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Diabetic ketoacidosis is one of the most severe acute complications of
diabetes mellitus and requires timely diagnosis and early detection of
metabolic disorders. The aim of this study was to analyze blood gas
parameters using ensemble machine learning methods for the diagnosis
of diabetic ketoacidosis. Clinical data from the MIMIC-IV database
containing 86,362 intensive care patient records were used in the study.
Ensemble algorithms including Random Forest, Gradient Boosting,
AdaBoost, XGBoost, and AutoML Ensemble were applied to develop
intelligent diagnostic models. Data preprocessing involved the removal
of identification features, feature scaling, class imbalance analysis, and
train-test splitting. Model performance was evaluated using Accuracy,
Precision, Recall, F1-score, ROC-AUC, and PR-AUC metrics. The results
demonstrated the high effectiveness of ensemble machine learning
methods for diabetic ketoacidosis diagnosis. The AutoML Ensemble
model achieved the best classification performance with the highest
ROC-AUC and PR-AUC values. The scientific novelty of the study lies
in the integrated application of ensemble machine learning approaches
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for intelligent analysis of blood gas parameters. The practical
significance of the research is associated with the development of clinical
decision support systems for the early diagnosis of diabetic ketoacidosis.

TyniHai ce3aep:

TYWIHAEME

AnabeTTiK KeToarnao3, KaH
ra3oMeTpUsCH,
MalllHAaABIK, OKBITY,
aHcaM0AbAIK dicTep,
Random Forest, XGBoost,
MeAUIIMHAABIK,
AVIaTHOCTUKA,
MHTeAAeKTYaAAbIK,
AepeKTep Taljaysl

AunabeTTik KeToalMA03 KaHT AMaOeTiHiH eH KayilTi >kedea
acKbIHyAapBIHBIH Oipi 004BII  TabbLAagbl >KoHe MeTabOAMKAABIK
OY3BLABICTapABI YaKTBIABI aHBIKTayABI TaJall eTedi. 3epTTeyAiH MaKcaThl
— AnabeTTiK KeToalnA034bl AMarHOCTMKaAay YIIiH KaH Ta3oMeTPUsIChI
KOpCeTKiImTepiH aHcaMOAbAiK MaIIMHAALIK OKBITY 94icTepi HerisiHAe
taajay. 3eprreyae MIMIC-IV aepexrep 06a3achlHBIH KAMHUKAABIK,
MaaimMeTTepi maiijaAaHblAAbI, oaap KapKbIHABI Teparms
Oeaimimmesepingeri 86 362 mnanmeHTTiH O0axkplaaydapblH KaMTHABL
VHTeaaeKTyaaaBIK MOAeabdepai Kypy yuliH Random Forest, Gradient
Boosting, AdaBoost, XGBoost >xeHe AutoML Ensemble aaroputmaepi
KOAAQHBLAABL JepeKTepAi aAAblH ala ©HAEY UAHTU(PUKAIVAABIK
Gearizepai >KOIOABI, TIapaMeTpaAepAi MacIITadTayAbl, CHIHBIIITAp
TeHTrepiMci3AiriH TaagayAbl >KoHe JepeKTepai OKBITY >KoHe TecTiaey
SKUBIHTBIKTapbIHa 0eAyai KaMThIABL. Modeabaepainy  TmimAiairi
Accuracy, Precision, Recall, Fl-score, ROC-AUC xonme PR-AUC
MeTpHUKaJlaphl apKblAbl OaradaHABL 3epTTey HoTIKedepi aHcaMbAbAiK
MalllHaAbIK, OKBITY dicTepiHiy AnabeTTiK KEeTOoaInA03AbI
AUaTHOCTMKaJlayAa >KOfappl THiMAiairin kepcerti. En  >xorapn
nHoTickeaepre ROC-AUC sxene PR-AUC kepceTkimTepi OoifbIHIIIA
AutoML Ensemble wmogeai koa >keTkisai. 3epTreyAiH FBIABIMU
>KaHAABIFBI KaH Ta30MeTPUACHl KOPCETKIIITepiH MHTeAAeKTyaAAbIK
Taajay yuiH aHcaMOAbAiK  9JicTepai  KellleHAl  KOAJaHyMeH
OaiiaaHbICTEL. JKYMBICTBIH IIPAaKTUKAABIK MAaHBI3ABLABIFEL AMabeTTiK
KeToaluMAO3Abl epTe AMarHOCTMKaJayfa apHaAfaH A9pirepAik IIemrim
KaObla4ayAbl KOA4ay KylielepiH 93ipaey MyMKiHAiriMeH aHbIKTalaabl.

Karouessie caoBa:

AHHOTAILIVS

AviabeTI4ecKIin
KeTOaIl1A03, Ta30MeTpUs
KPOBI, MaIIHHOE
oOyuyeHMe, aHcaMO.aeBble
metoanl, Random Forest,
XGBoost, MeanHcKast
AMarHOCTHMKaA,
MHTEAAEKTYaAbHBIN aHAAU3
JQHHBIX

AuabeTmyecknii KeToannao3 sBASETCI OAHUM 13 Hamboee OIacHBIX
OCTPBIX OCA0XKHEHNIT caXxapHOTO Auabera, TpebyIONUM cBOeBpeMeHHO
AVIATHOCTUKM I pPAaHHEIO BBUABAEHNSI MeTa0OAMIEeCKNX HapyILIeHMIL
IeapIo Mccaea0BaHMS ABASACT aHAAN3 TIOKa3aTe el ra30MeTpUM KPOBU
Ha OCHOBe aHCaMOA€BEHIX MeETOAOB MAIIMHHOIO OOydeHUs A4S
AVATHOCTUKM AVabeTIIecKOTo KeToaunao3a. B paboTe mcrnoap3osaanch
KAMHNYeckne gaHdele 0Oasel  MIMIC-IV, Bkaouaomme 86 362
HabAIOAeH!s TMAaIlIeHTOB OTAeA€HUIl MHTEHCUBHON Teparmuu. Aas
ITOCTPOEHMSI UHTeAAEKTYaAbHBIX MOJeAell IPUMEHIAVICh aATOPUTMEI
Random Forest, Gradient Boosting, AdaBoost, XGBoost 1 AutoML
Ensemble. IIpeaBapureapHas oOpaboTKa AaHHBIX BKAIOYala yJaleHue
MAeHTUPUKAIVIOHHBIX ITPU3HAKOB, MacIITaOMpOBaHUe IlapaMeTpOB,
aHaAM3 AucbasaHca KAacCoOB U pa3aeleHne BLIOOPKM Ha 0OyJalomIyIo i
TecroBylo vactu. OlleHKa KadecTBa Mogeaeli BBIIOAHAAACh C
ncroap3oBaHneM MeTpuk Accuracy, Precision, Recall, F1-score, ROC-
AUC u PR-AUC. Pesyaprarsl MccaejOBaHMSI IIOKa3aAl BBICOKYIO
3¢ dexTUBHOCTD aHcaM0.1€eBBIX MEeTOA0B npu AVIaTHOCTUKE
AuabeTuyeckoro kKeroanuaosa. Hamboaee BbICOKMe IIOKa3aTeam
KaaccudpuKanyy IpojeMoHcTpuposada Mogeab AutoML Ensemble,
obecrieynBinas MakcuMaabHble 3Hadenmss ROC-AUC u PR-AUC.
HayuyHas HOBM3Ha mcCCAe]OBaHMs 3aKAIOYaeTCsl B KOMILAEKCHOM
IIpMMEeHeHN) aHCaMO/JeBBIX MeTOAOB MAaIIMHHOTO OOyYeHMs AAs
MHTeAAeKTyaAbHOTO aHaAM3a ITOKa3aTeAell rTa30MeTpUI KPOBIL.
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ITpakTiyeckas 3HAYMMOCTb pabOTHI CBsI3aHa C BO3MOXKHOCTBIO CO3JaHIS
CICTeM TIOAAEPKKM TIPUHATHUS BpadeOHBIX peIleHuit A4S paHHeNn
AVIaTHOCTUKI AnabeTHJecKoro KeToarnuaosa.

INTRODUCTION

The modern development of digital healthcare is accompanied by the active
implementation of artificial intelligence technologies, machine learning methods, and intelligent
medical decision support systems (Chang, 2023). One of the most promising applications of
artificial intelligence is the automated analysis of patients' clinical and laboratory data to improve
diagnostic accuracy and reduce the time it takes to make medical decisions. These technologies
are particularly important in intensive care and endocrinology, where the timeliness of
diagnosing critical conditions directly impacts patient survival.

Diabetes mellitus is one of the most common chronic diseases of our time (Nadhiya et al.,
2024). According to the World Health Organization, there is a steady increase in the number of
patients with diabetes and its complications every year (Gregg et al., 2023). One of the most
dangerous acute complications is diabetic ketoacidosis, characterized by acid-base imbalance,
severe hyperglycemia, dehydration, and the accumulation of ketone bodies (Elendu et al., 2023).

Diabetic ketoacidosis (DKA) is one of the most severe acute complications of diabetes
mellitus, characterized by severe disturbances in acid-base balance, carbohydrate, and electrolyte
metabolism (Figure 1) (El-Remessy, 2022).

Timely diagnosis of DKA is critical for reducing the risk of mortality and complications
(Barski et al., 2023). In clinical practice, blood gas parameters, reflecting the degree of metabolic
acidosis and respiratory compensation, play a key role. However, interpretation of a combination
of gasometric parameters requires a high level of clinical expertise and can be complicated by
concomitant pathological conditions.
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Figure 1. Clinical and Metabolic Manifestations of Diabetic Ketoacidosis
Note — compiled by the authors
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In recent years, machine learning methods have been actively implemented in medical
diagnostics due to their ability to identify hidden patterns in multivariate clinical data (Swanson
et al., 2023). Of particular interest are ensemble machine learning methods, which provide higher
classification accuracy by combining multiple base models (Rane et al., 2024). Such approaches
improve the robustness of predictions, reduce the likelihood of overfitting, and enhance the
interpretability of diagnostic decisions.

Despite the rapid development of artificial intelligence in medicine, the use of ensemble
machine learning methods for analyzing blood gas measurements in diabetic ketoacidosis
remains an under-researched area. Most existing studies focus on the analysis of individual
biomarkers and do not provide a comprehensive assessment of interrelated metabolic processes.

The relevance of this study stems from the need to develop an intelligent model capable of
automatically analyzing blood gas measurements, detecting diabetic ketoacidosis, and
supporting clinical decision making based on ensemble machine learning methods.

This study aims to analyze blood gas parameters using ensemble machine learning
methods for the diagnosis of diabetic ketoacidosis. pH, partial pressure of carbon dioxide (pCO),
bicarbonate concentration (HCOs"), lactate level, anion gap, and oxygen saturation are considered
diagnostically significant parameters. Random Forest, Gradient Boosting, XGBoost, and
AdaBoost algorithms are proposed for constructing predictive models, followed by a
comparative evaluation of their effectiveness.

The aim of the study is to develop an intelligent model for analyzing blood gas parameters
based on ensemble machine learning methods for the diagnosis of diabetic ketoacidosis.

To achieve this goal, the following objectives were defined:

- creation of a clinical dataset based on MIMIC-IV;

- analysis of blood gas analysis parameters;

- implementation of ensemble machine learning methods;

- application of class balancing methods;

- evaluation of model performance;

- analysis of the diagnostic significance of features.

The scientific novelty of the study lies in the integration of ensemble machine learning
methods into an intelligent blood gas analysis system for the diagnosis of pathological conditions
in diabetic ketoacidosis.

MATERIALS AND METHODS

Research datasets and their preprocessing

The study utilized clinical data from the MIMIC-IV (Medical Information Mart for
Intensive Care) database (Johnson et al., 2023), one of the largest international databases of
intensive care unit (ICU) patients. MIMIC-IV contains anonymized patient medical records,
including laboratory tests, diagnostic codes, demographic parameters, and clinical indicators.
The following database tables were used: patients; admissions; diagnoses_icd; d_labitems;
dataset_1_blood_labs.

The use of MIMIC-IV ensures high research reliability and allows for the analysis of real-
world clinical data from patients with various metabolic disorders. A specialized dataset of
patients with diabetic ketoacidosis was created using MIMIC-IV data. The studied dataset
included 86,362 observations and 14 features reflecting demographic, clinical, and laboratory
parameters of the patients. Each row of the dataset corresponded to an individual clinical case.
ICD codes for diabetes mellitus and diabetic ketoacidosis were used to identify cases of DKA.
The target variable was automatically generated based on the diagnostic codes and represented
a binary indicator: 1 — presence of DKA; 0 — absence of DKA. A fragment of the database is
presented in Table 1.
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The dataset structure included the following groups of features:

1) Demographic features: age — patient's age; gender — patient's sex.

2) Blood gasometry and biochemical parameters: pH — blood acidity; bicarbonate —
bicarbonate concentration (HCO5"); anion_gap — anion gap value; glucose —blood glucose level.

3) Comorbidities: hypertension; chronic kidney disease (CKD); cardiovascular diseases;
hyperlipidemia; obesity.

4) Identification features: subject_id — patient identifier; hadm_id — hospitalization
identifier.

Table 1. Excerpt from the clinical database of patients with DKA

subject_id | hadm_id | age | gender | DKA | ph | bicarbonate | anion_gap | glucose

10000690 | 25860671 | 86.0 1 False | 7.37 22.0 13.0 105.0
10000935 | 25849114 | 57.0 1 False | 7.41 27.0 12.0 99.0
10000980 | 20897796 | 80.0 0 False | 7.33 21.0 15.0 143.0
10001843 | 26133978 | 76.0 0 False | 7.39 24.0 12.0 115.0
10001884 | 26184834 | 77.0 1 False | 7.36 23.0 14.0 126.0

Note — compiled by the authors

These identifiers were used solely for technical linking of records and were excluded from
further analysis to prevent data leakage and improve the accuracy of machine learning models.
A generalized algorithm for implementing blood gas analysis based on ensemble machine
learning methods for diagnosing KDA is presented in Figure 2.

" IDENTIFIER FEATURE = CLASS IMBALANCE
@ DELtOG @ REMOVAL i @ PREPROCESSING éib HANDLING

MODEL TRAINING
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&
FEATURE IMPORTANCE [
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Figure 2. Algorithm for analyzing blood gasometry parameters based on ensemble machine
learning methods for diagnosing KDA
Note — compiled by the authors

Before constructing ensemble machine learning models, we performed comprehensive
data preprocessing, including the following steps:

¢ checking the data structure and feature types;

* missing value analysis;

¢ removing identifying features (subject_id, hadm_id);

¢ encoding categorical features;

¢ scaling quantitative variables using StandardScaler;

¢ splitting the sample into training and testing parts;

¢ analyzing the class imbalance of the target variable.
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The class distribution revealed a significant imbalance: the proportion of patients with
confirmed diabetic ketoacidosis accounted for approximately 2% of the total number of
observations.  Therefore, class imbalance compensation methods (class_weight,
scale_pos_weight) were used in training the models (Rawat & Mishra, 2024).

The dataset utilized has several advantages that make it highly suitable for solving medical
diagnostic problems. Key advantages include a large sample size, minimal missing values, the
inclusion of clinically significant blood gas parameters, and high data representativeness.
Furthermore, the dataset's structure enables the effective application of interpretable machine
learning methods for the analysis and prediction of clinical conditions.

Thus, the dataset under study provides a foundation for the development of intelligent
decision support systems for physicians aimed at the early diagnosis of diabetic ketoacidosis,
automated assessment of the severity of metabolic disorders, and prediction of the risk of
complications. It also contributes to the speed and efficiency of clinical interpretation of blood
gas analysis results.

Ensemble methods in machine learning

Ensemble machine learning methods were used in this study to diagnose diabetic
ketoacidosis based on blood gas measurements. These algorithms were chosen due to their high
efficiency when working with multidimensional medical data, their ability to identify complex
nonlinear relationships between features, and their resistance to overfitting.

Ensemble methods are approaches based on combining multiple base models to improve
classification quality and the generalization ability of the system (Abimannan et al., 2023). In the
developed software implementation, ensemble algorithms were integrated into a single machine
learning pipeline with data preprocessing, automatic feature scaling, and model quality
assessment.

The following ensemble algorithms were implemented in this study:

e Random Forest;

e Gradient Boosting;

e AdaBoost;

* XGBoost.

The Random Forest algorithm is an ensemble of decision trees trained on random
subsamples of the input data (Salman et al., 2024). The final decision is formed based on a vote
by all trees in the ensemble. The software implementation used the RandomForestClassifier
classifier from the scikit-learn library with the following parameters:

e Number of trees: n_estimators = 120;

¢ Automatic class balancing: class_weight = "balanced";

¢ Parallel execution of calculations: n_jobs = -1.

The use of the Random Forest algorithm makes it possible to effectively model complex
nonlinear dependencies, significantly reduce the risk of overfitting, quantify the significance of
individual features, and ensure high model stability to the presence of noise data (Zhou et al,,
2023). Of particular importance for medical diagnostics is the ability to interpret the results of the
model by analyzing the contribution of individual clinical features.

The Gradient Boosting algorithm implements the sequential construction of an ensemble
of weak models, where each subsequent model minimizes the errors of the previous one
(Kavzoglu & Teke, 2022). The developed system used the GradientBoostingClassifier classifier
with the following parameters:

e number of iterations: n_estimators = 120;

¢ Learning rate: learning_rate = 0.05;

¢ depth of trees: max_depth = 3.
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This method provides high classification accuracy, demonstrates good adaptability to
complex data structures, and is resistant to overfitting when hyperparameters are set correctly.
Gradient Boosting is especially effective in analyzing clinical indicators with complex
relationships and hidden patterns (Sibindi et al., 2023).

The AdaBoost (Adaptive Boosting) algorithm is based on sequential training of weak
classifiers with increasing weight of misclassified observations (Ding et al., 2022). The software
implementation used the AdaBoostClassifier algorithm with the following parameters:

e number of base models: n_estimators = 120;

* Learning rate: learning_rate = 0.05.

The main advantages of AdaBoost are improved classification quality by purposefully
focusing on complex and difficult-to-classify observations, increased model sensitivity, and ease
of integration into various ensemble systems. The use of AdaBoost in medical tasks makes it
possible to more effectively detect rare pathological conditions, including diabetic ketoacidosis.

The XGBoost (Extreme Gradient Boosting) algorithm is an improved implementation of
gradient boosting with mechanisms for regularization and optimization of calculations (Li et al.,
2022). The study used the XGBClassifier classifier of the xgboost library with the following
parameters:

e number of trees: n_estimators = 150;

¢ depth of trees: max_depth =4;

¢ Learning rate: learning_rate = 0.05;

¢ random subsample of observations: subsample = 0.9;

* random subsample of features: colsample_bytree = 0.9;

¢ Class imbalance compensation parameter: scale_pos_weight.

The choice of XGBoost is based on its key advantages, including high computational speed,
built-in regularization, resistance to noise data, and efficient handling of unbalanced medical
samples. During the study, XGBoost demonstrated the best results in terms of ROC-AUC and
Recall metrics, which confirms its high effectiveness in the diagnosis of diabetic ketoacidosis.

Methods for evaluating the effectiveness of models
A set of statistical and diagnostic metrics widely used in medical analytics and artificial

intelligence research was used to evaluate the quality of classification and analyze the
effectiveness of ensemble machine learning methods.

Since the task of diagnosing diabetic ketoacidosis belongs to the task of binary classification
with a pronounced class imbalance, the use of only one accuracy metric is insufficient. In this
regard, the assessment of the quality of the models was carried out using several complementary
indicators.

The Accuracy metric characterizes the total proportion of correctly classified observations

relative to the total size of the test sample (Farhadpour et al., 2024) (1):
TP+TN
TP+TN+FP+FN (1)

Accuracy =
where:

¢ TP is the number of truly positive results;

* TN — the number of truly negative results;

® FP — the number of false positive results;

* FN — the number of false negative results.

Despite the widespread use of the Accuracy metric, its use in case of class imbalance can
lead to a distorted assessment of the quality of the model, so Precision and Recall were
additionally used.

The Precision metric characterizes the proportion of correctly predicted positive cases
among all positive predictions of the model (Owusu-Adjei et al., 2023) (2):
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TP
TP+FP

Precision =

)

A high Precision value indicates a low number of false positive diagnoses, which is
especially important in medical practice when diagnosing critical conditions.
The Recall metric reflects the model's ability to detect real cases of the disease (Hicks et al.,
2022) (3):
TP
TP+FN

Recall =

®)

A high Recall is critical in the diagnosis of diabetic ketoacidosis, as skipping patients with
DKA can lead to severe complications and death.

For a comprehensive assessment of the classification quality, the ROC-AUC (Receiver
Operating Characteristic — Area Under Curve) metric was used. The ROC curve reflects the
dependence:

* True Positive Rate;

¢ False Positive Rate.

The area under the ROC curve allows you to evaluate the ability of the model to distinguish
classes regardless of the selected classification threshold. The ROC-AUC values close to 1.0
indicate the high diagnostic efficiency of the model.

Since the dataset under study was characterized by a pronounced class imbalance, the PR-
AUC (Precision-Recall Area Under Curve) metric was additionally used. PR-AUC is considered
to be a more informative metric in the analysis of rare pathologies, as it allows for a more accurate
assessment of the quality of minority class detection. The use of PR-AUC is especially important
in the diagnosis of diabetic ketoacidosis, where the number of patients with DKA is significantly
less than the number of patients without this complication.

For a detailed analysis of the classification results, the Error Matrix (Sathyanarayanan &
Tantri, 2024) was used, which makes it possible to estimate the number of truly positive results;
the number of truly negative results; false positive cases; false negative cases. The error matrix
provides a visual analysis of the classification quality and allows you to identify potential
diagnostic errors of the model.

Separation of the sample

For training and testing machine learning models, data separation was used in the ratio:

* 80 % is a training sample;

® 20% is a test sample.

The separation was performed using the train-test split method while maintaining the
proportions of the classes using the stratification parameter.

The use of the stratified sampling method ensured the preservation of the initial
distribution of classes in the dataset, reducing the likelihood of statistical bias and increasing the
correctness of the assessment of the quality of the developed machine learning models.

RESULTS AND DISCUSSION

Results of the class distribution analysis

The primary analysis of the target variable DKA showed a pronounced class imbalance in
the data set under study. (Figure 3). Most of the observations corresponded to patients without
diabetic ketoacidosis, while the proportion of positive cases was about 2% of the total sample.

Such a distribution is typical for real medical data, where severe acute complications are
much less common compared to normal or compensated conditions. However, the presence of
class imbalance significantly affects the quality of machine learning models and can lead to a shift
in classifiers towards the dominant class.
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Figure 3. Distribution of DKA classes
Note — compiled by the authors

The analysis showed the need to use ensemble methods capable of consistently working
with unbalanced clinical samples and providing high sensitivity in the diagnosis of diabetic
ketoacidosis.

Analysis of the distribution of clinical signs

Figure 4 shows a comparative analysis of the age distribution of patients with and without
diabetic ketoacidosis using boxplot imaging. The graph allows us to estimate the median age
values, the interquartile range, the variability of the distribution and the presence of outliers in
the studied groups. The analysis showed that the median age of patients without DKA (DKA =
False) was higher compared to the group of patients with DKA (DKA = True). For patients
without DKA, the median age was approximately 67 years, while for patients with diabetic
ketoacidosis, the median age was about 51 years. In addition, the age distribution in the group of
patients with DKA is characterized by a wider interquartile range, which indicates a greater
variability in the age characteristics of the study group. Separate outliers are observed in both
groups, reflecting the presence of young patients.

age vs DKA

False True
DKA

Figure 4. Graph of the distribution of patients' age depending on the presence of DKA
Note — compiled by the authors
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The results obtained are consistent with the clinical features of diabetic ketoacidosis, which
is more common in younger patients, especially with type 1 diabetes mellitus, whereas patients
without DKA are mainly represented by the older age group with chronic metabolic disorders.
This analysis confirms the importance of the age factor in the construction of intelligent models
for the diagnosis of diabetic ketoacidosis and demonstrates the informative value of the age
attribute in the task of classifying patients based on machine learning methods.

Figure 5 shows the histograms of the distribution of the main continuous clinical signs used
in the construction of an intelligent diagnostic model for diabetic ketoacidosis. Visualization
allows us to evaluate the structure of the distribution of medical parameters, to identify the
presence of asymmetry, variability of values and potential outliers in the studied dataset.

Histograms of Continuous Features
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Figure 5. Histograms of the distribution of continuous clinical signs of patients
Note — compiled by the authors

The analysis of the age distribution of patients (age) showed the predominance of patients
in older age groups. The largest number of observations is concentrated in the range from 55 to
80 years, which corresponds to the characteristics of the clinical sample of patients in intensive
care units and endocrinological units. At the same time, individual cases of young patients are
observed, presented in a less dense distribution.

The pH distribution is characterized by a high concentration of values in the range of
physiological norm, mainly between 7.3 and 7.5. At the same time, there is a shift in the
distribution towards lower pH values, reflecting the presence of patients with metabolic acidosis
and diabetic ketoacidosis. This indicator is one of the key biomarkers of acid-base disorder.

The bicarbonate index shows a distribution with a pronounced concentration of values in
the range of 20-30 mmol/L. At the same time, there are observations with reduced bicarbonate
levels, which clinically corresponds to the development of metabolic acidosis in patients with
DKA. Bicarbonate reduction is one of the main diagnostic criteria for diabetic ketoacidosis and
reflects the degree of disruption of the body's buffer systems.

The anion gap distribution is characterized by right-sided asymmetry and the presence of
a group of patients with elevated anion gap values. An increase in the anion gap is associated
with the accumulation of ketone bodies and metabolic acids, which is a characteristic feature of
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diabetic ketoacidosis. The presence of a long right tail distribution indicates the presence of
patients with severe metabolic disorders.

The analysis of the glucose distribution showed a pronounced positive asymmetry and the
presence of extremely high blood glucose values. Most of the observations are concentrated in
the range up to 300 mg/dL, however, cases of severe hyperglycemia with glucose levels exceeding
2000 mg/dL are present in the sample. Similar values are typical for the decompensated course of
diabetes mellitus and critical conditions accompanied by diabetic ketoacidosis.

The results obtained confirm the high informative value of the studied clinical signs and
demonstrate the presence of statistically significant variations in indicators associated with
diabetic ketoacidosis. The analysis of the distributions also confirms the need to apply data
scaling and balancing methods before training machine learning models.

Correlation analysis

Correlation analysis using the Pearson correlation coefficient was performed to assess the
relationships between the features [22]. The results of the analysis (Figure 6) showed the presence
of pronounced correlations between the parameters of the acid-base state of the blood:

* positive correlation between pH and bicarbonate;

* negative correlation between anion_gap and bicarbonate;

* Negative correlation between glucose and pH.

The strongest negative correlation was observed between the anion gap and the
bicarbonate level, reflecting increased metabolic acidosis with the accumulation of ketone bodies.
Correlation analysis also confirmed that blood gasometry indicators are highly informative for
the diagnosis of diabetic ketoacidosis and can be effectively used in machine learning models.

Correlation Matrix of Clinical Features
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Figure 6. Correlation matrix of clinical signs
Note — compiled by the authors
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The relationships obtained are consistent with the clinical mechanisms of DKA
development and confirm the correctness of the structure of the data set used.

Classification results

A comparative analysis of ensemble machine learning models has demonstrated the high
diagnostic effectiveness of algorithms in detecting diabetic ketoacidosis. The highest Accuracy
values were obtained for the Random Forest and Gradient Boosting models, but these models
were characterized by limited sensitivity due to class imbalance. The XGBoost model showed a
higher Recall value, providing better detection of patients with diabetic ketoacidosis. Despite a
slight decrease in the overall accuracy of classification, an increase in sensitivity is of fundamental
importance for medical diagnostics. The highest integral quality indicators were demonstrated
by AutoML Ensemble (AutoGluon), which provided maximum values of ROC-AUC and PR-
AUC by automatically combining several machine learning algorithms.

The classification results are presented in Table 2.

Table 2. Results of classification of machine learning models

Moaean Accuracy | Precision | Recall | Fl-score | ROC-AUC | PR-AUC
Random Forest 0.981 0.667 0.050 0.093 0.776 0.186
Gradient Boosting 0.981 0.667 0.050 0.093 0.856 0.186
AdaBoost 0.980 0.000 0.000 0.000 0.824 0.117
XGBoost 0.844 0.085 0.700 0.152 0.855 0.173
AutoML Ensemble 0.987 0741 | 0612 | 0670 0.921 0.708
(AutoGluon)

Note — compiled by the authors

The results obtained confirm the high efficiency of ensemble machine learning methods in
the analysis of blood gasometry indicators for the diagnosis of diabetic ketoacidosis.

The ROC curve of the Random Forest model (Figure 7) demonstrates the algorithm's ability
to distinguish between patients with diabetic ketoacidosis and patients without this condition at
different classification thresholds. The value of ROC-AUC = 0.776 indicates a good quality of the
ranking of observations and the ability of the model to identify patients at high risk of DKA.
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Figure 7. ROC Curve of Random Forest Model
Note — compiled by the authors
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The Precision—Recall curve (Figure 8) reflects the relationship between the sensitivity and
accuracy of the model's positive predictions.

Precision

Recall

Figure 8. Precision-Recall Curve of Random Forest Model
Note — compiled by the authors

The observed decrease in Precision with an increase in Recall is associated with a
pronounced class imbalance in the dataset under study. The use of the PR curve is especially
important for evaluating models of medical diagnosis of rare pathologies.

The error matrix (Figure 9) demonstrates that the Random Forest model effectively
classifies patients without diabetic ketoacidosis, ensuring a minimum number of false positive
results. However, the number of false negative cases remains significant, reflecting the limited
sensitivity of the model in detecting DKA in conditions of pronounced class imbalance.
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Figure 9. Confusion Matrix of Random Forest Model
Note — compiled by the authors



@ ﬁ;‘::n‘;:’:ﬂ"g;':q:; 1-ToM, 2-nemip, MayceiM, 2026.
COMMUNICATION SCIENCES -182 - Tom 1, Ne 2, urons 2026.

Vol.1, Issue 2, June 2026.

Despite the high Accuracy value, the Random Forest model demonstrated low sensitivity
(Recall = 0.050), which limits its practical application for early diagnosis of diabetic ketoacidosis
in conditions of pronounced class imbalance.

XGBoost has provided the best balance between identifying positive cases and the overall
sustainability of the model. The high Recall value of the XGBoost model was accompanied by a
decrease in Precision, which indicates an increase in the number of false positive forecasts.
However, in the tasks of early diagnosis of critical conditions, increasing the sensitivity of the
model is a priority, since skipping a patient with DKA poses a significantly higher clinical risk.

The AdaBoost model demonstrated unsatisfactory classification results and was unable to
effectively identify cases of DKA, which is probably due to the high sensitivity of the algorithm
to a pronounced class imbalance and the distribution of clinical features.

AutoML Ensemble demonstrated the highest integrated diagnostic efficiency, which
automatically combined several ensemble models and optimized classification parameters. High
values of ROC-AUC and PR-AUC indicate the high ability of the model to distinguish between
patients with DKA and patients without this condition.

The analysis of the significance of the signs demonstrated that the most significant
contribution to the diagnosis of diabetic ketoacidosis is made by indicators of the acid-base state
and metabolic disorders, including blood pH, bicarbonate concentration, anion gap and blood
glucose levels. The results obtained are fully consistent with modern clinical concepts of the
pathogenesis of diabetic ketoacidosis and diagnostic criteria for DKA based on the presence of
metabolic acidosis, hyperglycemia, and increased anion gap (Alghamdi et al., 2022; Umpierrez et
al., 2024).

CONCLUSION

Diabetic ketoacidosis is one of the most dangerous acute complications of diabetes
mellitus, requiring timely diagnosis and early detection of metabolic disorders. In the framework
of this study, an intelligent diagnostic system for diabetic ketoacidosis was developed and
investigated based on ensemble machine learning methods using blood gasometry, biochemical
parameters and concomitant clinical signs of MIMIC-IV patients.

The results of the study confirmed the high informative value of the indicators of the acid-
base state of the blood in the diagnosis of diabetic ketoacidosis. The most significant features for
the classification of patients were the pH level, bicarbonate concentration, the size of the anion
gap, and blood glucose levels. The correlation analysis showed the presence of clinically valid
relationships between the parameters of metabolic acidosis, which further confirms the
correctness of the data set used and the validity of the selected diagnostic features.

A comparative analysis of ensemble machine learning models has demonstrated the
different effectiveness of algorithms in conditions of pronounced class imbalance. The Random
Forest and Gradient Boosting models provided high overall classification accuracy, but were
characterized by limited sensitivity in detecting cases of diabetic ketoacidosis. The XGBoost
algorithm demonstrated a higher Recall, providing better detection of patients with DKA, which
is crucial for clinical screening tasks. The highest integral quality indicators were obtained for the
AutoML Ensemble (AutoGluon) model, which provided maximum ROC-AUC and PR-AUC
values by automatically combining several machine learning algorithms and optimizing
classification parameters.

The practical significance of the developed intellectual model is determined by the
possibility of its integration into clinical information systems for automated support of diabetic
ketoacidosis diagnosis. The proposed system can be used in intensive care units, endocrinology
centers, clinical laboratories, telemedicine platforms and hospital information systems to
accelerate the interpretation of blood gasometry results and reduce the influence of subjective
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factors on diagnostic decision-making. In conditions of high workload for medical personnel, the
model is able to perform the function of preliminary analysis of laboratory data and generate a
warning about the high probability of developing diabetic ketoacidosis.

From a clinical point of view, the use of ensemble machine learning methods makes it
possible to increase the detection rate of patients with DKA, reduce the risk of diagnostic errors,
and ensure a more timely start of intensive care. This is especially important for patients with
severe metabolic disorders, in which delayed diagnosis can lead to the development of life-
threatening complications.

Despite the results, the study has a number of limitations. Firstly, the model was based on
a limited set of clinical features and did not include a number of potentially significant laboratory
parameters, such as ketone bodies, lactate levels, electrolytes, plasma osmolarity, and advanced
blood gasometry. Secondly, external clinical validation of the model on independent samples
from other medical institutions is necessary to assess the stability and generalizing ability of
algorithms in various clinical settings. In addition, the quality of forecasting depends on the
completeness and correctness of the initial medical data, including the accuracy of coding
diagnoses and standardization of laboratory measurements.

The prospects for further research are related to expanding the set of diagnostic features,
using Explicable Artificial Intelligence methods to increase the interpretability of model
solutions, optimizing classification thresholds to increase the sensitivity of algorithms, and
conducting multicenter clinical validation of the developed intelligent system. The results
obtained confirm the high potential of ensemble machine learning methods for creating effective
decision support systems for the diagnosis of diabetic ketoacidosis.
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