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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 Al 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 Al. 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 (Al) 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),
Al 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 Al 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: Al 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].
Al 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 Al 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 Al
tools have received FDA clearance for ICU applications, yet their widespread implementation
remains limited [10,11].

Successful integration of Al 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 Al 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 Al 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 Al and intensive care physicians.

Research question (PICO):

P (Population): Patients in ICU.

I (Intervention): Use of the adapted Al 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 Al 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, pCO:, pO2, HCOs™, BE), electrolytes (Na*, K*, Cl-, Ca?"),
lactate, glucose, hematocrit, and hemoglobin levels.

- Vital Signs: Oxygenation level (Sp0O:), 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 Al model based on ChatGPT

ChatGPT was selected as the experimental model for the application of Al 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 Al 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 Al 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, pCO., pO2, HCOs", 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 Al-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 Al 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 Al.
However, during the study, the distinction became apparent because all responses were
presented without modification: Al-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 Al) 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 Al 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
@)y | 72
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pH

pCO2, mmHg

pO2 (arterial), mmHg
HCOs~, mmol/L

Base Excess (BE), mmol/L

Lactate, mmol/L
Anion gap, mmol/L

Variables
Doctor's diagnosis

Doctor's therapy

Al’s diagnosis

AT’s therapy

Coincidence
of diagnosis

Diagnostic accuracy

Coincidence
of treatment

Appropriateness
of treatment

Doctor's specialty
Doctor’s years
of experience

Gender (patients)
Mechanical ventilation

Hemodynamic  status
(Shock / Vasopressors)
Type of Acid-Base

Disorder
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7.28 7.18-7.35 302 6.65
525 41.0-64.5 302 15
78.0 66.0 — 92.0 302 42
18.5 14.2 - 235 302 2
-6.5 -11.0--25 302 -25
3.2 1.8-5.4 302 0.9
16.5 12.4 -22.0 302 10
Table 2. Descriptive statistics for categorical variables.
Categories Abs. %
incorrect 12 4.0
correct 215 71.2
partially correct 75 24.8
incorrect 15 5.0
correct 184 60.9
partially correct 103 34.1
incorrect 6 2.0
correct 196 64.9
partially correct 100 33.1
correct 271 89.7
partially correct 31 10.3
No 18 6.0
Yes 225 74.5
Partially yes 59 195
Doctor 30 9.9
Al 43 14.2
Both are correct 229 75.8
No 3 1.0
Yes 152 50.3
Partially yes 147 48.7
Doctor 24 7.9
Al 128 42.4
Both are correct 150 49.7
ICU doctor 302 100.0
1-3 years 6 2.0
4-5 years 245 81.1
6-10 years 27 8.9
10 years + 24 7.9
Male 173 57.3
Female 129 42.7
No 187 62.0
Yes 115 38.0
No 168 55.5
Yes 134 44.5
Metabolic acidosis 86 28.5
Respiratory acidosis 94 31.1
Mixed acidosis 89 29.5
Metabolic alkalosis 14 4.6
Respiratory alkalosis 5 1.7
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7.74
110
252
35
+10
28
26

95% ClI
2.1-6.8
65.7-76.2
20.1-30.1
28-8.1
55.2 - 66.5
28.8—-39.8
0.7-43
59.2-70.3
27.8 —38.7
85.7-92.9
7.1-14.3
3.6-9.3
69.2 -79.3
15.2-245
6.8-13.9
10.5-18.7
70.6 — 80.5
02-29
44.5-56.1
429-545
5.2-116
36.7-48.2
43.9-55.5
98.8 -100.0
0.7-43
76.2—-85.4
6.0-12.7
52-116
51.6-62.7
37.3-48.4
56.3-67.2
32.8-43.7
50.0-61.1
38.9-50.0
23.7-33.8
26.2-36.6
24.6-34.8
2.8-7.6
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 Al (Table 3)

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

Variable Categories Doctor's diagnosis @ df p
incorrect correct partially
correct
Al incorrect 0 (0.0 6 (2.8) 0 (0.0 8.068 2 0.018*
diagnosis  correct 12 (100.0) 145(67.4) 39 (52.0)
partially 0 (0.0) 64 (29.8) 36 (48.0)
correct

incorrect-correct x° = 2.000. p = 0.157; correct-partially correct 2 = 6.068. p = 0.014

According to the table presented, when comparing Al 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 Al’s therapy conditioning on Doctor's therapy.

Variable Categories Doctor's diagnosis A p
incorrect correct partially correct
Al’s incorrect 9(3.0) 159 (52.6) 103 (34.1)
4492 <0.001
therapy  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 Al 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 Al'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 Al
excels in standardizing therapy and calculating dosages, human clinical reasoning remains a
significant role for precise diagnosis.

The advantages of Al lie in its ability to consistently process large volumes of data and
rapidly analyze multiple parameters. However, it is crucial to acknowledge that Al 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, Al 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 Al 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 Al model's responses were excessively detailed and specific, with each
decision thoroughly justified. However, the Al occasionally provided questionable
recommendations for certain drugs that had relative contraindications in the patient's condition,
likely due to the Al'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 Al 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 Al-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 Al-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 Al system demonstrated a lower rate
of completely incorrect conclusions. Furthermore, within the presented clinical scenarios, Al
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 Al.

This study contributes to the development of Al 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 Al-based systems into routine clinical practice.
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KbIIIKBIJI-HET'T3AIK TENIE-TEHAIKTIH BY3bIJIYBIHIAT'BI
JUATHOCTHUKAJIBIK I9JIAIK ITEH TEPAITUAJIBIK ¥ THIMABIJIBIK:
JOPII'EPJIEP MEH ’KACAH/IbI UHTEJIVIEKTIHI
CAJIBICTBIPMAUJIBI TAJIIAY

C.T. AMPUH !, A.C. CATBAEBA %, A.A. ABJITYCEMSTOBA 3, E.A. IYUCEH *

L «KJIC)KM» KazakcTaH MeMIIMHAIBIK YHHBEPCHTETI»

2CK. Acdhennuspos ateiHaarel Kazak yaTTBIK MeTUIIMHA YHUBEpCUTET1, AnMatel, Kazakcran;
3 Kapamonorus sxoHe illKi aypy/ap FeUIBIMH-3€pTTey HHCTHTYTHI, Anmatsl, Kazakcran

* A H. ChI3raHOB aThIHaFbl YJITTHIK FRUIBIME XUPYPIHs OpTabiFsl, AnMaTel, Kazakcran

Tyiinaeme

Kipicne. KpIUIKbUI-CIITUTIK  KaFgalablH — OY3bUIBICTAphl  KapKbIHIBI  Tepamus
OemiMILeNepiHe KUI Ke3/IECEeTiH, >KeAed JKOHE TN TY3eTyll Tanal eTeTiH KPUTUKAIbBIK
Karmanmap OosbIm TaObuTanmbl. By 3epTTey sTeporeHIiK Karelepial a3aTy MakcaThiHIa
KIMHUKAJBIK MMM KaObUTAAYAbl KOJJIAWTBIH KOJDKETIMAI JKyile peTiHAe YJIKEeH TUIIIK
MOJICIIbICPAIH QJICYETIiH KapacThIPaIbl.

Maxkcarpl. ChatGPT wHerizinzmeri jxacaHIbl HWHTEUICKT IE€H KAapKbIHIBI Teparnus
Jopirepsepi YChIHFaH OChI OY3bUIBICTAPIBIH JUATHOCTUKACKIHBIH JQJIIITIH JKOHE TePaNHUSIIBIK
YCBIHBIMIAPIBIH HETI13IIIIT1H CATBICTBIPY.
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Marepuangap MeH JaicTep. 3epTTey AW3alHBI: PETPOCHEKTHUBTI, OIip OPTAIBIKTHI,
casbicThipMaiibl 3eprrey. Tanmmayra 2024-2025 xblngap apanbiFblHAA KApKbIHABI TEpanus
OesiMieciHie eM KaObUigaraH manueHTTepaiH 302 KIWHUKAIBIK-3€PTXAHAJBIK KaF1aibl
eHrizingi. Prompt engineering omictepin KoimaHy apkpuibl «ReanimatorKZ» nen aramatsin
ChatGPT-tin Geitimaenren mozeni a3ipiaeHmi. KpIIKpUI-CUITIIIK TeHe-TCHIIK OY3bIIBICTaPhI
ooiipinmia  ChatGPT meH KapKbIHOBI —Tepamusi AQpIrepliepiHiH  KOPBITHIHABUIAPBIHA
CaJIBICTBIPMAJIBI capanTaMalblK Oaramay kypriziami. Cratuctukansik Tanaay StatTech v.4.12.7
xone SPSS Statistics 27.0.1 6armapiamanapbIHbIH KOMETiMEH OPBIHAAJIbI.

Horuxkenepi. [lopirepnep TOOBIHIA AMATHOCTHUKAIBIK ImiK 71,2% TONBIK IypbIC,
24,8% iminapa aypeic xoHe 4,0% Kate KOpuITHIHABUTApABI Kypansl. ChatGPT Tombik kare
JTUAarHOCTHKAJIBIK KOPBITBIHIBUIAPJBIH TOMEH YiieciH kepcerTi (2,0%), ai TOJIBIK JIypbIC
TUarHo3aapasiH yieci 64,9% Oonael. JlopirepiepaiH eMAiK cTpaTerusiaphl Karaaiiapabiy
60,9%-b1H11a TONBIK ayphic aen Oaramanca, ChatGPT yceipiMaapsr 89,7% xarnmaiiia TOJBIK
JYPBIC OOJIJIBI JKOHE TOJIBIK KAaTe YCBIHBIMJIAP aHBIKTAIFaH JKOK. CTaTHCTUKAIBIK TYPFBIIAH
MaHBI3/Ibl AUBIPMAIIBIIBIKTAP JKYIITAIFaH TECTTEP apKbuIbl pactamisl (p < 0,05).

KopbiThiaabl. ChatGPT-ti OeiiMaenreH HYCKAchl KBIIKBUI-CUITITIK TEHe-TEHIIK
OY3BUIBICTAPBIH aHBIKTay[a KapKbIHABI TEparus AdpirepiepiMeH CalbICTBIPMAIbI KOFapbl
JTUATHOCTHKAIBIK JIONIAIK KOPCETTi, COHIal-aKk OChbl OY3BUIBICTApPFA KATBICTBI EMJIIK
YCBIHBIMJIAP/bI KaJbIITACTBIPYAa >KOFApBIpaK MONIIKKE ue Oonnapl. 3epTTey HITHXKelepi
KCHIHCH KOJDKETIMIII KAacaHIIbl MHTEJUICKT MOJCIBICPIHE HETI3JCITeH THIMIII KOHE OHal
MacIITa0TalaThlH KIMHHUKAIBIK MIEHIM KaObUIAayAbl KOJAAy KYHeJepiH o3ipliey olleyeTiH
pacraiiapl. Anaiia MyHIal xKyHenepai KyHISNIKTI KITMHUKAIIBIK TOKipruOere eHrizep aiIbHaa
KOCBIMIIIA MPOCIEKTHBTI BaTUAAITUS KaKET.

Tyiinai ce3mep: >xacaHAbl HWHTEUICKT, KAPKBIHIBI TEpamwusl, KIMHHKAIBIK MISIIM
KaObu1Iay 161 KoJay xyienepi, ChatGPT, auarnoctuka qoiiiri.

JUATHOCTHYECKASA TOYHOCTD U TEPAIIEBTHYECKASA
PAIIMOHAJIBHOCTD ITPU HAPYIHIEHUAX KUCJIOTHO-OCHOBHOI'O
COCTOSIHUS: CPABHUTEJbHBIA AHAJIN3 MEXKJY BPAUAMU
N NCKYCCTBEHHbBIM UHTEJUVIEKTOM

C.T. AMPUH !, A.C. CATBAEBA %, A.A. ABJITYCEMSTOBA 3, E.A. IYUCEH *

! Kazaxcranckuit Menuimnckuii yausepcuter «BIIIO3y, Anmatsl, Kazaxcran

2 Kazaxckuif HalMOHANbHBIH MeauuuHCKM# ynuBepcuteT umenu C.JI. Acdenausposa,
Anmartel, Kazaxcran

3 Hayuno-uccnenoBaTebCKuii MHCTUTYT KapAHONOTMM M BHYTPEHHHX Oone3Heil, AIMaThl,
Kazaxcran

* HaumoHansHblii Hay4HbIi nenTp Xupypruu umenu A H. Coisranosa, Anmarsl, Kazaxcran

AHHOTANUA

BBenenne. HapymnieHus: KHCIOTHO-IIEIOYHOTO COCTOSHUS SIBISIFOTCS KPUTHUECKHUMH
COCTOSIHUSIMU B OTAEJCHMAX HMHTEHCHBHOH Tepanuu, TpeOyromuMH OBICTpOHl M TOYHOU
Koppeknun. MccnenoBaHme paccMaTpuBaeT IMOTEHIIMAN OONBIIMX S3BIKOBBIX MOJENEH B
Ka4yecTBEe JOCTYIHBIX CUCTEM IMOIJICPKKU NPUHATHS KIMHUYECKUX PEIICHUH ISl CHUKEHUS
ATPOTEHHBIX OITHOOK.

Heab. CpaBHUTH TOYHOCTh JWATHOCTUKM JTUX HapylIeHUHd U 0OOCHOBAHHOCTH
TEpaneBTHUECKUX PEKOMEHJAINN, MpelaraéMbIX HCKYCCTBEHHBIM HHTEIUIGKTOM Ha 0ase
ChatGPT, u BpayaMu HHTEHCUBHOI Teparuy.
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Matepuanbl U MeToabl. [(u3aiiH MccleA0BaHUA: PETPOCIIEKTUBHOE, OJHOLIEHTPOBOE,
CpaBHUTENBHOE HCCIeAoBaHue. AHanu3 Bimoyan 302 KIMHUKO-TA00paTOPHBIX Ciydas
MALMEHTOB, MPOXOAUBUIMX JICYEHUE B OTACICHUN UHTEHCUBHOM Tepanuu B nepuon ¢ 2024 no
2025 rogsl. C ucnonb30BaHUEM prompt engineering Obljla HACTPOEHA aaNTHPOBAHHAS MOJIEITb
ChatGPT non nasBanuem «ReanimatorKZy. IlpoBenena cpaBHHTENbHAsI SKCIIEPTHAS OIICHKA
saximoueHuid Mmexxay ChatGPT u BpauaMu MHTEHCHBHO# Tepaliy IPU HAPYIICHUAX KUCIOTHO-
HIEJIOYHOT0 cOCTOsAHUA. CTaTUCTUYECKUN aHANIU3 BBIMOIHSIICS C UCIOJIb30BAaHUEM MPOTrpamMm
StatTech v.4.12.7 u SPSS Statistics 27.0.1.

PesyabTarel. B rpynne Bpaueld AQuarHocTUYEeCKas TOYHOCTh cocTtaBuia: 71,2%
MIOJIHOCTBIO MPABUJIbHBIX, 24,8% 4acTUUHO NpaBUIbHBIX U 4,0% HENpaBUIbHBIX 3aKJIIOUEHUH.
ChatGPT mpoxmemoHcTpupoBanm  0Oojlee  HH3KYKO OO  IOJHOCTBIO  OIMHOOYHBIX
JMAarHOCTHYECKUX 3akitoueHuit (2,0%), Torma Kak TMOJTHOCTBbIO MpaBUJIbHBIE JHArHO3bI
coctaBunu 64,9%. TepaneBTuyeckue CTpaTerud Bpaueld ObUIM MOJTHOCTHIO MPAaBUIBLHBIMU B
60,9% cny4aes, Toryia kak pekomenaanuu ChatGPT Obutn MOMHOCTHIO TIpaBHIIbHBIME B 89,7%
CIly4aeB, MpPU OTCYTCTBUU IMOJHOCTHIO HEMPAaBWIBHBIX pekoMeHaanuid. CTaTuCTUYeCKH
3HAYMMBIC PA3NINYMs OBLIN TOATBEPXKICHBI C UCIIOIB30BaHUEM MapHbIX TecToB (p <0,05).

3akaouenue. AnantupoBanHas Bepcus ChatGPT mnponemoHcTpupoBana BBICOKHIA
YPOBEHb JIUATHOCTUYECKOW TOYHOCTH NPH BBISBICHUW HAPYIICHUH KHUCIOTHO-IIEIOYHOTO
COCTOSIHUS, COIOCTABUMBII C TaKOBBIM y Bpaueil MHTCHCHBHOW Tepamuu, a Takxke Oolee
BBICOKYIO TOYHOCTh B (POPMHUPOBAHHUU TEPANECBTUUCCKUX PEKOMEHAAIMN MpU JTaHHBIX
HapylieHusx. Pe3ynapTaThl HAIIEro HCCIENOBAaHUS MOATBEPKIAIOT IMOTEHIIMAN CO3JaHUs
3G (}EKTUBHBIX M JIETKO MAaCIITAaOMPYEMBIX CHCTEM TOJJICPKKH TPHHITHS KIMHHYECKUX
pelieHnii Ha OCHOBE HIMPOKOJOCTYIHBIX MOJENEH HCKYCCTBEHHOTo HHTeliekTa. OmHako
nepes BHEAPSHUEM TaKMX CHCTEM B PYTHHHYIO KIMHHYECKYIO TPAKTHKy HEOOXoamma
JOTIOTHUTEIIbHAS MIPOCTIEKTUBHAS BAJIUIAIMS.

KiioueBbie cJI0Ba: HMCKYCCTBEHHBIM HMHTEIUIEKT, WHTEHCHUBHAs Teparus, CHUCTEMBI
HOJIEPXKKH MPUHATHS KInHIYeckuX perenuit, ChatGPT, TouHOCTh THATHOCTHKH.
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