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Abstract 

Objective and background  The early detection of diabetic ketoacidosis (DKA) in patients with type 2 diabetes (T2D) 
plays a crucial role in enhancing outcomes. We developed a nomogram prediction model for screening DKA in T2D 
patients. At the same time, the input variables were adjusted to reduce misdiagnosis.

Methods  We obtained data on T2D patients from Mimic-IV V0.4 and Mimic-III V1.4 databases. A nomogram model 
was developed using the training data set, internally validated, subjected to sensitivity analysis, and further externally 
validated with data from T2D patients in Aviation General Hospital.

Results  Based on the established model, we analyzed 1885 type 2 diabetes patients, among whom 614 with DKA. 
We further additionally identified risk factors for DKA based on literature reports and multivariate analysis. We identi-
fied age, glucose, chloride, calcium, and urea nitrogen as predictors in our model. The logistic regression model dem-
onstrated an area under the curve (AUC) of 0.86 (95%CI: 0.85–0.90]. To validate the model, we collected data from 91 
T2D patients, including 15 with DKA, at our hospital. The external validation of the model yielded an AUC of 0.68 
(95%CI: 0.67–0.70). The calibration plot confirmed that our model was adequate for predicting patients with DKA. The 
decision-curve analysis revealed that our model offered net benefits for clinical use.

Conclusions  Our model offers a convenient and accurate tool for predicting whether DKA is present. Excluding input 
variables that may potentially hinder patient compliance increases the practical application significance of our model.
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Introduction
Diabetes is a metabolic disorder impacted by both 
environmental and genetic factors related to insulin 
insensitivity and deficiency, as well as impaired biologi-
cal function. With the global population experiencing 
growth and aging trends, the prevalence of diabetes in 
adults has increased nearly fourfold from 1980 to 2014 
[1]. Diabetic ketoacidosis (DKA) is a life-threatening 
hyperglycemia emergency in diabetes. Although DKA is 
predominantly associated with type I diabetes, it mani-
fests in type 2 diabetes (T2D) patients [2] at a low rate. 
With the population of T2D patients increasing, the 
absolute number of patients with DKA also increases. 
Thus, early detection of DKA in T2D patients is crucial 
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for improving patient prognosis and reducing medical 
costs.

Although it is allowed to make an early diagnosis 
according to the guidelines for adult ketoacidosis, some 
patients still have delayed diagnosis and treatment. The 
possible causes are several factors. First, infection is a 
common cause of DKA in T2D [3], and patients often 
visit non-endocrine departments due to the presence of 
an infection. The examination of the ketone body and 
blood gas can be ignored, leading to a delay in diagno-
sis and treatment [4]. Second, the application of sodium-
glucose co-transporter-2 inhibitors can lead to DKA 
with normal blood glucose, which adds difficulty to the 
diagnosis [5]. When the diagnosis of DKA is not consid-
ered by physicians, ketone bodies and blood gas tests are 
omitted, leading to misdiagnosis. Third, a proportion of 
DKA patients are newly diagnosed with diabetes, and 
doctors may only perform routine examinations at the 
time of initial diagnosis, which also brings difficulties in 
finding the diagnosis of DKA [6]. Fourth, the untimely or 
inaccurate detection of ketone body and blood gas analy-
sis is also the reason for the delayed diagnosis of DKA [7, 
8].

It is of significant clinical importance to utilize effective 
predictive models for early diagnosis of DKA and prevent 
misdiagnosis attributed to the aforementioned factors. 
Currently, no studies have reported a predictive model 
specifically designed for screening DKA in T2D patients. 
In our study, we have developed novel nomograms for 
identifying DKA in individuals with T2D. Additionally, 
considering the potential causes of delayed diagnosis and 
treatment mentioned above, we have refined the mod-
el’s clinical applicability by excluding indicators related 
to blood and urine ketone bodies as well as blood gas 
analysis from the input variables, focusing solely on com-
monly employed outpatient examinations during model 
establishment. This approach has yielded satisfactory 
outcomes.

Methods
Data source
The data for this study was collected from the MIMIC-
III and MIMIC-IV databases of the Medical Information 
Mart for Intensive Care. The former is an integrated, de-
identified, comprehensive clinical dataset of all patients 
who were admitted to the ICU of Beth Israel Deacon-
ess Medical Center in Boston, MA, from June 1, 2001, 
to October 31, 2012, including 53,423 distinct hospital 
admissions for adult patients (aged > 16 years). The latter 
is a publicly available real-world clinical database main-
tained by Beth Israel Deaconess Medical Center from 
2008 to 2019, including over 200,000 admissions to the 
emergency department and over 60,000 ICU stays. At the 

same time, 91 hospitalized patients and outpatients with 
T2D in Aviation General Hospital from August 2015 to 
August 2021 were also included. This retrospective study 
was executed in compliance with the Declaration of Hel-
sinki and approved by the Ethics Committee of Aviation 
General Hospital. Since it was a de-identified study, sign-
ing the informed consent was not required. The study 
followed the transparent reporting of a multivariable 
prediction model for Individual prognosis or diagnosis 
(TRIPOD) statement recommendations [9]. Su Bo, the 
author, was granted access to the database to collect data 
for research purposes (certification number: 10221423).

Study population
Our study included T2D patients with and without 
DKA who met the inclusion criteria: (i) the diagnosis 
of T2D met the diagnostic criteria set by the American 
Diabetes Association in 2014 [10, 11]; ( ii) the diagno-
sis of DKA in adults met the diagnostic criteria set by 
the Joint British Diabetes Society for Inpatient Care 
[12]; and (iii) only data from the first admission were 
analyzed for patients who were hospitalized multiple 
times. Because missing data is common in MIMIC-IV 
and MIMIC-III databases, we first removed covari-
ables with more missing values. We further excluded 
non-first-visit patients, which resulted in the deletion 
of 5718 patients in the MIMIC database and 12 in our 
database. We then removed cases with missing data 
greater than 20% of the observations, which led to the 
removal of 9804 patients in the MIMIC database and 
39 patients in our database (Fig. 1). As this study was a 
hypothesis-generating epidemiological study, to maxi-
mize the statistical power of the predictive model, we 
included all eligible patients in the database without 
estimating the sample size. We used multiple interpo-
lations for missing data. The outcome indicator of the 
model was the diagnosis of ketoacidosis.

Data collection
The raw data was retrieved using Navicat Premium (ver-
sion 12.0.28) and pgAdmin PostgreSQL tools (version 
1.22.1), with the keywords "type 2 diabetes mellitus," 
"ketoacidosis," and "diabetes, type 2 on discharge." Subse-
quently, the data forms were merged using Stata software, 
and demographic data such as ethnicity, age, admission 
type, gender, serum creatinine, glucose, sodium, potas-
sium chloride calcium, and urea nitrogen were extracted. 
To enhance the clinical application significance of the 
model, all laboratory test results were included (refer to 
Tables 1 and  2).
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Statistical analysis
We compared the clinical characteristics between the 
DKA and non-DKA groups using appropriate statisti-
cal tests, such as the student t-test and rank-sum test, 
and the categorical variables using Fisher’s exact test. 
In the latter, we used two steps to filter input variables: 
First, the independent variables with p < 0.05 were 
screened by multivariable logistic regression, and maxi-
mum likelihood estimation was used for extrapolating 
new data. Second, we conducted a literature analysis 
on the screened variables reported in the literature 

and selected meaningful variables as input variables. 
A parsimonious approach was used in constructing 
the original nomogram model for predicting the inci-
dence of DKA in T2D patients using the training set, 
with the consideration of containing as few variables as 
possible in clinical practice [13]. Variables that are less 
tested in the outpatient clinic or may decrease patient 
compliance, such as blood and urine ketone bodies, 
pH, and bicarbonate, were excluded. We evaluated the 
nomogram model’s performance by calculating the 
areas under the receiver operating characteristic curve 

Fig. 1  Flow chart

Table 1  Clinical and demographic characteristics between Non-ketoacidosis group and ketoacidosis group(mimic database)

Non-ketoacidosis (n = 1271) ketoacidosis (n = 614) P-value

Demographic variables

  Age at admission in years (IQR) 66.70(58–77) 57.28(47–66) < 0.001

  Female,n (%) 543(28.8%) 272(44.2%) 0.517

Ethnicity,n (%) < 0.001

  Asian 30(1.5%) 18(2.9%)

  Black 187(9.9%) 189(30.7%)

  Hispanic 74(3.9%) 43(7%)

  Unknown 133(7%) 62(10%)

  White 847(44.9%) 302(49.1%)

Admission type,n(%) < 0.001

  Elective 245(19.2%) 60(9.7%)

  Emergency 748(58.8%) 513(83.5%)

  Urgent 278(21.8%) 41(6.6%)

Serum laboratory variables

  Serum creatinine(mg/dl)( IQR) 1(0.8–1.7) 1.1(0.8–1.8) 0.037

  Glucose (mg/dl)( IQR) 134(107–180) 257(166–370) < 0.001

  Sodium (mmol/l)( IQR) 139(136–141) 138.5(135–142) 0.885

  Potassium(mmol/l)( IQR) 4.1(3.8–4.5) 4.2(3.8–4.8) < 0.001

  Chloride(mmol/l)( IQR) 102(99–106) 102(98–107) 0.95

  Calcium(mg/dl)( IQR) 8.6(8.2–9.1) 8.3(7.49–8.96) < 0.001

  Urea nitrogen(μmol/l)( IQR) 22(15–37) 22(14–38) 0.684
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(ROC) and validated the model using external data 
from our hospital. Additionally, we applied the deci-
sion-curve analysis to examine the net benefits of the 
model.

Statistical analyses were conducted using R soft-
ware (version 3.6.1, R Foundation for Statistical Com-
puting, Vienna, Austria). R packages used: tidyverse, 
survival,rms,nomogramFormula, DynNom.To handle 
missing data, we used multiple imputations. A two-
sided p-value of < 0.05 was set as the threshold for sta-
tistical significance.

Results
Participants
Tables  1 and 2 describe the differences in charac-
teristics between the DKA and non-DKA groups. 
Patients at admission were younger in the DKA group 
[66.70(58–77) vs. 57.28(47–66), p < 0.001]. Glucose, 
potassium, and serum creatinine levels were lower in 
the non-DKA group [134(107–180) vs. 257(166–370), 
p < 0.001, 4.1(3.8–4.5) vs. 4.2(3.8–4.8), p < 0.001, and 
1(0.8–1.7) vs. 1.1(0.8–1.8), p = 0.037, respectively]. By 
contrast, calcium level was higher in the non-DKA 
group [8.6(8.2–9.1) vs. 8.3(7.49–8.96), p < 0.001).

Logistic regression variable screening and nomogram 
development
The results of the logistic regression variable screening 
for DKA of T2D patients are presented in Table 3, which 
lists the risk factors related to morbidity. All statistically 
significant variables were found to be related to the inci-
dence of DKA. Finally, we selected the age at admission 
in years, glucose, chloride, calcium, and urea nitrogen as 
the input variables to develop the nomogram model.

Performance of the nomogram model
Multivariate analysis was conducted to identify the 
variables that could predict DKA in T2D patients, 
resulting in the selection of five variables, includ-
ing: age, glucose, chloride, calcium, and urea nitro-
gen. These variables were used to create an intuitive 
nomogram model (Fig.  2). The model’s discrimination 
accuracy was evaluated using a C-index based on the 
area under the curve (AUC) of the ROC. The C-index 
threshold was set above 0.7 and reached 0.86 (95%CI: 
0.836 − 0.885), indicating a high level of accuracy. An 
external validation cohort from our medical center was 
used to assess the model’s feasibility in other popula-
tions, which resulted in a promising AUC of 0.69 (95% 
CI: 0.68 − 0.736) (Fig.  3). Furthermore, two calibration 
curves displaying the diagnosis of DKA in T2D patients 
were presented to evaluate the model’s utility (Fig.  4), 
which indicated a favorable agreement in both the 
training cohort and the external cohort.

Table 2  Clinical and demographic characteristics betweenNon-ketoacidosis group and ketoacidosis group(Aviation General Hospital)

Non-ketoacidosis (n = 76) ketoacidosis (n = 15) P-value

Demographic variables

  Age at admission in years (IQR) 63(55.5–68.5) 47(38–66) 0.024

  Female,n (%) 35(46.05%) 5(33.33%) 0.364

Serum laboratory variables

  Serum creatinine(μmol/l)( IQR) 59.4(48.4–72.6) 58.5(51.1–79.5) 0.868

  Glucose (mmol/l)( IQR) 8.74(6.6–11.89) 13.01(7.95–14.32) 0.048

  Sodium (mmol/l)( IQR) 142.4(140.95–143.65) 140(137.3–142.2) 0.0009

  Potassium(mmol/l)( IQR) 3.98(3.81–4.25) 3.87(3.36–4.05) 0.046

  Chloride(mmol/l)( IQR) 106.35(104.4–108.05) 102.3(99–105.9) 0.0002

  Calcium(mmol/l)( IQR) 2.19(2.15–2.27) 2.15(2.07–2.36) 0.868

  Urea nitrogen(μmol/l)( IQR) 5.43(4.62–6.38) 4.97(4.26–8.02) 0.852

Table 3  Multivariable logistic regression analysis(mimic 
database)

Variables Regression 
Coefficients

OR (95% CI) P-Value

Age at admission in years -0.034 0.966(0.958–0.974) < 0.001

Female,n 0.103 1.108(0.865–1.419) 0.416

Serum creatinine(μmol/l) 0.079 1.082(0.973–1.202) 0.146

Glucose (mmol/l) 0.012 1.012(1.01–1.013) < 0.001

Sodium (mmol/l) 0.013 1.013(0.98–1.05) 0.419

Potassium(mmol/l) 0.118 1.125(0.94–1.346) 0.198

Chloride(mmol/l) 0.029 1.029(1–1.056) 0.03

Calcium(mmol/l) -0.393 0.675(0.608–0.749) < 0.001

Urea nitrogen(μmol/l) -0.012 0.989(0.981–0.996) 0.005
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The nomogram model’s clinical use
The nomogram model’s clinical benefits were assessed 
using the decision curve analysis. In both external and 
internal validation sets, interventions with probabil-
ity thresholds between 0.2 and 0.4 could result in better 
prognoses based on the model (Fig. 5).

Discussion
The development of diabetic ketoacidosis (DKA) is an 
acute complication observed in patients with type 2 dia-
betes (T2D), which can lead to severe disturbances in 
electrolyte balance, dehydration, and multiple organ fail-
ure, posing a life-threatening risk. The early detection 
plays a crucial role in enhancing prognosis and reduc-
ing medical expenses. The current diagnostic criteria for 
DKA in adults recommended by the American Diabetes 
Association are glucose > 250  mg/dL, arterial or venous 
pH < 7.3, bicarbonate < 10  mmol/L, urine or serum 
ketones positive, β-hydroxy butyrate > 3.0 mmol/L, anion 
gap > 10, and mental status alert [14]. If we were able to 
acquire all the data encompassed in the diagnostic cri-
teria, the diagnosis of DKA in clinical practice would 
become more facile. Even without resorting to predic-
tive models, clinicians can accurately diagnose at an early 
stage. Taking our study’s data as an exemplification, if a 
prediction model were established based on the variables 
within the diagnostic criteria, both internal validation 
AUC and external validation achieved remarkable results 
of 98% and 96%, respectively.

However, despite the validity of the diagnostic criteria, 
there still exists a delay in diagnosing and treating DKA 
patients in clinical practice. This can be attributed to sev-
eral factors. Firstly, even in developed countries with a 
high prevalence of diabetes, there is a lack of thorough 
examination for urine or serum ketones, bicarbonate lev-
els, and pH values. A study conducted in Britain revealed 
that only 36% and 34% of individuals underwent urine 
ketone and blood ketone examinations respectively [7]. 
Second, the results of pH and bicarbonate tests are not 
reliable [8]. Third, in the predisposing factors of DKA, 
it has been reported that infection and initial diabetes 
were related [3, 15]. Patients with infections and newly 
diagnosed diabetes often visit non-endocrine depart-
ments such as surgery and infectious diseases. However, 
non-endocrine departments will ignore some specialized 
tests, such as blood and urine ketone bodies, pH, and 
bicarbonate [4], leading to a delayed diagnosis and treat-
ment. Fourth, the decrease in compliance is undoubt-
edly also the cause of delayed diagnosis and treatment 
of DKA. However, patients with low socioeconomic sta-
tus or unemployed can lead to a decrease in the propor-
tion of outpatient visits [16]. So we need programs that 
minimize outpatient examinations. Fifth, there are many 
influencing factors for mental status alerts, and there are 
large errors in doctors’ discrimination.

In this study, we thoroughly considered the fac-
tors contributing to delayed diagnosis and treat-
ment of DKA. During the selection process of input 

Fig. 2  Nomogram for predicting patients with type 2 diabetic ketoacidosis. When using it, draw a vertical line from each variable upward 
to the points and then record the corresponding points (“age = 50” = 20 points). The point of each variable was then summed up to obtain a total 
score that corresponds to a predicted probability at the bottom of the nomogram
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variables, we excluded those that may be overlooked 
by outpatient physicians, potentially leading to reduced 
patient compliance and yielding unstable results. 
These excluded variables encompassed urine or serum 
ketones, bicarbonate levels, pH values, β-hydroxy 
butyrate levels, anion gap measurements, mental sta-
tus alertness assessments, islet function evaluations, 
and glycosylated hemoglobin tests. Instead, we opted 
for input variables that have been previously associated 
with DKA onset in the existing literature and demon-
strated statistical significance through our multiple-fac-
tor logistic analysis. The selected factors included age, 
glucose levels, chloride concentrations calcium levels, 
and urea nitrogen levels. Although there was a slight 
decrease in predictive power, the internal validation 
yielded an AUC of 86%, while the external validation 
resulted in 68%. By adjusting the probability threshold, 
this model can serve as a screening tool within outpa-
tient settings.

Establishing a clinical prediction model needs to con-
sider patients’ clinical benefits. In our study, the decision 
curve was drawn. The curve showed that the threshold 
was 0.2–0.8 in the internal validation and 0.1–0.4 in the 
external validation. Because the decision curve only pro-
vides a recommendation of the probability threshold, 
we have to choose the probability threshold based on 
our model’s specific application value [17]. In our study, 
our prediction model is a preliminary screening model, 
which needs to be maximized to avoid missed diagnoses. 
Although it will increase misdiagnosis, it can also pro-
vide good clinical significance as a screening model. At 
the same time, adjusting the probability threshold can 
increase the model’s generalization ability [18]. The above 
methods make up for the shortcomings of unsatisfactory 
AUC values in the external validation of our prediction 
model.

Previously, Xie W and Shi J employed machine learn-
ing models and nomograms to generate insightful pre-
dictions regarding the mortality rate and duration of 
hospitalization for patients in intensive care units [19, 
20]. Although the populations and conclusions exam-
ined in the aforementioned literature differ from those 

Fig. 3  ROC curves drawn in the internal validation (A1) 
and the external validation (A2). Redpoint: The optimal cut-off point 
of the ROC curve

Fig. 4  Calibration curves drawn in the internal validation (A1) 
and the external validation (A2)
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in this thesis, the research methodologies employed 
are similar, thereby validating the applicability of the 
research approach adopted in this study. Jiang Y and 
colleagues have utilized nomogram charts to prognos-
ticate high-risk cohorts susceptible to diabetic ketoaci-
dosis among recently diagnosed patients with type 2 
diabetes [21]. Although commendable results were 
obtained, it is important to note that this study is lim-
ited by its single-center design, small sample size, and 
absence of external validation. Qi M et  al. employed 
logistic regression analysis to accurately predict and 
promptly identify patients with diabetic ketoacidosis 
[22]. However, the lack of external verification, lim-
ited sample size, and poor model performance in this 
study hinder its potential for widespread adoption and 
application. In contrast, our study addresses these limi-
tations by integrating the strengths and weaknesses 
of previous research, expanding the sample size, and 
conducting rigorous external validation work. Conse-
quently, our findings hold greater clinical significance.

Our study found that DKA patients in the non-T2D 
group were older, both in the MIMIC database and in 
our hospital database. The onset of DKA in atypical 
T2D has been reported at younger ages [23]. However, 
the study had a small sample size and did not analyze 
the reasons. It would be helpful to analyze the reasons 
if the patients in our hospital database were followed 
up.

Although our prediction model has clinical signifi-
cance, the performance of external validation is poor. 
This may be due to the difference between the popula-
tion for which the model was developed and the popu-
lation for external validation. Meanwhile, the validation 
cohort is small (n = 91), compared to the training cohort 
(n = 1885). With sample size for validation, the AUC 
value may not be accurate. Increasing the sample size 
would be meaningful in improving the nomogram mod-
el’s performance.

Conclusion
The newly developed nomogram model serves as a con-
venient and accurate tool for predicting the presence 
or absence of DKA, showcasing its practical signifi-
cance in clinical settings. By excluding inspection items 
that may compromise patient compliance or tests easily 
overlooked in outpatient clinics, the nomogram model’s 
applicability is further enhanced.
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