] 109.0 [99.0, 120.0] 107.0 [96.0, 119.0] 0.190

RR, breaths/min 25.4 [22.0, 29.0] 25.0 [22.0, 28.0] 26.0 [23.0, 30.0] 0.004

SBP, mmHg 98.0 [89.0, 108.0] 98.0 [90.0, 108.0] 97.0 [86.0, 108.0] 0.072

DBP, mmHg 46.0 [39.0, 54.0] 48.0 [41.0, 55.0] 44.5 [37.0, 52.0] < 0.001

Microangiopathy 266 (35.0) 131 (29.4) 135 (43.0) < 0.001

Macroangiopathy 137 (18.0) 60 (13.5) 77 (24.5) < 0.001

Preexisting CKD 93 (12.2) 38 (8.5) 55 (17.5) < 0.001

UTI 92 (12.1) 43 (9.6) 49 (15.6) 0.017

Pneumonia 48 (6.3) 19 (4.3) 29 (9.2) 0.006

Liver disease 60 (7.9) 30 (6.7) 30 (9.6) 0.173

History of hypertension 80 (10.5) 33 (7.4) 47 (15.0) 0.001

History of CHF 65 (8.6) 22 (4.9) 43 (13.7) < 0.001

Bicarbonate, mEq/L 14.0 [9.0, 18.0] 13.0 [8.0, 18.0] 15.0 [10.0, 19.0] < 0.001

WBC, K/uL 13.6 [9.9, 17.7] 13.3 [9.6, 17.6] 13.8 [10.5, 18.1] 0.177

Neutrophil granulocyte, % 83.0 [75.0, 88.3] 83.0 [75.6, 88.2] 83.0 [74.3, 88.5] 0.912

Platelets, K/uL 299.0 [236.0, 377.0] 299.0 [240.2, 369.8] 300.5 [232.0, 384.8] 0.902

Hemoglobin, g/dl 12.8 [11.4, 14.5] 13.3 [11.8, 14.8] 12.1 [10.8, 13.6] < 0.001

Sodium, mEq/L 141.0 [138.0, 144.0] 140.0 [138.0, 144.0] 141.0 [138.0, 145.0] 0.036

Chloride, mEq/L 111.0 [107.0, 115.0] 111.0 [107.0, 114.0] 111.0 [107.0, 115.0] 0.859

AG 21.2 [17.6, 24.7] 21.4 [17.8, 25.2] 20.3 [17.2, 24.1] 0.029

Total osmotic pressure 319.7 [308.7, 334.8] 318.5 [308.1, 333.5] 322.0 [310.5, 336.0] 0.059

BUN, mg/dl 27.0 [17.0, 42.0] 24.0 [16.0, 37.8] 34.0 [19.0, 49.0] < 0.001

Potassium, mEq/L 4.3 [3.8, 4.9] 4.3 [3.8, 5.0] 4.2 [3.8, 4.8] 0.353

Blood glucose, mg/dl 306.0 [164.5, 506.2] 331.5 [175.5, 525.8] 265.5 [153.2, 498.5] 0.044

SAPSII 27.0 [20.0, 36.0] 24.0 [19.0, 32.0] 30.0 [23.0, 41.0] < 0.001

OASIS 25.0 [21.0, 31.0] 24.0 [21.0, 28.0] 28.0 [23.0, 34.0] < 0.001

SOFA 2.0 [1.0, 4.0] 2.0 [1.0, 3.0] 3.0 [2.0, 5.0] < 0.001

GCS 15.0 [14.0, 15.0] 15.0 [14.0, 15.0] 15.0 [14.0, 15.0] < 0.001

Infusion volume, ml 1000.0 [0.0, 2750.5] 1000.0 [0.0, 2759.0] 1000.0 [0.0, 2733.8] 0.717

Urine output, ml 2071.6 [1396.8, 2959.2] 2200.0 [1543.2, 3217.2] 1790.0 [1148.5, 2670.0] < 0.001

eGFR 98.2 [62.2, 123.0] 103.4 [71.8, 124.2] 86.0 [45.9, 118.3] < 0.001

Use of NaHCO3 72 (9.5) 25 (5.6) 47 (15.0) < 0.001

Fan et al. BMC Endocrine Disorders           (2021) 21:37 Page 3 of 11



were excluded (Ratio of missing data for excluded vari-
ables: serum uric acid 97%, C-reactive protein 96%,
height 70%, urine protein 69%, glycated hemoglobin
67%, albumin 50%, PO2 39%, PCO2 0.39, PH 39%, lactate
28%, urine ketone 25%). A diagnosis of AKI during ICU
stay was made when meeting KDIGO criteria [14]: [Scr
increased by≥0.3 mg/dl within 48 h, or increase to≥1.5
fold from baseline within the prior 7 days, or urine vol-
ume < 0.5 ml/kg/h for 6 h or more]. The individuals’
baseline of Scr level was evaluated according to KDIGO
criteria.

Statistical analysis
Wilcoxon’s rank-sum test, chi-square tests or Fisher’s
exact test was conducted to compare the difference be-
tween the two groups; AKI versus non-AKI, and training
set versus validation set. Missing data were filled up with
nearest neighbor imputation algorithms [15]. Candidate
features were conducted using univariate logistic analysis
to assess the association between the variables and the
endpoint. The least absolute shrinkage and selection op-
erator (LASSO) regression was performed to screen the
potential candidates. LASSO regression, using the
“glmnet” package of R [16], is a linear regression that
avoids overfitting by imposing a penalty on the magni-
tude of the model coefficients. Subsequently, a multivari-
ate logistic regression analysis was performed based on
variables derived from LASSO regression, in which vari-
ables with P < 0.1 were included in the final model. Ul-
timately, the nomogram was developed based on the
final multivariate analysis model using the ‘rms’ package
of R [17]. For the multivariate analysis model, one vari-
able needs 20 samples of the endpoint at least [12]. The
training set contained 228 positive endpoints, therefore
there were at most 11 variables in our model. The area
under the receiver operating curve (AUC), sensitivity,
specificity, positive predictive value (PPV), and negative
predictive value (NPV) were calculated to assess the ap-
parent performance of the nomogram. A relatively cor-
rected C-index (1000 bootstrap resamples) of the
nomogram was also calculated in the training set. Mean-
while, the calibration plot and Hosmer-Lemeshow
goodness-of-fit test (HL test) were used to evaluate the
accuracy by comparing the nomogram. Decision curve

analysis (DCA) was performed to assess the clinical use-
fulness of the predictive model [18]. All statistical ana-
lyses were performed using R statistical software
(V.4.0.0). P < 0.05 was considered statistically significant.
The research flowchart is shown in Fig. 1.

Results
Patient characteristics
Less than half of the 760 patients with DKA were diag-
nosed with AKI (n = 314, 41.3%). The incidence of AKI
in stage 1, stage 2, and stage 3 were 44.9% (141/314),
36.6% (115/314), and 18.5% (58/314) respectively. The
median age was 46.1 [IQR 33.7, 57.4] years, and 57.6%
the of patients were women. Median SBP and DBP were
98 [IQR 89–108] mmHg, and 46 [IQR 39–54] mmHg.
The differences in patients’ characteristics between the

AKI and the non-AKI groups are shown in Table 1. The
hospital mortality and HOLS of patients in the AKI group
(4.8% and 6.4 [IQR 3.9, 10.4] days) were significantly higher
and longer than patients in the non-AKI group (4.1% and
3.5 [IQR 2.3, 5.4] days) (P<0.001). Compared with those
without AKI, patients who suffered from AKI tend to have
older years, higher temperature, bicarbonate, BUN and
SAPSII, SOFA scores, and lower DBP, hemoglobin. Patients
with AKI were also more likely to have hypertension, CHF,
CKD, diabetic vascular complications, and T2DM. Interest-
ingly, patients in the AKI group has a lower blood glucose
level. The differences in patient characteristics between the
training and validation sets were also compared (shown in
Table S1). There were no differences between the two sets
after comparing the two datasets.

Characteristics selection and development of a
nomogram
LASSO regression was conducted for 34 candidates, and
14 variables were selected (2.4:1 ratio) (Fig. 2a, b). The
univariate logistic analysis results of the 34 candidates
are shown in Table S2. The multivariable logistics ana-
lysis of the 14 variables are shown in Table 2. There
were 8 predictors included in the final multivariable lo-
gistic model: including T2DM (OR: 2.61; 95% CI 1.68 to
4.11), microangiopathy (OR:2.28; 95% CI 1.49 to 3.52),
preexisting CHF (OR: 2.83; 95% CI 1.38 to 6.13), history
of hypertension (OR: 2.48; 95% CI 1.28 to 4.96), RR (OR:

Table 1 Characteristic at baseline between AKI and non-AKI group (Continued)

Variable Total (n = 760) Non-AKI (n = 446) AKI (n = 314) P value

Mechanical ventilation 91 (12.0) 18 (4.0) 73 (23.2) < 0.001

HLOS, days 4.3 [2.8, 7.4] 3.5 [2.3, 5.4] 6.4 [3.9, 10.4] < 0.001

Hospital mortality 17 (2.2) 4 (0.9) 13 (4.1) 0.005

Abbreviations: AKI Acute kidney injury, DM Diabetic mellitus, T1DM Type 1 diabetic mellitus, T2DM Type 2 diabetic mellitus, HR Heart rate, RR Respiratory rate, SBP
Systolic blood pressure, DBP Diastolic blood pressure, CKD Chronic kidney diseases, UTI Urinary tract infection, CHF Congestive heart failure, WBC White blood cell,
AG Anion gap, BUN Blood urea nitrogen, SAPSII Simplified acute physiology score II, OASIS Oxford acute severity of illness score, SOFA Sequential organ failure
assessment, GCS Glasgow coma scale, eGFR Estimated glomerular filtration rate, HLOS Hospital length of stay
Formula: AG = (Na++K+) - (Cl−-HCO3

−); Total osmotic pressure = 2(Na++K+) + urea(mmol/l) + glucose (mmol/l)
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1.05; 95% CI 1.02 to 1.09), urine output (OR: 1.00; 95%
CI 1.00 to 1.00), GCS (OR: 0.83; 95% CI 0.73 to 0.93),
DBP (OR: 0.98; 95% CI 0.97 to 1.00) (Table 2). In this
model, a nomogram for predicting individuals’ probabil-
ity of AKI during the ICU stay of patients with DKA was
constructed (Fig. 3).

Apparent performance of the Nomogram
The AUC for the AKI nomogram was 0.747 (95%
CI: 0.706–0.789) for the training set. The relatively

corrected C-index was 0.733 after 1000 bootstrap-
ping validation. In the validation dataset, the AUC
also reached 0.712 (95% CI: 0.642–0.782). The opti-
mal cutoff values for the AKI nomogram predicted
probability was set at 34.1% in the training set and
38.5% in the validation set, according to the max-
imum of the Youden index. The sensitivity, specifi-
city, PPV, and NPV were 83.8, 55.9, 58.8, 82.1% in
train dataset, and 66.3, 69.7, 57.0, 77.3% in valid-
ation set. The calibration plot showed a good fitting

Fig. 1 The flowchart of the study. DKA diabetic ketoacidosis, ICU intensive care unit, CKD chronic kidney diseases, LASSO least absolute shrinkage
and selection operator, AUC area under the curve, PPV positive predictive value, NPV negative predictive value, HL test Hosmer-Lemeshow
goodness-of-fit test, DCA Decision curve analysis
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Fig. 2 Demographic and clinical feature selection using the LASSO logistic regression model. a Tuning parameter (λ) selection using LASSO
penalized logistic regression with 10-fold cross-validation. b LASSO coefficient profiles of the radiomic features. A coefficient profile plot was
plotted versus the log (λ). Each colored line represents the coefficient of each feature

Table 2 Multivariate logistic regression model of AKI in the training set

Variables Multivariable analysis base on LASSO regression result Multivariable logistics model

β OR (95%CI) P value β OR (95%CI) P value

GCS −0.15 0.98 (0.97–1.00) 0.010 −0.19 0.83 (0.73–0.93) < 0.05

Microangiopathy (yes) 0.75 2.11 (1.36–3.29) < 0.001 0.82 2.28 (1.49–3.52) < 0.001

DM type (T2DM) 0.84 2.31 (1.45–3.71) < 0.001 0.96 2.62 (1.68–4.11) < 0.001

History of CHF (yes) 0.94 2.55 (1.22–5.63) 0.016 1.04 2.83 (1.38–6.13) < 0.05

History of hypertension (yes) 0.61 1.84 (0.59–5.86) 0.015 0.91 2.48 (1.28–4.96) < 0.05

DBP, mmHg −0.01 0.99 (0.97–1.00) 0.089 −0.02 0.98 (0.97–1.00) < 0.05

Urine output, ml 0.00 1.00 (1.00–1.00) < 0.001 −0.00 1.00 (1.00–1.00) < 0.001

RR, breaths/min 0.05 1.05 (1.01–1.08) 0.008 0.05 1.05 (1.02–1.09) < 0.05

Temperature, °C 0.19 1.21 (0.89–1.65) 0.222

Preexisting-CKD (yes) 0.20 1.22 (0.42–3.66) 0.718

Macroangiopathy (yes) 0.41 1.50 (0.90–2.51) 0.117

UTI (Yes) 0.16 1.17 (0.65–2.13) 0.597

BUN, mg/dl 0.00 1.00 (0.99–1.01) 0.472

Bicarbonate, mEq/L 0.02 1.02 (0.99–1.06) 0.210

Abbreviations: AKI Acute kidney injury, LASSO Least absolute shrinkage and selection operator, β Regression coefficient, OR Odds ratios, GCS Glasgow coma scale,
DM Diabetic mellitus, T2DM Type 2 diabetic mellitus, CHF Congestive heart failure, DBP Diastolic blood pressure, RR Respiratory rate, CKD Chronic kidney diseases,
UTI Urinary tract infection, BUN Blood urea nitrogen

Fan et al. BMC Endocrine Disorders           (2021) 21:37 Page 6 of 11



degree of the nomogram for both cohorts (Fig. 4a,
b). Additionally, the HL test of multivariable
analysis demonstrated perfect consistency between
the predicted and observed values (training set, χ2 =
4.885, P = 0.844; validation set, χ2 = 11.478, P =
0.244).

Clinical practice
DCA for the AKI nomogram was conducted in both
training and validation sets (Fig. 5a, b). The horizon-
tal axis indicates that no one receives the interven-
tion, the net benefit is 0. The oblique line indicates
that all people received the intervention. When the
predicted probability thresholds are set as 17–100%
and 23–71% in the developing and validation cohort,
the net benefit ranges 0–31% and 0–20%, respectively.
The smaller the threshold, the net benefit.

Discussion
This study focused on the short-term outcome of
AKI after DKA by developing a nomogram model to
investigate factors that could induce its occurrence
using the routine information in ICU. Our study
demonstrated that the incidence of AKI from DKA
patients in our study is 41.3% according to 2012
KDIGO during the ICU stay. The incidence is slightly
lower than is reported in previously published studies
[8, 9, 11], but it is also higher than the general pa-
tients’ comparing with DKA patients. The HLOS, hos-
pital mortality, and use of mechanical ventilation in
the AKI group were much higher than the non-AKI
group, which indicated adverse effects and a consider-
able economic burden for patients developing AKI.
Therefore, it is essential to develop a nomogram for
clinicians to identify patients at high risk and under-
stand how the risk factors impact the outcome. The

Fig. 3 Nomogram to identify the risk of AKI after DKA, based on logistic regression analysis. To acquire the corresponding scores for each
variable, draw a vertical line upward to the “Points” axis. Sum the score for all predictors and locate the final value on the “Total Points” axis. Draw
a line straight down to the “Probability of AKI” axis to determine the risk of AKI. Abbreviations: AKI acute kidney injury, GCS Glasgow coma scale,
DM diabetic mellitus, T1DM Type 1 diabetic mellitus, T2DM Type 2 diabetic mellitus, CHF congestive heart failure, DBP diastolic blood pressure, RR
respiratory rate, CKD chronic kidney diseases, UTI urinary tract infection, BUN blood urea nitrogen
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Fig. 4 Calibration curves of the predicted nomogram in the training set (a) and validation set (b). The x-axis represents the predicted probability
calculated by the nomogram, and the y-axis is the observed actual probability of AKI. The clinodiagonal represents a perfect prediction by an
ideal model. The solid curve represents the initial cohort and the dotted curve is bias corrected by bootstrapping (B = 1000 repetitions), which
demonstrates the performance of the predicted model. Results of the Hosmer-Lemeshow test demonstrate that the P-value of the training set (a)
is 0.844 and the validation set (b) is 0.244, respectively

Fig. 5 DCA of the nomogram in the training set (a) and the validation set (b). The horizontal line indicates no patients develop AKI, and the gray
oblique line indicates patients develop AKI. The blue solid line represents the AKI risk nomogram. In DCA, the nomogram shows a more net
benefit than full or no treatment across a threshold probability range. DCA decision curve analysis, AKI acute kidney injury
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predictive nomogram incorporates 8 predictors:
T2DM, microangiopathy, history of CHF, history of
hypertension, DBP, urine output, GCS, and RR. The
AUC of our model was 0.747 in the training set and
0.712 in the validation set, indicating that the per-
formance of the model was satisfied. The calibration
plot showed satisfied consistency between the actual
and predicted. The DCA result demonstrated that ap-
plying this nomogram to predict AKI could benefit
more than measures to treat all patients or not treat
any patients.
Here we cite an example to show how to use the

nomogram, assuming a DKA patient with T2DM, no
history of CHF and hypertension, but with microangi-
opathy, his urine output was 2000 mL, RR was 25
breaths per minute, DBP was 50 mmHg, and GCS
was 15. According to Fig. 3, the score corresponding
to each parameter on the “Points” axis is obtained.
The final score is calculated as the sum of points for
all parameters [6 (GCS) + 28 (microangiopathy) + 32.5
(DM type) + 0 (history of hypertension) + 0 (history of
CHF) + 25.5 (DBP) + 80 (urine output) + 10 (RR) =
182]. This score corresponds to a risk of developing
AKI during ICU stay of approximately 57%.
Our study comprehensively analyzed the relationship

between diabetic chronic complications and DKA-AKI.
There was a more frequent microvascular and macrovas-
cular complication in patients with AKI group (P < 0.05),
but macrovascular complication was not a significant
variable in multivariate analysis. A previous study has re-
ported that there is a reduction in the net capillary fluid
absorption and mobilization of venous capacitance blood
(capacitance response) in diabetes with microvascular
complications, which is associated with increased risk of
hemodynamic instability and reduced tolerance to hypo-
volemia [19]. Therefore, stricter liquid management
should be performed for DKA patients with microvascu-
lar. Compared to T1DM, T2DM patients had a larger
proportion of DKA-AKI (48.1% vs. 38.3%, P < 0.05). In
the multivariate regression model, T2DM patients were
associated with a more than 2.5-fold increase in the odds
of DKA-AKI than T1DM patients. Patients with T2DM
are mostly older and with a higher percentage of being
overweight; increasing age [9] and obesity [20] are asso-
ciated with AKI, which could be one explanation of our
result. Univariable regression analysis showed that older
age is significantly associated with AKI (OR = 1.01, P <
0.05), which had no correlation weight (OR = 1.01, P =
0.06). There was regrettably much missing data on pa-
tients’ height, so the body mass index was not calculated
and could not assess the correlation between obesity
with AKI. Besides, insulin resistance and characteristics
of T2DM are frequently observed in severe patients with
acute renal failure [21]. Treatment for DKA should

distinguish between T1DM and T2DM patients due to
differences in pathophysiology, and the increasing inci-
dence of T2DM. Patients with a history of CHF have an
increased incidence of AKI due to the low renal func-
tional reserve. Low cardiac output or congestive state, as
well as the influence of drugs, such as diuretics and
angiotensin-converting enzyme inhibitors (ACEIs), are
all related factors [22]. The OR for urine output was
0.99974; as the unit of this parameter was ml if a pa-
tient’s urine volume is 1000 mL, the OR becomes 0.77
(0.999741000) for patients with no urination [23]. This re-
sult indicated that the lesser the urine volume at admis-
sion in ICU, the higher the risk for developing AKI.
Urine output, in the clinical setting, is a common indica-
tor for physicians to determine whether hemodynamics
and infusion volume is appropriate or not. History of
hypertension and lower DBP are closely related to a
higher risk of AKI [24–26], which were selected as pre-
dictors by LASSO regression analyses in our model.
Hypertension affects more than two-thirds of patients
with T2DM [27]. Early antihypertensive therapy may
further reduce renal perfusion and worsened renal out-
come after AKI [28]. The decrease in blood pressure is a
manifestation of hypovolemia, and SBP and DBP were
significantly decreased in both groups of patients in this
study cohort, which is in accord with the pathophysio-
logical mechanism of DKA-capacity depletion due to de-
hydration [29, 30]. However there was no significant
difference in SBP between the two groups, and DBP was
significantly lower in the AKI group. Therefore, it re-
mains to determine whether to continue antihyperten-
sive treatment for DKA patients with hypertensives.
Brain edema may occur under the combined action of
multiple factors such as severe water loss, circulatory
disorder, increased osmotic pressure, and brain cell hyp-
oxia, causing central nervous dysfunction and different
degrees of disturbance of consciousness [31, 32]. These
pathological processes also contribute to the occurrence
of AKI. Patients’ GCS reflect the severity of DKA and
maybe the independent predictor of mortality at 1 year
after ICU admission [33]. Therefore, lower GCS was as-
sociated with of high risk of AKI during ICU stay in our
study. The RR was significantly higher in the AKI group
than in the non-AKI group (26.0 [23.0, 30.0] vs 25.0
[22.0, 28.0]). Metabolic acidosis leads to hyperventilation
and a decrease in CO2 concentration, preventing further
decreases in pH and serum bicarbonate. As acidosis pro-
gresses, RR accelerates, and tidal volume increases,
known as Kussmaul’s breath [34]. Microcirculatory dis-
turbance due to acidosis and fluid loss caused by hyper-
ventilation may explain RR as an independent risk factor
for predicting AKI. Interestingly, we found lower serum
bicarbonate in the non-AKI group in contrast to previ-
ous studies [11, 35]. The OR was 1.06 (P < 0.001), which
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paradoxically indicated that patients with mild DKA
were at higher risk of AKI; differences in the study
population may have lead to the conflicting finding. In-
fections, especially sepsis, is usually considered the most
important risk factor for AKI; it is one of the common-
est inducements of DKA [36, 37]. Patients in the AKI
group seemed to be more likely to have pneumonia and
urinary tract infection, but both of them were excluded
from the final model after LASSO and multivariate ana-
lysis. This might be because there were only a few pa-
tients who have suffered infection at admission in our
study. Besides, the blood glucose in the AKI group was
lower than the non-AKI group, which in contrast to pre-
vious studies [8]. The use of insulin in the medicine de-
partment before admitting to ICU may explain this
phenomenon. Studies have reported AKI nomogram in
other settings, whose predictors were often associated
with the primary disease. For instance, sepsis-induced
AKI nomogram contained temperature as a risk factor
[23], cardiac surgery-associated AKI predicted model in-
cluded transfusion and cardiac arrhythmia as predictors
[38], and contrast-induced nomogram considered heart
rate and percutaneous coronary as predicted variables
[39]. Although this study referred to some of these vari-
ables, DKA-induced AKI needs to consider the charac-
teristics of diabetic patients. It is therefore highly
desirable to develop a predictive model suitable for pa-
tients with DKA.
We first construct the nomogram to access the risk of

AKI in patients who suffered DKA. Also, we found re-
sults contrary to previous studies, such as lower blood
glucose and higher serum bicarbonate in patients with
AKI, which provided a new problem for research to ex-
plore. However, the study had several limitations. First,
these data were from a single institution spanning 2008
to 2012. Therefore, the model needs external validation
from different medical Institutions. Second, because
missing data is > 20% in the database, there is a lack of
assessment of serum uric acid and urine protein, which
is considered as independent risk factors in previous
studies. Finally, the data of this study were collected
within 24 h of ICU admission, in which the laboratory
variables may have changed after treatment in the emer-
gency department and general ward. Besides, the pre-
dicted model was constructed based on critically-ill
DKA patients in ICU only, which may limit the nomo-
gram’s application to a larger population. Therefore, the
model may be more accurate and more generally applic-
able with the inclusion of new variables and patients in
the general ward.

Conclusions
It was identified that T2DM, microangiopathy, history of
CHF, history of hypertension, DBP, urine output, GCS,

and RR were predictive parameters for AKI induced by
DKA. Additionally, a nomogram model was developed
based on multiple logistics analyses with these predictors
to predict AKI in patients with DKA. This model can
help clinical physicians identify the patients with high
risk earlier and to some extent prevent the occurrence
of AKI.
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