ELMER
PRESS

’ '.) Check for updates‘

Orriginal Article

J Clin Med Res. 2025;17(3):164-173
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Glucose: The “1-DKA Alert” Study
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Abstract

Background: Hyperglycemia is commonly encountered in the
Emergency Departments, necessitating the differential diagnosis
between diabetic ketoacidosis (DKA) and simple hyperglycemia,
as the treatment and prognosis differ significantly. In clinical prac-
tice, it is essential to investigate DKA in all patients; however, the
final diagnosis of actual DKA is found in only 1-5% of these cases,
resulting in unnecessary costs. This study aimed to develop an ap-
plication for predicting the probability of DKA in patients with cap-
illary blood glucose levels exceeding 250 mg/dL in the Emergency
Department.

Methods: This study was conducted as diagnostic prediction re-
search, employing a retrospective observational delayed-type cross-
sectional design. Data were collected from patients with capillary
blood glucose levels exceeding 250 mg/dL between January and
April 2023. The predictive variables were available at the time of
prediction. Analysis was performed using multivariable risk ratio re-
gression analysis, with results reported as multivariable risk ratios.
The area under the receiver operating characteristic (AuROC) curve
was calculated. Internal validation was performed using bootstrap-
ping and calibration plots. An application named “1-DKA Alert” was
developed to predict the probability of DKA for use in real-world
clinical settings.

Results: The study included 274 adult patients, of whom 52.9% were
female, with an average age of 59 years. Predictive factors for DKA
included initial capillary blood glucose, type of diabetes mellitus, in-
sulin usage, poor compliance, respiratory rate, and suspected infec-
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tion. These variables were readily available in clinical practice and
yielded an AuROC of 0.8777 (95% confidence interval (CI): 0.8294
- 0.9259). Bootstrapping internal validation demonstrated an AuROC
0f 0.8770 and a shrinkage factor of 0.991.

Conclusions: The “1-DKA Alert” demonstrates excellent discrimina-
tive ability, and the model is valid, suggesting its potential for use in
clinical practice. However, further studies for external validation are
necessary.

Keywords: Diabetic ketoacidosis; Hyperglycemia; Clinical predic-
tion rules; Diagnosis, Mobile applications; Diabetes mellitus

Introduction

In the Emergency Department (ED) of Lampang Hospital,
a substantial number of hyperglycemic patients are encoun-
tered, approximately 1,080 to 1,440 per year (data from
Lampang Hospital). It is essential to differentiate between
diabetic ketoacidosis (DKA) and simple hyperglycemia, as
treatment and prognosis differ [1]. Patients with blood glu-
cose levels exceeding 250 mg/dL, hyperglycemic state, un-
dergo testing with a DKA laboratory panel (including blood
glucose, serum ketone, venous pH, and bicarbonate) in all
cases. However, actual DKA is confirmed in only 1-5% of
these patients [2].

Clinical prediction models for DKA have been developed,
but they primarily focus on predicting mortality, hospitaliza-
tion, and early resolution of DKA [3, 4]. Moreover, existing
clinical diagnostic models have been primarily studied in pedi-
atric populations [5, 6].

The absence of predictive models for DKA in adults may
partly be due to the clarity of the diagnostic criteria for DKA
in adults [1]. However, in the context of Thailand, where ac-
cess to healthcare services is relatively convenient, there is a
financial burden associated with testing the DKA laboratory
panel, amounting to approximately 750 Baht per case and
totaling 1.1 million Baht per year (approximately $32,000).
Therefore, this study aims to develop a mobile application
to differentiate between DKA and simple hyperglycemia
to avoid excessive investigation, particularly in developing
countries.
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Materials and Methods

Study design

This study was conducted as diagnostic prediction research,
designed as a retrospective observational delayed-type cross-
sectional study in the ED of Lampang Hospital (a tertiary
regional hospital in northern Thailand with 743 general beds
and 82 intensive care unit beds) from January to April 2023.
Patients with hyperglycemia underwent diagnostic evaluation
according to routine clinical practice. Data on baseline charac-
teristics, clinical symptoms, and laboratory results were col-
lected to develop a clinical prediction model for differentiating
between DKA and simple hyperglycemia.

Participant and data collection

Participants

Patients aged 18 years and older with blood glucose levels ex-
ceeding 250 mg/dL underwent testing with a DKA laboratory
panel, which includes blood glucose, serum ketone, venous pH,
and bicarbonate. Data were collected on clinical characteristics,
presenting symptoms, clinical signs, vital signs, comorbidities,
medication history, and laboratory results from the electronic
medical record. However, pregnant women were excluded from
the study due to the very low incidence of diabetic crises.

Endpoints

This study references the diagnostic criteria for DKA as out-
lined by the American Diabetes Association (ADA) in 2009
[1], which require the presence of all three of the following
criteria: 1) blood glucose > 250 mg/dL; 2) B-hydroxybutyrate
concentration (serum ketone) > 3.0 mmol/L, or urine ketone
strip 2+ or greater; 3) pH < 7.3 and/or bicarbonate concentra-
tion < 18 mmol/L. Data collection for this research was com-
pleted prior to the revision of the ADA’s diagnostic criteria for
DKA in August 2024 [7].

Candidate predictors

Age

Age is directly measured as a quantitative variable.
Capillary blood glucose (CBG) (mg/dL)

All patients underwent CBG testing (mg/dL) in the ED. For
patients referred from outpatient departments with hypergly-
cemia, a repeat test was conducted, using the ED value as the
primary measure. All testing devices were standardized to the

same brand and model. If the CBG reading was reported as
“Hi” (unmeasurable), indicating a level exceeding 600 mg/dL
[8], confirmation with venous blood glucose testing was re-
quired. Since laboratory results were not available at that mo-
ment, the “Hi” reading was substituted with a maximum value
of 600 mg/dL. CBG greater than 250 mg/dL, not yet confirmed
by the DKA laboratory panel, is considered “hyperglycemia”
prior to the moment of prediction.

Respiratory rate (breaths/min) [9]

We use respiratory rate instead of dyspnea because it is an ob-
jective measure obtained from the vital signs medical record.

Type of diabetes mellitus (DM) (undiagnosed, type 1, or type
2) [10]

If the patient had a prior history of diabetes, the type of DM
was documented in the medical records. However, if the pa-
tient experienced hyperglycemia for the first time, their diabe-
tes status was recorded as undiagnosed.

Previous DKA (yes or no) [11] and type of hypoglycemic
agent (oral (yes/no) or insulin usage (yes/no)] [12] can also be
retrieved from the medical record, taking only a few minutes.

Compliance (poor or good) [12]

Compliance was primarily assessed through medical records,
particularly in diabetes clinics, where it is typically document-
ed as “good” or “poor”. If such records were unavailable, com-
pliance was evaluated by taking a history from patients and
reliable close relatives, along with an assessment of dietary
habits, lifestyle, and medication adherence. When available, a
hemoglobin Alc (HbAlc) level of > 9.0% was also used as an
indicator of poor compliance [13-15].

Suspected infection (yes or no) [12]

Patients often present with fever and/or localized symptoms.
In some cases, they may lack a fever or present with hypo-
thermia, but infection is suspected based on the physician’s
clinical examination.

All candidate variables were available at the moment of
prediction, and there was no missing data. The individuals who
collected the predictor variables were different from those who
collected the endpoints in order to reduce information bias.

Specific time point of prediction

This study utilized a specific time point of prediction follow-
ing the patient’s initial assessment, with a CBG > 250 mg/dL,
just before the physician decided to order the DKA laboratory
panel.
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Study size estimation

The study size estimation for a multivariable prediction model
with a binary endpoint, as proposed by Riley et al [16], set
the C-statistic and shrinkage factor at 0.8 and 0.9, respectively.
With a total of six predictor variables and a prevalence of DKA
(based on a pilot study at the Lampang Hospital) of 20%, a
minimum of 266 participants was required, including at least
54 cases of DKA.

Statistical analysis

Model derivation

The final prediction model was developed using the stepwise
backward elimination method from the full multivariable risk
ratio regression, with a significance level set at P < 0.05. Addi-
tionally, predefined candidate factors were manually entered to
ensure the equation was as clinically relevant as possible. The
researchers have already tested the linear relationship between
CBG, respiratory rate, and the risk of DKA.

Clustered robust variance correction was used to address
the dependency in the data resulting from multiple visits for
hyperglycemia.

Model performance and internal validation

The model’s discriminative ability was assessed using the C-
statistic, presented as the area under the receiver operating
characteristic (AuROC) curve [17]. Calibration performance
was evaluated through calibration plots, calibration slopes,
expected-to-observed outcomes (E:O) ratio, and calibration-
in-the-large (CITL). Internal validation was conducted using
the bootstrapping method with 200 cycles to assess model op-
timism.

To evaluate the clinical utility of the prediction model, we
used decision curve analysis (DCA) [18, 19]. This method as-
sesses the net benefit (NB) of prediction models by subtract-
ing false positives from true positives. DCA revealed how the
NB changed across threshold probabilities for patients with
DKA.

Identifying cut points for clinical implications

Diagnostic indices were calculated, including sensitivity, spec-
ificity, positive predictive value (PPV), and negative predictive
value (NPV), according to the cut points derived from various
predicted probabilities. This aimed to achieve a cut point that
resulted in a false negative of less than 5% from total and a
false positive of less than 10% from total, as calculated from
the confusion matrix.

The study protocol was registered in the Thai Clinical Tri-
als Registry (TCTR) (TCTR20241212001). The Institutional
Review Board of Lampang Hospital approved the study pro-

tocol (CERT No.: 047/66). Informed consent was waived due
to the observational nature of the study. This study reported
according to the standards of the Transparent Reporting of a
Multivariable Prediction Model for Individual Prognosis or
Diagnosis (TRIPOD) reporting guideline [20].

Results

During January to April 2023, a total of 274 eligible patients
were included, consisting of 218 cases of simple hypergly-
cemia and 56 cases of DKA, respectively. The prevalence of
DKA was 20.4% (Fig. 1).

In this study, the majority of patients were female (52.9%)
with a mean age of 58.8 + 15.0 years. Patients with DKA were
generally younger, had a higher average initial CBG level, and
predominantly had type 1 DM, receiving insulin for treatment.
They also exhibited poorer compliance, more frequently pre-
sented with an increased respiratory rate, were often suspected
of having concurrent infections, and had a history of previous
DKA (Table 1).

Significant predictors

Using the stepwise backward elimination method with manual
entry, six predictors (seven parameters) were identified for
predicting DKA: initial CBG (multivariable risk ratio (mRR):
1.00; 95% confidence interval (CI): 1.00, 1.00; P = 0.043),
type 1 DM (mRR: 2.93; 95% CI: 1.00, 8.52; P = 0.049), type 2
DM (mRR: 2.14; 95% CI: 0.83, 5.53; P=0.117), insulin usage
(mRR: 2.79; 95% CI: 1.63, 4.77; P < 0.001), poor compliance
(mRR: 2.43; 95% CI: 1.45, 4.05; P = 0.001), respiratory rate
(mRR: 1.04; 95% CI: 1.01, 1.06; P = 0.001), and suspected
infection (mRR: 2.51; 95% CI: 1.32, 4.78; P = 0.005), respec-
tively (Table 2).

Model performances

Six predictors were identified, including initial CBG, type
of DM, insulin usage, poor compliance, respiratory rate, and
suspected infection. The discriminative ability, assessed using
the AuROC, was 0.8777 (95% CI: 0.8294, 0.9259), indicating
excellent discrimination (Fig. 2). The calibration plot showed
good agreement between observed and predicted risks (Fig.
3). The bootstrap AuROC was close to the apparent value
(0.8770; 95% CI: 0.8330, 0.9310), with a bootstrap shrinkage
0f 0.991 (Table 3). Details of the equation to create the applica-
tion named “1-DKA Alert” prediction model are as follows:

Predicted probability = e(-4216+0.002%(x1-435.9)1.074*x2+

0.760*x3+1.025%x4+0.887*x5+0038*(x6-23.2)+0.921*x7)% ] ()()

where X1 represents the initial CBG, X2 indicates type 1 DM,
X3 indicates type 2 DM, X4 indicates the insulin usage, X5
indicates poor compliance, X6 indicates respiratory rate, and
X7 indicates suspected infection.

Utilization of the “1-DKA Alert” prediction model is il-
lustrated in the DCA graph (Fig. 4). The model demonstrates
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Patients with capillary blood glucose >250 mg/dL
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Diet control alone
Poor compliance
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Temperature
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n=56

A 4

Simple hyperglycemia
n=218

Figure 1. Study flow diagram.

a NB starting at a DKA prevalence of 5%, which continues
to increase progressively across higher prevalence levels of
DKA.

Cut-point threshold selection

Using the confusion matrix concept, we determined the opti-
mal predicted probability cut-off to maintain a false negative
below 5% and a false positive below 10%. We began with the
dataset’s DKA prevalence of 20.4%, corresponding to a linear
combination (xb) of -1.6. However, the false negative at this
threshold was 5.1%, exceeding the predefined limit. Adjusting
the cut-off to 19.4% (xb = -1.65) minimized the false negative
to 4.7%. Additionally, we explored alternative cut-off points at
15% (xb = -1.9) and 25% (xb = -1.4) to assess their impact on
the model’s performance (Fig. 5, Table 4).

Discussion

Previous studies have reported a DKA prevalence as low as
1-5% [2]. In contrast, this study observed a significantly high-
er prevalence of 20.4%, consistent with findings from a study
conducted in Hat Yai, Thailand [21]. This discrepancy may be

due to differences in patient demographics, as the earlier study
[2] involved a different ethnic population. Additionally, pre-
vious studies [2] may have assessed DKA prevalence across
entire hospitals, whereas this study specifically focused on ED
patients, where DKA prevalence is naturally higher. Another
possible explanation is that prior studies may not have consist-
ently performed the full DKA laboratory panel on all cases,
potentially leading to an underestimation of DKA diagnoses.
As shown in Figure 4, the DCA demonstrates that the “1-DKA
Alert” provides a NB even at a low prevalence (5%), with the
benefit increasing as prevalence rises. This suggests that the
model can be effectively generalized across both low- and
high-prevalence settings.

For walk-in patients from other hospitals with limited edu-
cation, determining the type of DM can be challenging. We
classified patients based on age, body type, age at diagnosis,
and medications brought. In Thailand, the majority (95.0%)
have type 2 DM [22], while type 1 DM typically presents at a
younger age, often before 20, with a lean body type [23, 24].
If hyperglycemia is observed at the initial diagnosis without
a prior history of diabetes, the patient is classified as undiag-
nosed.

The primary concern regarding the implementation of the
“1-DKA Alert” application is its potential time-consuming na-
ture, particularly in verifying medical history, diabetes type,
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Table 1. Baseline Characteristics of Patients With Diabetic Ketoacidosis and Simple Hyperglycemia

Diabetic ketoacidosis

Simple hyperglycemia

Baseline characteristics Missing 10 = 55), e £ D (n = 218), mean = SD P value
Female, n (%) 0 31(55.4) 114 (52.3) 0.765
Age (years) 0 529+ 18.5 60.4 +13.7 0.001
Body mass index (kg/m?) 4 224+4.6 23.4+£5.0 0.209
Symptoms, n (%) 0 54 (96.4) 124 (56.9) <0.001

Dyspnea 0 42 (75.0) 74 (33.9) <0.001

Gastrointestinal/hepatobiliary 0 23 (41.1) 55(25.2) 0.030

Fever 0 18 (32.1) 55(25.2) 0312
Vital signs

Temperature (°C) 0 36.7+1.0 36.8+ 1.1 0.613

Respiratory rate 0 27.4+£8.7 22.1+£5.6 <0.001

Systolic blood pressure (mm Hg) 0 124.8 £34.3 138.3+31.9 0.006

Diastolic blood pressure (mm Hg) 0 74.7 £ 20.5 78.4 +18.6 0.199

Mean arterial pressure (mm Hg) 0 91.4+24.1 98.3+£21.3 0.035

Pulse rate (bpm) 0 112.4 +£22.3 95.6 +21.8 <0.001

SpO, (%) 0 96.5+6.0 97.1+3.5 0.348
Initial capillary blood glucose (mg/dL) 0 4953+ 117.0 420.7 £ 108.5 <0.001
Initial blood glucose (mg/dL) 0 594.8 £299.5 431.3+147.7 <0.001
Hemoglobin Alc (prior visit) (%) 95 10.1+3.4 9.3+3.0 0.173
Hemoglobin Alc (latest visit) (%) 115 122 +3.1 10.5+2.9 0.001
Cr (prior visit) (mg/dL) median (IQR) 46 0.87 (0.70, 1.28) 0.94 (0.7, 1.43) 0.330
eGFR (prior visit) (mL/min/1.73 m?), median (IQR) 46 87.26 (54.86, 107.21) 78.76 (46.75, 101.26) 0.135
Cr (latest visit) (mg/dL), median (IQR) 0 1.35 (0.67, 2.76) 1.11 (0.75, 1.70) 0.263
eGFR (latest visit) (mL/min/1.73 m?), median (IQR) 0 56.24 (21.60, 104.55) 63.64 (41.13,94.71) 0.604
Urine ketone, median (IQR) 0 3(2,4) 0 (0, 0) <0.001
Suspected infection, n (%) 0 46 (82.1) 104 (47.7) <0.001
Presumed source of infection, n (%)

No infection 0 11 (19.6) 113 (51.8) <0.001

Pneumonia 0 15 (26.8) 24 (11.0)

Urinary tract infection 0 13(23.2) 31(14.2)

Septicemia 0 9 (16.1) 16 (7.3)

Gastrointestinal/hepatobiliary infection 0 1(1.8) 5(2.4)

Infected wound 0 0 (0) 16 (7.3)

Other 0 7 (12.5) 13 (6.0)
First diagnosis: hyperglycemia, n (%) 0 2 (3.6) 22 (10.1) 0.183
Previous diabetic ketoacidosis, n (%) 0 14 (25.0) 9(@4.1) <0.001
Diabetes mellitus, n (%) 0 54 (96.4) 196 (89.9) 0.183
Type of diabetes mellitus (DM), n (%)

Undiagnosed DM 0 2 (3.6) 22 (10.1) <0.001

Type | DM 0 8 (14.3) 3(1.4)

Type 2 DM 0 46 (82.1) 193 (88.5)
CKD stages 3 - 5, n (%) 0 18 (32.1) 81(37.2) 0.535
Hypertension, n (%) 0 33 (58.9) 154 (70.6) 0.108
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Table 1. Baseline Characteristics of Patients With Diabetic Ketoacidosis and Simple Hyperglycemia - (continued)

Diabetic ketoacidosis

Simple hyperglycemia

Baseline characteristics Missing (n = 56), mean + SD (n = 218), mean = SD P value
Dyslipidemia, n (%) 24 (42.9) 120 (55.1) 0.133
Insulin usage, n (%) 39 (69.6) 64 (29.4) <0.001
Type of insulin, n (%)

Multiple dose regular insulin 169 6 (15.4) 12 (18.2) 0.794

Isophane insulin 170 9(23.1) 14 (21.5) 1

Mixtard insulin 170 31(79.5) 41 (63.1) 0.124
Oral hypoglycemic agent used, n (%) 0 25 (44.6) 138 (63.3) 0.014
Type of oral hypoglycemic agents, n (%)

Sulfonylureas (glipizide) 110 9 (36.0) 69 (49.6) 0.277

Biguanides (metformin) 110 24 (96.0) 112 (80.6) 0.081

Thiazolidinediones (pioglitazone) 110 13 (52.0) 45 (32.4) 0.071
Diet control alone, n (%) 0 2 (3.6) 21 (9.6) 0.183
Poor compliance, n (%) 0 42 (75.0) 97 (44.5) <0.001

SD: standard deviation; bpm: beats per minute; SpO,: peripheral capillary oxygen saturation; Cr: Creatinine; eGFR: estimated glomerular filtration

rate; CKD: chronic kidney disease.

medication compliance, and insulin usage. However, our ex-
perience demonstrates that this system is both highly efficient
and practical in the ED setting, requiring only 1 - 3 min for
completion.

Although machine learning methods are more popular and
perform outstandingly in both discrimination and calibration,
the small study size makes traditional statistical modeling a
more suitable approach for model derivation in this study. Fur-
thermore, the simplicity, predictor interpretability, deployment
availability, and reproducibility of traditional statistical meth-
ods, specifically multivariable cluster-robust variance correction
risk ratio regression, outweigh those of machine learning.

If the “1-DKA Alert” is not utilized, detecting all 56 true
DKA cases would require performing the full DKA laboratory
panel on all 274 patients, meaning five patients must be tested
to identify one true case. While this guarantees no missed cas-
es (false negatives = 0%), it is highly resource-intensive and
inefficient. By applying the “1-DKA Alert” with a predicted

probability threshold of 19.4%, targeted testing can reduce the
number of patients requiring the DKA laboratory panel to 85
cases, while still detecting 43 true DKA cases. This results in
an improved efficiency of two patients tested per true case de-
tected, as reflected in the confusion matrix (Table 4), which
demonstrates the balance between sensitivity and specificity
in model performance.

The benefits of using the “1-DKA Alert” include: 1) Ab-
solute reduction in tests: The number of tests decreases by 189
cases (from 274 to 85), leading to an estimated cost saving
of 141,750 Thai Baht (THB) (about $4,218.40) at 750 THB
($22.30) per test. This cost saving is calculated based on data
collected over a 4-month period. 2) Relative reduction in tests:
The total number of tests is reduced by 69.0% ((189/274) x
100). Although the “1-DKA Alert” significantly optimizes re-
source utilization while maintaining clinical safety, its repre-
sentativeness, generalizability, and transportability should be
further evaluated in an external validation dataset.

Table 2. Final multivariable risk ratio regression analysis for the predictive model

Diabetic ketoacidosis

Predictors
mRR 95% CI P value

Initial capillary blood glucose (mg/dL) 1 1.00, 1.00 0.043
History of DM Reference

Type 1 DM 2.93 1.00, 8.52 0.049

Type 2 DM 2.14 0.83,5.53 0.117
Insulin usage 2.79 1.63,4.77 <0.001
Poor compliance 2.43 1.45, 4.05 0.001
Respiratory rate 1.04 1.01, 1.06 0.001
Suspected infection 2.51 1.32,4.78 0.005

mRR: multivariable risk ratio; DM: diabetes mellitus; CI: confidence interval.

Articles © The authors | Journal compilation © ] Clin Med Res and Elmer Press Inc™ | https://jocmr.elmerjournals.com 169



Predictive Factors for DKA in Adults

J Clin Med Res. 2025;17(3):164-173

o)
12
=
=
0]
n
w
&
AUuROC 0.8777 (95% CI, 0.8294-0.9259)
o —
0 .25 5 75 1
1 - specificity

Figure 2. Area under the receiver operating characteristic (AuROC) curve. Cl: confidence interval.
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This study utilized the DKA diagnostic criteria established by
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Figure 3. Calibration plot for predicted and observed probabilities of
diabetic ketoacidosis. Cl: confidence interval.

the ADA in 2009 [1], which specifies blood glucose > 250 mg/
dL. However, in 2024, these criteria were revised [7], lowering
the blood glucose threshold to > 200 mg/dL or a prior history
of diabetes, along with revised parameters of pH < 7.3 and/or
bicarbonate concentration < 18 mmol/L. The change reflects
findings from several studies reporting an increase in eugly-
cemic DKA cases. The researchers obtained ethics commit-
tee approval for this study, and data collection was completed
prior to these guideline changes. External validation in a new
diagnostic criteria domain should be performed.

Assessing poor compliance may introduce bias, especially
when medical records lack documentation. In such cases, par-
ticularly for walk-in patients from other hospitals, compliance
is assessed by asking the patient or reliable relatives about their
physician’s feedback. However, this approach is prone to self-
reporting bias, as patients may claim good compliance even
if they are non-adherent (social desirability bias). If a patient
admits to poor compliance, it is likely reliable, as individuals
tend to portray themselves favorably. However, when a patient
reports good compliance or is uncertain, misclassification bias
may occur, leading to potential overestimation of adherence.
This limitation should be considered when interpreting the
study findings.

Among patients presenting with hyperglycemia as their
first diagnosis, the type of diabetes was classified as “undi-
agnosed”. Additionally, as previously mentioned, we assumed
their compliance to be “poor” since they had never undergone
a check-up. Despite exhibiting an increased respiratory rate
and a suspected infection, the “1-DKA Alert” tended to under-
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Table 3. Internal Validation Using the Bootstrap Resampling Method

Parameters Apparent performance Bootstrap performance
AuROC 0.8777 (0.8294, 0.9259) 0.8770 (0.8330, 0.9310)
Slope 1.000 (0.730, 1.270) 0.991 (0.743, 1.285)
E:O ratio 1.000 1.004

CITL 0.000 (-0.367, 0.367) 0.002 (-0.386, 0.425)
Bootstrap shrinkage - 0.991

AuROC: area under the receiver operating characteristic curve; CITL: calibration-in-the-large; E:O ratio: expected-to-observed outcomes ratio.

Net Benefit

Figure 5. Risk curve showing predicted probability of diabetic ketoacidosis across linear combination values.
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Table 4. Accuracy and Diagnostic Indices at Different Probability Cut-Points for Predicting DKA

Cut-point DKA (n =56) Simple hyperglycemia (n =218) Total  Sensitivity  Specificity PPV NPV
Probability > 15% 50 (18.2%) 67 (24.5%) 117 89.3% 78.1% 42.7%  96.2%
Probability < 15% 6 (2.2%) 151 (55.1%) 157

Probability > 19.4% 43 (15.7%) 42 (15.3%) 85 76.8% 80.7% 50.6%  93.1%
Probability < 19.4% 13 (4.7%) 176 (64.3%) 189

Probability > 25% 38 (13.9%) 25 (9.1%) 63 67.9% 88.5% 60.3%  91.5%
Probability <25% 18 (6.6%) 193 (70.4%) 211

DKA: diabetic ketoacidosis; PPV: positive predictive value; NPV: negative predictive value.

predict DKA in this group.

In contrast, the prevalence of type 1 DM is higher in the
pediatric population than in the adult population. The proportion
of HbAlc, poor drug compliance, drug dose, and other predic-
tors might be less available compared to adult patients. Exter-
nal validation using a full model approach in both pediatric and
adult populations may be valuable. However, hyperglycemia in
the pediatric population is rare, while type 1 DM presenting with
DKA is common. Therefore, investigating all pediatric patients
with hyperglycemia is worthwhile and reasonable.

Although the model achieved a false negative below the
pre-defined threshold (< 5%), it produced a false positive of
15.3%, exceeding the target of < 10%. This overestimation
remains a key limitation, necessitating further refinement to
enhance specificity while maintaining clinical utility.

This study did not identify any cases of hyperosmolar hy-
perglycemic state (HHS) due to its very low incidence [25,
26]. In cases where predicting HHS is necessary, a research de-
sign incorporating a polynomial outcome may be appropriate.
This would include: 1) simple hyperglycemia, 2) DKA, and
3) HHS, which would require a different statistical approach.

Conclusions

The “1-DKA Alert” demonstrates excellent discriminative
ability and high calibration performance, providing DKA pre-
diction with a low false-negative, suggesting its potential for
use in clinical practice for patients with CBG >250 mg/dL.
However, further studies are necessary for external validation
in different domains.
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