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Abstract 

Introduction. Acid-base balance disorders are critical conditions in intensive care units 

requiring rapid and accurate management. The study explores the potential of large language 

models to serve as accessible clinical decision support systems to reduce iatrogenic errors. 

Aim. To compare the accuracy of diagnosing acid-base balance disorders and the 

rationality of therapeutic recommendations proposed by artificial intelligence based on 

ChatGPT and by intensive care physicians.   

Materials and Methods. Study design: retrospective, single-center, comparative study. 

The analysis included 302 clinical and laboratory cases of patients treated in an intensive care 

unit between 2024 and 2025. Using prompt engineering techniques, an adapted ChatGPT model 

named “ReanimatorKZ” was developed. A comparative expert evaluation was conducted to 

assess the conclusions of ChatGPT and intensive care physicians regarding acid–base disorders. 

Statistical analysis was performed using StatTech v.4.12.7 and SPSS Statistics 27.0.1. 

Results. In the group of doctors, diagnostic accuracy was 71.2% correct, 24.8% partially 

correct, and 4.0% incorrect conclusions. The AI demonstrated a lower rate of completely 

incorrect diagnostic conclusions (2.0%), while completely correct diagnoses accounted for 

64.9%. The physicians’ treatment strategies were completely correct in 60.9% of cases, whereas 

the AI’s recommendations were completely correct in 89.7% of cases, with no completely 

incorrect therapeutic recommendations classified for the AI. Statistically significant differences 

were confirmed using paired tests (p < 0.05). 

Conclusion. An adapted version of ChatGPT demonstrated a high level of diagnostic 

accuracy in identifying acid–base disorders, comparable to that of intensive care physicians, 

and superior accuracy in formulating therapeutic recommendations for these conditions. Our 

study supports the potential for developing effective and readily scalable clinical decision 

support systems based on widely available artificial intelligence models. However, additional 

prospective validation is required before such systems can be implemented in routine clinical 

practice. 

Keywords: artificial intelligence, intensive care, clinical decision support systems, 

ChatGPT, diagnostic accuracy. 

 

Introduction. Artificial Intelligence (AI) is increasingly playing a pivotal role in modern 

medicine, particularly in intensive care, where the volume and complexity of data necessitate 

new approaches to analysis and clinical decision-making [1,2,3]. In intensive care units (ICUs), 

AI has the potential to significantly enhance the quality and safety of medical care through the 

following avenues: 
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Early diagnosis and prediction of clinical deterioration: Specialized AI models 

demonstrate high accuracy in predicting mortality, sepsis, and other adverse outcomes in 

critically ill patients [4]. The implementation of such systems enables the timely identification 

of patients at risk of deterioration and facilitates a prompt clinical response [5, 6]. 

Optimization of clinical processes: AI automates the collection, analysis, and 

interpretation of data (including vital sign monitoring, laboratory results, and medical imaging), 

thereby reducing the cognitive load on physicians and standardizing decision-making. There 

are “Closed-loop” systems, which independently adjust drug dosages and mechanical 

ventilation parameters, ensure precise and safe patient management during anesthesia. This 

reduces the incidence of complications (such as hypotension) and accelerates recovery [7, 8]. 

AI allows for the individualization of treatment, including precise dosage titration, complication 

forecasting, and risk stratification. This is critically important in cases of multi-organ failure 

and complex comorbid backgrounds [9]. 

Despite the rapid surge in publications, most research in the field of AI for intensive care 

remains in its early stages. Only a small fraction of algorithms has undergone external 

validation or integration into real-world clinical practice. Key barriers include insufficient data 

quality, the risk of bias, limited model transparency (“black box” effect), difficulties in 

workflow integration, and a lack of trust among clinicians. In the United States, only a few AI 

tools have received FDA clearance for ICU applications, yet their widespread implementation 

remains limited [10,11]. 

Successful integration of AI into intensive care requires multidisciplinary collaboration, 

standardization of reporting, transparent and interpretable models, and continuous post-

implementation monitoring of efficacy and safety. Further advancement in AI is expected to 

transform management approaches for critically ill patients [12]. 

Acid-base balance (ABB) disturbances are among the most common conditions in 

patients in critical or unstable states. Since systemic metabolism depends on pH levels, 

appropriate therapeutic correction should be initiated as early as possible to improve patient 

outcomes [13,14]. 

According to major international cohort studies, the prevalence of acidosis (pH < 7.35) 

in patients within the first 24 hours of ICU admission is approximately 57.8%. Among these 

cases, metabolic acidosis accounted for 42.9%, mixed acidosis for 30.3%, and respiratory 

acidosis for 25.9% [15,16,17]. In specific studies of mechanically ventilated patients at the time 

of ICU admission, acidemia was identified in 32%, alkalemia in 17%, and normal pH in 51% 

[18]. 

Direct interpretation of ABB analysis requires the intensivist to possess not only 

knowledge of reference values but also an understanding of the pathophysiological causes and 

the most effective corrective pathways. 

Modern AI technologies have reached a level that allows for both the diagnosis of 

disturbances and the recommendation of corrective algorithms. Consequently, the objective of 

this study is to compare the diagnostic accuracy and efficacy of therapeutic recommendations 

between AI and intensive care physicians. 

Research question (PICO): 

P (Population): Patients in ICU. 

I (Intervention): Use of the adapted AI language model “Reanimator KZ”. 

C (Comparison): Independent clinical decisions by physicians. 

O (Outcome): Improvement in the accuracy of ABB diagnosis and the correctness of 

therapeutic recommendations. 

Materials and methods 

Ethical considerations 
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The study was conducted in accordance with the ethical principles of the Declaration of 

Helsinki of the World Medical Association. Approval was obtained from the Local Ethics 

Committee of the Kazakhstan Medical University “KSPH” (Protocol No. IRB-433-2025 of 

November 25, 2025). Due to the retrospective design of the study and the use of existing 

medical records, informed consent from patients was not required. All data were thoroughly 

anonymized and presented in an aggregated format, ensuring full confidentiality and non-

disclosure of personal medical information in compliance with the legislation of the Republic 

of Kazakhstan. 

Study Design 

A retrospective, single-center, observational comparative study aimed at evaluating the 

diagnostic accuracy and completeness of therapeutic recommendations for ABB disorders in 

ICU patients. The study compared the diagnostic and treatment decisions made by intensive 

care physicians with those made by an AI model. 

Data collection 

The collection of clinical and laboratory data was carried out from the medical records of 

patients who received treatment in the anesthesiology and intensive care department of the 

Talgar Central District Hospital in the period from 2024 to 2025. 

Inclusion Criteria: Clinical cases of patients treated in the ICU, for whom ABB analyses 

were recorded during the course of treatment. No restrictions were placed on sex, age, or 

diagnosis. 

Exclusion Criteria: Incomplete clinical or laboratory datasets insufficient for accurate 

ABB interpretation and formulation of recommendations; Cases where blood gas parameters 

were obtained with significant technical errors or without a specified sample source (arterial or 

venous blood). 

For each clinical case, systematic collection of the following parameters were performed: 

− Demographic and Clinical Data: Age, sex, body weight, primary and secondary 

diagnoses, and complications. 

− Laboratory Parameters and ABB: Blood sample source (arterial/venous), a full spectrum 

of gas exchange parameters (pH, pCO₂, pO₂, HCO₃⁻, BE), electrolytes (Na⁺, K⁺, Cl⁻, Ca²⁺), 

lactate, glucose, hematocrit, and hemoglobin levels. 

− Vital Signs: Oxygenation level (SpO₂), hemodynamic status (normotension, 

hypertension, shock), renal function (creatinine, urine output), and body temperature. 

− Clinical Status: Respiratory support (ranging from spontaneous breathing to mechanical 

ventilation) and neurological status (Glasgow Coma Scale score and presence of psychomotor 

agitation). 

Preparation of the AI model based on ChatGPT 

ChatGPT was selected as the experimental model for the application of AI in medical 

practice, specifically for the interpretation of ABB analysis and the subsequent provision of 

clinical recommendations. The choice of this software over other alternatives was based on its 

widespread popularity and superior reasoning capabilities at the time of the study. For the 

purpose of this research, a customized version of ChatGPT named “Reanimator KZ” was 

developed. 

To configure the model, a detailed system prompt was utilized. The original interaction 

with the AI model, including the system prompt and clinical queries, was conducted in Russian 

to ensure precise alignment with local clinical guidelines and terminology. The English 

translation of the system prompt used to configure the “Reanimator KZ” model is as follows: 

“ROLE AND PURPOSE” you are an expert in anesthesiology, resuscitation, and 

intensive care. Your primary goal is to assist the anesthesiologist-intensivist in making the most 

effective, evidence-based, and safe clinical decisions for critically ill patients. 
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CORE OPERATING PRINCIPLES. Evidence-Based Medicine: Use modern 

international clinical guidelines and consensus statements (ESICM, SCCM, Surviving Sepsis 

Campaign, ARDSNet, Neurocritical Care Society, ERC, etc.). Avoid outdated, empirical, and 

unproven approaches. If a recommendation is based on a weak level of evidence, explicitly 

state this. Clinical Applicability: Provide specific answers: what to do, what to change, within 

what limits, and what the risks are. Patient Safety: Always specify exact drug dosages, 

mechanical ventilation parameters, and target parameters for blood pressure, gas exchange, 

urine output, etc. Warn about potential complications and iatrogenic risks. When making any 

calculations, if data is missing, always clarify: height, weight, age, gender, and comorbidities. 

If there is insufficient data for a safe response, state this directly and request the missing 

information. Honesty and Limitations: If evidence-based information is lacking or 

contradictory, report it. Do not present hypotheses, personal opinions, or traditional “schools of 

thought” as clinical guidelines. Do not fabricate data. If information is insufficient, you are 

required to directly state that there is not enough data for a safe decision and list exactly what 

data is needed. Strictly prohibited: Giving advice outside the framework of evidence-based 

medicine; ignoring the individual characteristics of the patient; using vague or evasive phrasing. 

Communication Style: Professional. 

To ensure the localization of solutions for the Republic of Kazakhstan, the following 

regulatory acts and specialized medical literature were integrated into the model’s knowledge 

base: 

− Regulatory Framework of the Republic of Kazakhstan: The Code “On Public Health 

and the Healthcare System”, the Standards for the Provision of Anesthesiology and Intensive 

Care (Order No. 78), and the Transfusiology Rules (Order No. 140). 

− Clinical Guidelines of the Ministry of Health of the Republic of Kazakhstan (cardiology, 

pulmonology, neurology, etc.). 

− Fundamental guides on fluid and electrolyte imbalances, principles of mechanical 

ventilation, and neuro-intensive care. 

Description of Interaction with the AI Model 

Based on the collected clinical and laboratory data, a unified text query was generated for 

each case and uploaded into the “Reanimator KZ” model.  

The prompt included patient demographics, body weight, primary diagnosis, blood 

sample source, acid–base balance parameters (pH, pCO₂, pO₂, HCO₃⁻, and base excess), 

electrolyte and metabolic variables (sodium, potassium, chloride, ionized calcium, lactate, and 

glucose), hematological parameters (hematocrit and hemoglobin), oxygen saturation, 

hemodynamic status, creatinine level, urine output, body temperature, respiratory status, 

Glasgow Coma Scale score, and the presence of psychomotor agitation. Based on these data, 

the model was requested to identify the type of acid–base balance disorder, provide a brief 

rationale for its classification, and suggest therapeutic management, including specific drug 

dosages when indicated. 

Identical queries (without AI-generated conclusions) were presented to an independent 

group of physicians. To ensure the homogeneity of the control group and to exclude the 

influence of insufficient clinical experience, residents and physicians from other specialties 

were excluded from the analysis. The final control group consisted exclusively of 20 board-

certified intensivists.  

The final analysis included 302 independent, unique clinical cases. The cases were evenly 

distributed among the participants: on average, each physician independently evaluated 

approximately 15 unique clinical cases. This balanced distribution and independent evaluation 

scheme reduced the risk of single-evaluator bias and clustering effects. 

Expert evaluation 
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A board-certified anesthesiologist and intensivist with 20 years of experience, serving as 

the head of the ICU, performed the expert evaluation of the AI and doctors’ diagnoses and 

therapies. Initially, a blinded assessment method was intended in order to prevent the expert 

from identifying whether the evaluated responses belonged to the physicians or the AI. 

However, during the study, the distinction became apparent because all responses were 

presented without modification: AI-generated answers were consistently more detailed, 

extensive, and comprehensive, whereas physicians’ responses were generally brief and concise. 

The accuracy of ABB disorder identification and the validity of the therapeutic 

recommendations (for both the physicians and the AI) were evaluated using a three-level scale: 

− Correct: Full compliance with the reference standard or complete agreement between 

conclusions. 

− Partially Correct: partial compliance with the reference standard (e.g., correct 

identification of the primary disorder, but an error in the wording; correct therapeutic approach, 

but requiring clarification). 

− Incorrect: Complete non-compliance with the reference standard or a gross clinical 

error. 

Reference criteria for ABB disorders were strictly regulated: 

− Physiological norm: pH 7.35–7.45 

− Subcompensated acidosis: pH 7.30–7.35 

− Decompensated acidosis: pH < 7.30 

− Subcompensated alkalosis: pH 7.45–7.50 

− Decompensated alkalosis: pH > 7.50 

Differential diagnosis of respiratory and metabolic components, as well as the 

interpretation of hemoglobin, electrolytes, lactate, and glucose levels, were carried out in strict 

accordance with generally accepted physiological norms. 

Statistical analysis 

Statistical analysis was performed using StatTech v. 4.12.7. Quantitative indicators were 

assessed for normal distribution using the Kolmogorov-Smirnov test. In the absence of a normal 

distribution, quantitative data were described using the median (Me) and the lower and upper 

quartiles (Q1–Q3). Categorical data were described using absolute values, percentages, and 

95% confidence intervals (95% CI). To compare categorical variables between dependent 

samples (evaluating the accuracy of AI and physician responses on the identical clinical cases), 

tests for paired nominal data were applied, specifically the McNemar-Bowker test and the 

Marginal Homogeneity test. These specific paired tests were conducted using IBM SPSS 

Statistics v. 27.0.1. Differences were considered statistically significant at p < 0.05. 

Results. The distribution of the 302 clinical cases analyzed across the main specialties 

proportionally reflected the overall statistics for admissions to the hospital’s intensive care 

units. The largest group consisted of patients with cardiac and pulmonary conditions (falling 

under the general medicine specialty) (n = 126; 41.7%), followed by patients with neurological 

and stroke-related conditions (n = 54; 17.9%). Trauma and general surgery accounted for 13.2% 

(n = 40) and 12.3% (n = 37) of cases, respectively. The remainder of the cohort consisted of 

pediatric (n = 34; 11.3%) and infectious disease (n = 11; 3.6%) cases. This diverse clinical 

structure confirms that the artificial intelligence model was tested on a wide range of complex 

pathophysiological conditions. Descriptive statistics for the quantitative and categorical 

variables in the analyzed data are presented in Tables 1 and 2, respectively. 

 

Table 1. Descriptive statistics for quantitative variables. 

Variable Me Q1–Q3 n min max 

Age, years 64 48 – 72 302 0 85 
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pH 7.28 7.18 – 7.35 302 6.65 7.74 

pCO₂, mmHg 52.5 41.0 – 64.5 302 15 110 

pO₂ (arterial), mmHg 78.0 66.0 – 92.0 302 42 252 

HCO₃⁻, mmol/L 18.5 14.2 – 23.5 302 2 35 

Base Excess (BE), mmol/L -6.5 -11.0 – -2.5 302 -25 +10 

Lactate, mmol/L 3.2 1.8 – 5.4 302 0.9 28 

Anion gap, mmol/L 16.5 12.4 – 22.0 302 10 26 

 

Table 2. Descriptive statistics for categorical variables. 

Variables Categories Abs. % 95% CI 

Doctor's diagnosis incorrect 12 4.0 2.1 – 6.8 

correct 215 71.2 65.7 – 76.2 

partially correct 75 24.8 20.1 – 30.1 

Doctor's therapy incorrect 15 5.0 2.8 – 8.1 

correct 184 60.9 55.2 – 66.5 

partially correct 103 34.1 28.8 – 39.8 

AI’s diagnosis incorrect 6 2.0 0.7 – 4.3 

correct 196 64.9 59.2 – 70.3 

partially correct 100 33.1 27.8 – 38.7 

AI’s therapy correct 271 89.7 85.7 – 92.9 

partially correct 31 10.3 7.1 – 14.3 

Coincidence  

of diagnosis 

No 18 6.0 3.6 – 9.3 

Yes 225 74.5 69.2 – 79.3 

Partially yes 59 19.5 15.2 – 24.5 

Diagnostic accuracy Doctor 30 9.9 6.8 – 13.9 

AI 43 14.2 10.5 – 18.7 

Both are correct 229 75.8 70.6 – 80.5 

Coincidence  

of treatment 

No 3 1.0 0.2 – 2.9 

Yes 152 50.3 44.5 – 56.1 

Partially yes 147 48.7 42.9 – 54.5 

Appropriateness  

of treatment 

Doctor 24 7.9 5.2 – 11.6 

AI 128 42.4 36.7 – 48.2 

Both are correct 150 49.7 43.9 – 55.5 

Doctor's specialty ICU doctor 302 100.0 98.8 – 100.0 

Doctor’s years  

of experience 

1–3 years 6 2.0 0.7 – 4.3 

4-5 years 245 81.1 76.2 – 85.4 

6-10 years 27 8.9 6.0 – 12.7 

10 years + 24 7.9 5.2 – 11.6 

Gender (patients) Male 173 57.3 51.6–62.7 

Female 129 42.7 37.3–48.4 

Mechanical ventilation No 187 62.0 56.3–67.2 

Yes 115 38.0 32.8–43.7 

Hemodynamic status 

(Shock / Vasopressors) 

No 168 55.5 50.0–61.1 

Yes 134 44.5 38.9–50.0 

Type of Acid–Base 

Disorder 

Metabolic acidosis 86 28.5 23.7–33.8 

Respiratory acidosis 94 31.1 26.2–36.6 

Mixed acidosis 89 29.5 24.6–34.8 

Metabolic alkalosis 14 4.6 2.8–7.6 

Respiratory alkalosis 5 1.7 0.7–3.8 
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Mixed alkalosis 0 0.0 0.0–1.3 

Normal / compensated state 14 4.6 2.8–7.6 

 

We analyzed the differences in diagnostic accuracy between doctors and AI (Table 3) 

 

Table 3. Analysis of the relationship between AI diagnosis and the doctor's diagnosis. 

Variable Categories Doctor's diagnosis χ2 df p 

incorrect correct partially 

correct 

AI 

diagnosis 

incorrect 0 (0.0) 6 (2.8) 0 (0.0) 8.068 2 0.018* 

correct 12 (100.0) 145 (67.4) 39 (52.0) 

partially 

correct 

0 (0.0) 64 (29.8) 36 (48.0) 

incorrect-correct χ2 = 2.000. p = 0.157; correct-partially correct χ2 = 6.068. p = 0.014 

 

According to the table presented, when comparing AI diagnoses, statistically significant 

differences were found depending on the doctor's diagnosis (p < 0.05) (applied method: 

McNemar-Bowker Test). 

Analysis of AI’s therapy was performed conditioning on doctor's therapy (Table 4). 

 

Table 4. Analysis of AI’s therapy conditioning on Doctor's therapy. 

Variable Categories Doctor's diagnosis χ2 p 

incorrect correct partially correct 

AI’s 

therapy 

incorrect 9 (3.0) 159 (52.6) 103 (34.1) 
4.492 < 0.001 

correct 6 (2.0) 25 (8.3) 0 (0.0) 
Statistically significant differences were revealed when comparing AI’s therapy depending on Doctor's therapy  

(p < 0.001) (applied method: Marginal Homogeneity Test). 

 

Discussion. Our study demonstrated that an adapted large language model based on 

ChatGPT is capable of achieving superior accuracy in therapeutic recommendations and 

demonstrating a lower rate of critical errors when assessing acid–base disorders compared to 

board-certified intensive care physicians. 

According to the data we have received, the AI system demonstrated a significantly 

higher rate of correct therapeutic strategies (89.7% vs. 60.9% for physicians) and a lower rate 

of completely incorrect diagnostic conclusions (2.0% vs. 4.0%). Interestingly, board-certified 

physicians achieved a higher rate of fully correct diagnostic formulations (71.2% vs. 64.9%). 

This occurred primarily because the AI's highly detailed responses were often classified as 

'partially correct' due to overly broad or redundant diagnostic wording, whereas experienced 

intensivists provided exact and concise clinical formulations. This highlights that while AI 

excels in standardizing therapy and calculating dosages, human clinical reasoning remains a 

significant role for precise diagnosis. 

The advantages of AI lie in its ability to consistently process large volumes of data and 

rapidly analyze multiple parameters. However, it is crucial to acknowledge that AI systems are 

not free from algorithmic risks. As highlighted in recent studies, the use of large language 

models carries inherent limitations, including the potential for 'hallucinations', prompt 

sensitivity, automation bias, and the confident generation of incorrect clinical recommendations 

[19]. Therefore, AI should strictly remain an auxiliary tool. These findings add to the growing 

body of evidence that artificial intelligence-based systems can reduce variability in clinical 

decision-making and decrease the risk of iatrogenic errors [20,21]. 
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A qualitative analysis revealed distinct differences between physician and AI responses. 

The physician reports were laconic, often without detailed explanations for specific decisions; 

specific dosages or ventilation parameters were sometimes omitted. In the physician group, the 

most common diagnostic errors involved missed mixed acid-base imbalances (e.g., failure to 

identify a secondary metabolic component in primary respiratory acidosis) and 

misinterpretation of compensatory mechanisms. Regarding therapeutic decisions, physicians 

primarily made errors related to the unnecessary administration of sodium bicarbonate when it 

was not clinically indicated, as well as inappropriate electrolyte correction. 

In contrast, the AI model's responses were excessively detailed and specific, with each 

decision thoroughly justified. However, the AI occasionally provided questionable 

recommendations for certain drugs that had relative contraindications in the patient's condition, 

likely due to the AI's inability to contextualize unstated clinical nuances beyond the provided 

parameters. 

From a theoretical perspective, the results support the possibility of modeling structured 

clinical reasoning using large language models. From a practical standpoint, implementing such 

systems as a “second opinion” tool may improve diagnostic reliability, promote standardization 

of treatment approaches, and provide support to less experienced clinicians [22]. This is 

particularly relevant in settings with limited resources and the need for rapid decision-making. 

Our findings are consistent with those of previous studies demonstrating the potential of large 

language models as clinical decision support tools, including improvements in diagnostic 

reasoning, treatment planning, and clinical decision-making support. [23,24] 

Future research directions include prospective validation of these findings in real clinical 

settings, including randomized controlled trials to assess the impact of AI on patient outcomes. 

Study limitations. It is important to note a number of limitations of this study. First, the 

retrospective design and single-center nature of the study may be associated with selection bias 

and limit the generalizability of the results. Second, the gold standard for evaluating the 

accuracy of diagnoses and therapeutic decisions was based solely on the expert assessment of 

a single senior intensivist. Furthermore, since the AI-generated responses differed in structure 

and were significantly more detailed than the concise responses from physicians, it was not 

possible to ensure a strict blinded assessment, which creates the potential for expert bias. In 

addition, the study evaluated text-based conclusions regarding clinical scenarios rather than 

actual clinical outcomes.  

Conclusion. Our study shows that the use of an AI-based clinical decision support system 

is potentially able to complement physicians’ professional expertise and may help improve the 

accuracy of treatment recommendations. Although board-certified intensivists made more 

completely correct diagnoses for acid-base disorders, the AI system demonstrated a lower rate 

of completely incorrect conclusions. Furthermore, within the presented clinical scenarios, AI 

demonstrated greater accuracy in developing treatment plans for acid-base disorders, as 

evidenced by a higher number of completely correct conclusions compared to physicians, and 

no completely incorrect therapeutic recommendations were identified from the AI.  

This study contributes to the development of AI technologies for use in intensive care. 

However, the results must be interpreted with specific study limitations in mind: the study had 

a retrospective, single-center design; a single expert without a strict blinded method conducted 

the evaluation; and the analysis focused exclusively on written responses to clinical scenarios 

rather than on actual clinical outcomes for patients. Thus, further prospective validation is 

required for the implementation of such AI-based systems into routine clinical practice. 
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ДИАГНОСТИКАЛЫҚ ДӘЛДІК ПЕН ТЕРАПИЯЛЫҚ ҰТЫМДЫЛЫҚ: 

ДӘРІГЕРЛЕР МЕН ЖАСАНДЫ ИНТЕЛЛЕКТІНІ 

САЛЫСТЫРМАЛЫ ТАЛДАУ  
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Түйіндеме 
Кіріспе. Қышқыл-сілтілік жағдайдың бұзылыстары қарқынды терапия 

бөлімшелерінде жиі кездесетін, жедел және дәл түзетуді талап ететін критикалық 

жағдайлар болып табылады. Бұл зерттеу ятерогендік қателерді азайту мақсатында 

клиникалық шешім қабылдауды қолдайтын қолжетімді жүйе ретінде үлкен тілдік 

модельдердің әлеуетін қарастырады. 

Мақсаты. ChatGPT негізіндегі жасанды интеллект пен қарқынды терапия 

дәрігерлері ұсынған осы бұзылыстардың диагностикасының дәлдігін және терапиялық 

ұсынымдардың негізділігін салыстыру. 
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Материалдар мен әдістер. Зерттеу дизайны: ретроспективті, бір орталықты, 

салыстырмалы зерттеу. Талдауға 2024–2025 жылдар аралығында қарқынды терапия 

бөлімшесінде ем қабылдаған пациенттердің 302 клиникалық-зертханалық жағдайы 

енгізілді. Prompt engineering әдістерін қолдану арқылы «ReanimatorKZ» деп аталатын 

ChatGPT-тің бейімделген моделі әзірленді. Қышқыл-сілтілік тепе-теңдік бұзылыстары 

бойынша ChatGPT пен қарқынды терапия дәрігерлерінің қорытындыларына 

салыстырмалы сараптамалық бағалау жүргізілді. Статистикалық талдау StatTech v.4.12.7 

және SPSS Statistics 27.0.1 бағдарламаларының көмегімен орындалды. 

Нәтижелері. Дәрігерлер тобында диагностикалық дәлдік 71,2% толық дұрыс, 

24,8% ішінара дұрыс және 4,0% қате қорытындыларды құрады. ChatGPT толық қате 

диагностикалық қорытындылардың төмен үлесін көрсетті (2,0%), ал толық дұрыс 

диагноздардың үлесі 64,9% болды. Дәрігерлердің емдік стратегиялары жағдайлардың 

60,9%-ында толық дұрыс деп бағаланса, ChatGPT ұсынымдары 89,7% жағдайда толық 

дұрыс болды және толық қате ұсынымдар анықталған жоқ. Статистикалық тұрғыдан 

маңызды айырмашылықтар жұпталған тесттер арқылы расталды (p < 0,05). 

Қорытынды. ChatGPT-тің бейімделген нұсқасы қышқыл-сілтілік тепе-теңдік 

бұзылыстарын анықтауда қарқынды терапия дәрігерлерімен салыстырмалы жоғары 

диагностикалық дәлдік көрсетті, сондай-ақ осы бұзылыстарға қатысты емдік 

ұсынымдарды қалыптастыруда жоғарырақ дәлдікке ие болды. Зерттеу нәтижелері 

кеңінен қолжетімді жасанды интеллект модельдеріне негізделген тиімді және оңай 

масштабталатын клиникалық шешім қабылдауды қолдау жүйелерін әзірлеу әлеуетін 

растайды. Алайда мұндай жүйелерді күнделікті клиникалық тәжірибеге енгізер алдында 

қосымша проспективті валидация қажет. 

Түйінді сөздер: жасанды интеллект, қарқынды терапия, клиникалық шешім 

қабылдауды қолдау жүйелері, ChatGPT, диагностика дәлдігі. 
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Аннотация 

Введение. Нарушения кислотно-щелочного состояния являются критическими 

состояниями в отделениях интенсивной терапии, требующими быстрой и точной 

коррекции. Исследование рассматривает потенциал больших языковых моделей в 

качестве доступных систем поддержки принятия клинических решений для снижения 

ятрогенных ошибок. 

Цель. Сравнить точность диагностики этих нарушений и обоснованность 

терапевтических рекомендаций, предлагаемых искусственным интеллектом на базе 

ChatGPT, и врачами интенсивной терапии. 
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Материалы и методы. Дизайн исследования: ретроспективное, одноцентровое, 

сравнительное исследование. Анализ включал 302 клинико-лабораторных случая 

пациентов, проходивших лечение в отделении интенсивной терапии в период с 2024 по 

2025 годы. С использованием prompt engineering была настроена адаптированная модель 

ChatGPT под названием «ReanimatorKZ». Проведена сравнительная экспертная оценка 

заключений между ChatGPT и врачами интенсивной терапии при нарушениях кислотно-

щелочного состояния. Статистический анализ выполнялся с использованием программ 

StatTech v.4.12.7 и SPSS Statistics 27.0.1. 

Результаты. В группе врачей диагностическая точность составила: 71,2% 

полностью правильных, 24,8% частично правильных и 4,0% неправильных заключений. 

ChatGPT продемонстрировал более низкую долю полностью ошибочных 

диагностических заключений (2,0%), тогда как полностью правильные диагнозы 

составили 64,9%. Терапевтические стратегии врачей были полностью правильными в 

60,9% случаев, тогда как рекомендации ChatGPT были полностью правильными в 89,7% 

случаев, при отсутствии полностью неправильных рекомендаций. Статистически 

значимые различия были подтверждены с использованием парных тестов (p <0,05). 

Заключение. Адаптированная версия ChatGPT продемонстрировала высокий 

уровень диагностической точности при выявлении нарушений кислотно-щелочного 

состояния, сопоставимый с таковым у врачей интенсивной терапии, а также более 

высокую точность в формировании терапевтических рекомендаций при данных 

нарушениях. Результаты нашего исследования подтверждают потенциал создания 

эффективных и легко масштабируемых систем поддержки принятия клинических 

решений на основе широкодоступных моделей искусственного интеллекта. Однако 

перед внедрением таких систем в рутинную клиническую практику необходима 

дополнительная проспективная валидация. 

Ключевые слова: искусственный интеллект, интенсивная терапия, системы 

поддержки принятия клинических решений, ChatGPT, точность диагностики. 

 

 

  


