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Abstract

Musculoskeletal disorders and injuries, including bone fractures, degenerative joint
disease, ligament and meniscus injuries, and postoperative states after arthroplasty or
osteosynthesis, often require prolonged treatment and staged rehabilitation. In trauma
and orthopedic practice, clinical decision making depends heavily on narrative
documentation, yet mixed Kazakh and Russian writing, highly variable terminology,
and extensive free text complicate consistent clinical coding, outcome analytics, and the
preparation of standardized discharge summaries and rehabilitation recommendations.
The aim of this study was to determine whether cross-lingual domain adaptation of pre-
trained medical transformer models using Kazakhstan-specific trauma and orthopedic
clinical narratives improves bilingual medical understanding.

Methods. We conducted a retrospective study using records of five hundred adult
patients treated in the Orthopedic Surgery Department of Almaty City Clinical Hospital
No.4, Kazakhstan. Multi-page electronic case histories stored in portable document
format were de-identified, converted into text, and then transformed into bilingual
instruction-style dialogue examples designed to reflect real clinical documentation
patterns and musculoskeletal disease terminology. Two pre-trained medical transformer
backbones were adapted using a parameter-efficient low-rank adaptation procedure: a
compact healthcare-optimized model and a larger biomedical model. Performance was
evaluated on the medicine subset “Professional and University, Russian language” of the
Kazakh Massive Multitask Language Understanding benchmark, using accuracy as the
primary outcome and the macro-averaged harmonic mean of precision and recall,
balanced accuracy, and the Matthews correlation coefficient as secondary outcomes.
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1. Introduction

Ninety-five percent confidence intervals for accuracy and the macro-averaged harmonic
mean of precision and recall were estimated using one thousand bootstrap resamples.
Results. After domain adaptation, the compact medical model achieved an accuracy of
33.00% (95% confidence interval - 27.95 to 38.72), compared with 20.88% (95% confidence
interval - 16.50 to 25.59) before adaptation; the macro-averaged harmonic mean of
precision and recall increased from 18.64% to 26.92%, balanced accuracy increased from
21.01% to 33.34%, and the Matthews correlation coefficient increased from 0.105 to 0.170.
The larger biomedical model changed minimally, with accuracy increasing from 28.96%
to 29.63%. A general-purpose multilingual baseline model achieved 30.64% accuracy
without clinical domain adaptation.

Conclusions. These findings show that cross-lingual domain adaptation on a limited
Kazakhstan-specific trauma and orthopedic corpus yields measurable gains, particularly
for compact instruction-following medical models, and may support future tools for
standardizing orthopedic documentation and accelerating rehabilitation planning.
However, benchmark performance remains below levels required for high-responsibility
clinical workflows, and further progress will require larger multi-center datasets,
validation on practical documentation tasks such as structured extraction and discharge
summary drafting, and dedicated evaluation of safety, privacy, and clinical risk.

Keywords: musculoskeletal diseases, fractures, bone, osteoarthritis, rehabilitation,
medical records systems, computerized, natural language processing, machine learning,
multilingualism.

Musculoskeletal injuries and disorders are among
the leading causes of disability and healthcare use in
trauma and  orthopedic  practice.  Fractures,
degenerative disease of the hip and knee, spinal
conditions, and postoperative care following
arthroplasty or osteosynthesis often involve prolonged
treatment pathways with staged rehabilitation and
repeated follow-up. In these workflows, timely and
high-quality decisions depend on the completeness and
internal consistency of narrative documentation—
history taking, physical examination findings,
radiology reports, operative notes, discharge
summaries, and longitudinal progress notes [1,2]. At
the same time, large language models have shown
promise for supporting clinical documentation and
facilitating access to medical knowledge; however,
clinically responsible use requires domain-specific
adaptation, rigorous evaluation, and explicit attention
to safety and privacy constraints [3-5].

Despite this progress, orthopedic documentation
in routine care remains difficult to standardize,
particularly in multilingual health systems. In
Kazakhstan, clinical narratives commonly include
heterogeneous terminology, frequent abbreviations,
mixed Kazakh-Russian language use, and free-text
diagnostic formulations. Such variability complicates
standardized coding, registry development, outcome
analysis, and multi-center data harmonization.

Although general-purpose language models can
capture broad meaning, they often struggle to reliably
normalize orthopedic-specific concepts—such as
fracture localization and displacement patterns, fixation
techniques, implant nomenclature, and rehabilitation
staging—when these are expressed in bilingual clinical
text. In addition, most medical language models have
been developed and validated primarily in English-
dominant settings, leaving multilingual medical
modeling and cross-lingual domain adaptation
insufficiently studied for local clinical documentation
needs [6,7]. Furthermore, benchmark-based evaluation
may not fully reflect clinical readiness, and recent
research has emphasized limitations of common
assessment protocols for generative systems [8,9].

To address these gaps, this study investigates
cross-lingual domain adaptation of pre-trained medical
transformer models for orthopedic clinical narratives
and evaluates their usefulness for information
extraction and documentation standardization across
core scenarios, including fractures, osteoarthritis, and
postoperative  follow-up  after arthroplasty or
osteosynthesis.
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2. Materials and methods

We constructed a dataset of 500 orthopedic surgery
patients from City Clinical Hospital No. 4 (Almaty,
Kazakhstan) by extracting text from long portable
document format case records and converting them into
structured bilingual, instruction-style dialogues. The
models were adapted using a parameter-efficient low-
rank fine-tuning approach [10,11], and performance
was assessed on the medicine subset of the Kazakh
Understanding

Massive Multitask
benchmark [12].

Language

This study was designed as a retrospective
observational analysis of clinical documentation from

trauma and orthopedic care. The focus was on
musculoskeletal conditions and injuries, including bone
fractures, degenerative joint disease of the hip and knee,
ligament and meniscus injuries, and postoperative
follow-up after arthroplasty or osteosynthesis. The end-
to-end workflow (Figure 1) includes data acquisition,
preprocessing, model adaptation, and evaluation with
deployment-oriented considerations. A dedicated
pipeline for converting long portable document format
case histories into structured training data is illustrated
in Figure 2.

Preprocessing & Storage

Governance and Deployment Layer

Data Layer

| Data Collection —»

\\
Model Training and Adaptation \\
\
Clinical NLP Multimodal LLM |
Vision Fine
Time series LoRARAG
...................... l =
o
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T
Governance and Deployment
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HIPAA, GDPR 3
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Figure 1 - End-to-end workflow for developing a clinical multimodal artificial intelligence system for musculoskeletal
disorders (data integration, preprocessing, model adaptation, application prototyping, and governance/deployment)

Participants, eligibility criteria, and study material

The dataset consisted of records from 500 patients
treated in the Orthopedic Surgery Department of City
Clinical Hospital No. 4 (Almaty, Kazakhstan) (365 men
and 135 women; mean age 42.3 + 16.1 years; range 18-
87 years). Source materials were stored as large portable
document format files (120-170 pages per patient) and
included admission notes, inpatient progress notes,
operative reports, discharge summaries, and follow-up
documentation.

Inclusion criteria were: (i) age 18 years or older; (ii)
a primary musculoskeletal condition, such as bone
fracture, osteoarthritis of the hip or knee, ligament or
meniscus injury, or postoperative follow-up after
arthroplasty or osteosynthesis; and (iii) sufficient
narrative documentation describing diagnosis and
clinical course.

Exclusion criteria were: (i) primary diagnosis not
related to the musculoskeletal system; (ii) severely
incomplete or internally inconsistent documentation,
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including missing key diagnostic or procedural
sections; (iii) poor-quality scans that remained
unreadable after preprocessing; and (iv) records that
could not be reliably de-identified according to the
study protocol.

Data preprocessing and extraction of orthopedic clinical
fields

Unstructured portable document format records
were converted into analyzable text using Python and
the PyMuPDF (fitz) library, with document layout
preserved as much as possible. Rule-based parsing and

(localization, displacement, comminution, and related
features when available); osteoarthritis descriptors and
joint-related complaints; procedure type (arthroplasty
or osteosynthesis) and implant names when explicitly
recorded; preoperative and postoperative diagnoses;
longitudinal follow-up notes; and rehabilitation
recommendations and functional restrictions when
present. Post-processing steps included whitespace
normalization, removal of conversion artifacts, and
filtering of duplicated segments. Extracted information
was first organized in spreadsheet format, with one row

regular expressions were applied to extract per patient representing standardized clinical
musculoskeletal-specific content, including: anatomical attributes.
site of injury or disease; fracture descriptors
[RegEXx]* X%
; e ™ £
: Regex : Excel fil

A

Python
{PyMUPDF)

Feseemme—an

{3

Preprocessing

Figure 2 - Architecture for extracting and preprocessing clinical information from long portable document format case
records into structured training examples

Dataset structuring for model adaptation

For supervised adaptation, the processed data
were serialized into JSONL and formatted as
instruction-style dialogues. The “user” message
contained clinical context derived from the record, and
the “assistant” message contained a structured clinical
summary, diagnostic statement, and, where applicable,
standardized terminology suggestions aligned with
musculoskeletal conditions. The corpus was split into
training, validation, and test sets using an 85:10:5 ratio
while preserving the balance between Kazakh and
Russian content. Tokenization was performed using an
automatic tokenizer, and sequences were truncated to a
maximum context length of 4096 tokens to ensure
training compatibility.

Base models and domain adaptation strategy

Two medical transformer backbones were
evaluated: Bio-Medical-LLaMA-3-8B, a biomedical-
adapted derivative of a LLaMA-3 family model, and
Med-Gemma-4B, a compact model optimized for
healthcare tasks. Both models were adapted using low-

rank adaptation, a parameter-efficient fine-tuning
approach that introduces trainable low-rank updates
into attention projections while keeping the original
weights frozen [10,11]. Low-rank updates were applied
to the attention projection modules (query, key, value,
and output).

Low-Rank Adaptation fine-tuning and training
configuration

Low-Rank Adaptation updates are defined as
follows. The original weight matrix Wo € R¥ remains
frozen, and the trainable update is parameterized by
two low-rank matrices A € R*" and B € R** with 4
&  min (dk).

AW = aAB, W = W, + AW

This approach substantially reduces the number of
trainable parameters and lowers memory requirements,
which is practical for clinical-domain adaptation under
limited compute.

https:/ldoi.org/10.52889/1684-9280-2026-77-2-jto046
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Table 1 - Fine-tuning hyperparameters

= - = v
-~ &0 =1 = -
E Fy <E £, £EFf 2 £, E3 £33 5F is
Model < =% B £ & £ S =N S < & g S & e 2
e S& S8 g = Ee & E°® p< g 8 £E& S 3
g ° = 4 =g S R ce
Bio-Medical- 16 32 0.05 1x10"-4  warm-up 10 2 16 bfloat16 1.0 4096
LLaMA-3-8B 5%
Med-Gemma- 16 32 0.05 2x10"-4  warm-up 14 2 16 bfloat16 1.0 4096
4B 5%

The training pipeline was implemented in the
Transformers ecosystem using parameter-efficient fine-
tuning utilities and supervised fine-tuning tooling.
Optimization employed an 8-bit paged AdamW
optimizer. Training was performed on Runpod
infrastructure using NVIDIA A100 SXM accelerators
with eighty gigabytes of video memory, enabling full
model loading and efficient completion of each fine-
tuning run.

Evaluation protocol and statistical analysis

Model performance was assessed on KazMMLU, a
large Kazakh—Russian bilingual extension of the
Massive =~ Multitask ~ Language  Understanding
benchmark [12]. For clinical evaluation, we used the
“Medicine (Professional and University, Russian)”
subset. Predictions were generated in a zero-shot
multiple-choice format: each prompt contained a
question and five answer options (A through E), and the
model was required to output exactly one option.
Outputs with invalid formatting were counted as

3. Results

This study assessed which pre-trained medical
large language model achieves the greatest
performance improvement on the KazMMLU
benchmark after fine-tuning on orthopedic department
clinical documentation. Two openly available models
were compared: Bio-Medical-LLaMA-3-8B and Med-
Gemma-4B. Both models were adapted using a
structured dataset extracted from patient medical
records originally stored in portable document format.
Records were preprocessed and converted into
bilingual (Kazakh—Russian) dialogue-style data based
on the ChatML format. Fine-tuning was performed
using the Low-Rank Adaptation method on the
RunPod.io platform with an NVIDIA A100 SXM (eighty
gigabytes of video memory) accelerator.

Model performance was evaluated on the
KazMMLU subset “Medicine (Professional and
University, Russian)”. Evaluation was conducted in LM
Studio using quantized GGUF model variants. Each

incorrect. The primary outcome was accuracy, defined
as:

Ncorrgct

Accuracy = > 100%

Niotal

Matthew’s correlation coefficient computed from
the confusion matrix. Uncertainty was quantified using
ninety-five percent confidence intervals for accuracy
and macro-averaged F1 score based on 1000 bootstrap
iterations.

Ethics and data protection

The study was conducted in accordance with the
core principles of biomedical ethics and the Declaration
of Helsinki. All narrative records were de-identified
prior to analysis, access to the dataset was restricted to
authorized project members, and secure storage
procedures were applied to minimize privacy risks. The
study protocol was reviewed and approved by the local
ethics committee of City Clinical Hospital No. 4
(Almaty, Kazakhstan).

model was assigned a bilingual multiple-choice task,
and predicted choices were compared against gold
labels. The primary metric was accuracy. In addition,
macro-averaged F1 score, balanced accuracy, and
Matthew’s correlation coefficient were computed.
Accuracy represents the proportion of correct answers.
Macro-averaged F1 score summarizes class-level
stability. Balanced accuracy is the mean recall across
classes. Matthew’s correlation coefficient quantifies
overall agreement between predictions and true labels.
To quantify uncertainty, ninety-five percent confidence
intervals for accuracy and macro-averaged F1 score
were computed using one thousand bootstrap
iterations.

https:/ldoi.org/10.52889/1684-9280-2026-77-2-jto046
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Table 2 - Performance of baseline and fine-tuned models on KazMMLU (“Medicine (Professional and University, Russian)”)

Model Type Accuracy, 95% Macro- Balanced Matthews
confidence averaged F1, accuracy correlation
interval 95% coefficient
confidence
interval
Med-Gemma 4B Fine-Tuned 33.00% 26.92% 33.34% 0.170
[27.95-38.72] [22.84-35.45]
Med-Gemma 4B Baseline 20.88% 18.64% 21.01% 0.105
[16.50-25.59] [14.92-22.53]
Bio-Medical- Fine-Tuned 29.63% 25.99% 29.26% 0.119
LLaMA 3 8B [23.90-34.01] [21.09-30.76]
Bio-Medical- Baseline 28.96% 23.49% 29.25% 0.133
LLaMA 3 8B [23.91-34.01] [19.25-27.50]
Meta LLaMA 3 8B Baseline 30.64% 23.20% 30.24% 0.131
[24.58-35.02] [19.30-31.65]
Gemma 3 4B Baseline 28.28% 23.65% 28.12% 0.124

[23.23-33.67]

[19.20-28.06]

The results are summarized in Table 2 and Figures
3-5. For Med-Gemma-4B, accuracy increased from
20.88% [16.50-25.59] to 33.00% [27.95-38.72]. Macro-
averaged F1 score increased from 18.64% to 26.92%,
balanced accuracy increased from 21.01% to 33.34%,
and Matthews correlation coefficient increased from

0.105 to 0.170. For Bio-Medical-LLaMA-3-8B, accuracy
increased from 28.96% to 29.63%. A general-purpose
baseline model (Meta LLaMA-3-8B) achieved 30.64%
accuracy and 23.20% macro-averaged F1 score without
domain adaptation.

Accuracy of Models on KazMMLU

30 A

254

20.88%

Accuracy
N
(=]

L

-
S
L

104

28.28%

Figure 3 - Accuracy on KazMMLU with ninety-five percent bootstrap confidence intervals for baseline and fine-tuned

models
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Accuracy with 95 % Cl on KazMMLU
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Figure 4 - Accuracy across all evaluated models on KazMMLU; error bars indicate ninety-five percent bootstrap confidence intervals based on

one thousand resamples
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Figure 5 - Macro-averaged F1 score across all evaluated models on KazMMLU; error bars indicate ninety-five percent bootstrap
confidence intervals based on one thousand resamples

4. Discussion

This study examined whether cross-lingual
domain adaptation of pre-trained medical transformer
models using bilingual orthopedic documentation
improves benchmark performance in a Kazakh-Russian
context. Using a parameter-efficient low-rank
adaptation approach [10,11], the Med-Gemma-4B
model increased accuracy on the medicine subset of the
KazMMLU benchmark from 20.88% to 33.00%, with
concurrent increases in macro-averaged F1 score,
balanced accuracy, and Matthew’s correlation
coefficient, whereas the Bio-Medical-LLaMA-3-8B
model changed only minimally.

The improvement observed for the compact
instruction-oriented model is consistent with reports
that smaller models can learn efficiently on clinical tasks
under constrained data regimes, while larger backbones
may require substantially more in-domain examples to
yield measurable gains [15].

The markedly different gains across backbones
also suggest that adaptation outcomes depend on the
backbone’s pretraining distribution and instruction

alignment, as well as the cross-lingual distribution shift
introduced by mixed Kazakh-Russian narratives.
Related work emphasizes that multilingual medical
language modeling remains necessary to support non-
English clinical environments and that bilingual
settings can expose gaps in narrowly specialized
pretraining [6,7].

The competitive performance of a broadly
multilingual general-purpose baseline on exam-style
multiple-choice questions aligns with the idea that
language coverage and diverse pretraining can
compensate for limited specialty tuning in bilingual
evaluation. At the same time, multiple-choice
benchmarks capture only a subset of clinically relevant
abilities, and recent surveys and critiques caution that
benchmark scores may be insufficient proxies for
practical performance, reliability, and safety in applied
clinical workflows [8,9].

https:/ldoi.org/10.52889/1684-9280-2026-77-2-jto046
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Strengths of this work include the use of real-world
orthopedic documentation from Kazakhstan, a
reproducible pipeline for converting long case histories
into bilingual instruction-style training examples, and
uncertainty reporting with bootstrap confidence
intervals alongside complementary metrics. Limitations
include the single-center dataset, potential differences
in documentation style across institutions and regions,

5. Conclusions

This study evaluated which pre-trained medical
transformer model benefits most from parameter-
efficient domain adaptation on Kazakhstan trauma and
orthopedic clinical documentation and how this
adaptation affects performance on a Kazakh-Russian
multiple-choice medicine benchmark. Fine-tuning the
Med-Gemma-4B model using a low-rank adaptation
approach increased accuracy from 20.88% (95%
confidence interval 16.50-25.59) to 33.00% (95%
confidence interval 27.95-38.72) and improved macro-
averaged harmonic mean of precision and recall,
balanced accuracy, and Matthews correlation
coefficient, whereas the Bio-Medical-LLaMA-3-8B
model showed minimal change. These findings support
the qualified conclusion that, in a bilingual Kazakh-
Russian orthopedic documentation setting with limited
local data, compact instruction-oriented medical
models can gain more from domain adaptation than
larger biomedical models, while broad multilingual
general-purpose pretraining can remain competitive on
exam-style evaluation. Larger multi-center datasets and
validation on practical clinical documentation tasks are
required before use in high-responsibility clinical
workflows.
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Tyninaeme

Tipek-KMMBIA >KYJieciHiH aypyAapbl MeH >KapakaTTaphbl, COHBIH illliHAe CylieK CBIHBIKTaphbl, OYBIHAApPABIH
AeTeHepaTHUBTI e3repicTepi, OallaaM-MeHMCK 3aKbIMJaHyJapbl, COHAall-aK DHAOIPOTe3Jey >KoHe OCTeOCHHTe3JeH
KeliHTi >KaFjaiiaap y3ak eMaeyai )KoHe Ke3eH-Ke3eHiMeH OHaATyAbl Taaall eTeai. TpaBMaToA0IM: X9He opTOIeAnsia
KAVMHMKAABIK IeniiM KaOblagay KeOiHe MOTiHAIK Ky’KaTTaMagarbl MoAiMeTTepAiH TOABIKTBHIFBI MeH OipisaiairiHe
Toyeaai. Aaaiiga Kasak >KoHe OpBIC TiAJepiHiH apadac KOAAAaHBIAYBI, TEPMUHAEPAIH KOITHYCKAABIFBI KoHe epKiH
MOTiHHIH OacBIMABIFBI AMArHO34apAbl KOATay, HOTIDKelepai TaadAay >KoHe CTaHAAapTTaAfaH SINKpU3 OeH
peabnANTaMAABIK YCBIHBIMAAPABI AaliBIHAQYABI KypAeAeHAipeai.

3eprreyain MakcaTel KasakcTaHFa ToH TpaBMaTOAOTHAABIK-OPTOIEAVAABIK KAMHUKAABIK HappaTUBTEP
HeTi3iHAe aAABIH ada OKBITBIAFaH MeAVINMHAABIK TpaHcpopMep MoAeabAepiH KpOCC-AMHIBUCTMKAABIK AOMEHAIK
GerriMaeyAiH eKiTiaAl MeAMIIMHAABIK TY>KBIPEIMAApPABI TYCiHYAl JKaKcapTy MYMKIiHAIriH Oaraaay 00A4BI.

OgaicTepi. PeTpocrieKTuBTi gepeKTep >KUBIHTHIFEI peTiHAe AaMaThl KaAachlHAAFb N4 KaaaAblK KAMHMKAABIK
aypyxaHaHBIH OPTOIIeAVSABIK XUpyprus O6eaiMminae em aaraH 500 epecek HayKacThIH KONOeTTi 9AeKTPOHABI aypy
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TapuUXTapsl HaligalaHblAabl. TackiMaAJaHATEIH Ky>KaT MilmiMiHAeri kaz0asap Ae-MAeHTU(PVKAaUMAAAHbIII, MOTiHTe
alfHaAABIPBIAABI )KoHe KAMHMKAABIK Ky>KaTTaMa CTUAIH OeliHeAeMTiH eKiTiaai (KasaK-OpbIC) HYCKayABIK-AMaA0TTHIK,
MbIcaljap TYPiHAe KYPBIABIMAAHABIPBIAABL. /leHcayAbIK cakTay cadacbhIHBIH MiHJeTTepiHe OHTallAaHAbIpblAFaH
BIKIIIaM MeAMIINMHAALIK MOAeAb JXKoHe OMoMeANIINHAABIK KoAeMAipek MoAeab TOMEH AopexKeaeri OelliMaey apKblAbl
IapaMeTpAaik TMiMAl KOCBIMINIa OKBITYAaH ©TKisiaai. barasay Kazakh Massive Multitask Language Understanding
H6eruMapkingeri «MeaniinHa (KociOn KoHe YHIBEPCUTET AeHTelli, OpBIC Tiai)» iITKi SKUBIHTHIFBIHAA JKYPTi3iaai; Herisri
MeTpHMKa peTiHAe 4944iK, aa KOCBIMIIIa MeTpMUKaldap peTiHAe MaKpo-OpTalladaHfaH A9AAIK IIeH TOABIKTBIKTBIH,
TapMOHISIABIK, OpTallla MoHi, TeHAeCTipiAreH 494AiK >KoHe MBThIoCc Koppeasains kosdpduunenTi ecenreaai. Herisri
KOpCeTKiIlTep YIIIiH TOKcaH 5 MalbI3AbIK CeHiMAiAiK MHTepBaadapbl 1 MbIH OyTCTpen KaliTa yAridey apKbLAbl aAbIHABL.

Hotmxeci. JomeHnaik OeiliMaeyaeH KelfiH BIKIIIaM MeAMIVHAABIK MOAeAbAIH A944iri 20,88 maiteisgan (95%
ceHiMizik mHTEpBaasl - 16,50-25,59) 33,00 maribizra (95% ceniMAiaik uHTepBaasl - 27,95-38,72) aetiin ecti; Makpo-
opTalllalaHfaH TapMOHMABIK opTallla MaH 18,64 nmaiibisaan 26,92 naiibidra, TeHAecTipiaren gaaaik 21,01 naribisgan
33,34 maitpizra, MaThioc Koppeasnus ko3¢ duuuenti 0,105-ten 0,170-ke aetiin apTThl. brioMe AUITMHAABIK K©1eMAipeK
MoJeAbJe e3repic oTe a3 60445I (4944iK 28,96 maitbizgaH 29,63 naitbizFa). KanHMKaABIK 40MeHAIK OertiMaeycis >KaATbl
MakxcaTTaFbl KenTiaai 6azaabiK Mogeanb 30,64 maitbl3 494K KOPCeTTi.

Kopuorteiaant. Hotiokeaep Kaszaxcranra ToH TpaBMaToAOTHs KoHe OpTONeAMsl Ky>KaTTaMachIHBIH IIIeKTeyAi
KOPITyCBhIHAAQ KPOCC-AMHTBUCTUKAABIK AOMEHAIK OeliiMaey eAllleHeTiH >KaKcapTyFa >KeTKi3eTiHiH, acipece BIKIIIaM
HYCKayAbIKKa OafFpITTaAfaH MeAMIIVMHAABIK MOJeAbJep VIIiH Iaiigaabl eKeHiH KepceTeal >KoHe Ky>KaTTaMaHBI
CTaHAapTTay MeH peaOMANTaIVAABIK YCHIHBIMAApABI AalibIHAAyFa apHaAFaH 0oJamak KypaaJapra Heris 604a adaabl.
ConsimeH 6ipre, KOFapbI >KayarKepIIiAiKTi KAMHMKAABIK KOAAaHY YIIIiH KeIIOPTaAbIKTH AepeKTepAi KeHelTy, HaKThI
Ky>KaTTay MiHZeTTepi OOVIBIHINIA BaAMAALIVs XKoHe Kayilci3Aik/KyIMAABIABIKTE O01eK Oarasay KakeT.

Tyitin cesgep: Tipek-KUMBIA >KYMecCiHiH aypyaapbl, CyleK ChIHBIKTaphl, OCTeOapTPUT, OHAATY,
KOMIIBIOTEpAEeHAIpiATeH MeAUIIMHAABIK >Ka30a >Kyiieaepi, TaOufu TiaAi eHAey, MalllMHAABIK OKBITY, KONTiAAiAiK.
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Pe3tome

3a6OAeBaHI/I$I u TpaBMbI KOCTHO-MI;IHIG‘«IHOIZ CIICTEMBI, BKAIOYas Hepe/lOMbI KOCTeIZ, ,Zl,ereHepaTI/IBHI)Ie
3MEHEHI I CyCTaBOB, HOBpe)K,Zl,eHI/I}I CBJI3BOK UM MEHIMCKOB, a TakKXXe COCTOJHUI IIOCAe BHAOHpOTGSI/[pOBaHI/I}I n
OCTeOCHHTe3a, 49acCTo HpI/IBOLl,}IT K /J,AI/ITEAI)HOMy A€UeHUIO ¥ IIODTAITHOM pea6I/IAI/ITaLII/II/I. B TpaBMaTOAOFI/II/I nu
OpTOl‘IeAVIV[ 3HauMTeAbHasI 4acTh KAVHINYECKOI I/IH(l)OpMaI_II/II/I (IJI/IKCI/[pyeTC}I B TEKCTOBBbIX ZI,OKyMeHTaX, O4HaKO
CMeIllIeHne pYCCKOFO M Ka3aXCKOTO sI3bIKOB, BapI/IaTI/IBHOCTI) TepMI/IHOB u O6I/IAI/I€ CBO60,ZI,HOFO TEeKCTa 3any,Z|,H}IIOT
e,ZI,I/IHOO6pa3HO€ KO,Z],I/IpOBaHI/Ie, aHaA3 JICX040B u HO,ZI,I'OTOBKy CTaH,Zl,apTI/ISI/IpOBaHHbIX BBIIIVICHBIX u
pea6I/IAI/ITaLU/IOHHbIX pexOMeHAALIA.

ue[lbIO HaCTOsIIero mccaeao0BaHVsI 61)1/10 OLI€HUTH, yqumaeT AN KpOCC-AI/IHFBI/ICTI/I‘IECKa}I AOMEHHas1
agariTanms HpeABapMTeALHO O6y‘~IEHHI>IX MeAVNITVTHCKIIX TpaHCCl)OpMepHLIX MOZI,e/leﬁ IIOHIMMaHIe ZI,By}I?)bILIHLIX
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MeAUITMHCKNX (POPMYAMPOBOK Ha MaTepuale KAMHUIECKIX HappaTUBOB TPaBMaT0.A0T0-OpTOIIeANIeCKOTO TPpOoPpuAs
n3 Kazaxcrana.

Metoapi. [TpoBeaeHo peTpocneKTUBHOe MccAeA0BaHMe, BKAounBIIee 500 B3pOCABIX ITAlIMEHTOB, IIPOAeUYeHHbIX
B OTJ4eAeHUN oOpTomeaudeckoi xupyprum IJopoackoit kamHudeckoit OoapHmMibl Ned (Aamatsi, Kasaxcran).
MHorocrpaHNYHbIEe DAEKTPOHHBIE VICTOpUM 00A€3HM, COXpaHeHHbIe B popMaTe IIEPEHOCMMOIO A0KyMeHTa, OblAN Je-
UAeHTUPUIUPOBAHEL, IPeo0pa3oBaHbI B TEKCT U Jajee CTPYKTYPUPOBAHHI B BIAE ABYSI3BIYHBIX (Ka3aXCKUI U PYCCKIIA)
MHCTPYKIIMIOHHO-AMa/A0TOBBIX IIPUMEPOB, OTPa’KalOIIMX TUIIMIHBIN CTUAb KAMHUYIECKON JOKyMeHTauuu. /se
peABapUTEAbHO OOy4eHHbIe MeJUITMHCKIEe TpaHCPOpPMepHBle MoJeAn (KOMIIaKTHasi MOAeAb, OITUMU3MPOBaHHAas
AAsl 3aja4d 34paBOOXpaHEHUs, U Oolee KpyIHas OMOMeAMIIMHCKash MOAeAb) Oblau 4000ydeHBI IapaMeTpUJecKu
9 PexTUBHOI MIpoLesypoli HU3KOpaHToBoll adanranyy. KadecTso oleHmMBaaoch Ha IOAMHOXecTBe «MeaumnHa
(mpodeccronaAbHBIN ¥ YHUBEPCUTETCKIUI YPOBHY, PYCCKUI A3BIK)» OeHnuMmapka Kazakh Massive Multitask Language
Understanding. OcHOBHBIM ITOKa3aTeeM O6bl1a TOYHOCTD, AOMTOAHUTEABHBIMI ITIOKa3aTeASIMI — MaKpO-yCpeAHEHHOe
rapMOHIYECKOe CpeaHee TOYHOCTY U IIOAHOTHI, cOadaHCHPOBAHHAsI TOYHOCTD U KOBQPUITMEHT Koppeaanun MaTsioca.
95% AOBepUTEABHBIX UHTEPBAAOB A5 KAIOUEBBIX ITOKa3aTeAell pacCIUTHIBAAMICh METOA0M OyTCTpen-IepeBsIOOpKI ¢
OAHOJ THICAYEN UTEePaLIL.

Pesyabratsbl [Tocae goMeHHOI aganTanyy KOMIIaKTHAsI MeAMITMHCKAsI MOZ€eAD IIOBbICKAa TOYHOCTS ¢ 20,88%
(95% aosepureabHbIl MHTEpBaa — 16,50-25,59) 20 33,00 npouenTa (95% AoBepureabHsIil UHTepBaa — 27,95-38,72);
Makpo-yCpeAHEHHOe TapMOHUYecKOoe CcpeJHee TOYHOCTM M TIOAHOTHI yBeAmdmaock c¢ 18,64% a0 26,92%,
cbasaHcupoBaHHas TOYHOCTh — € 21,01% a0 33,34%, xoadpdurinent koppeasnun Mateioca — ¢ 0,105 20 0,170. boaee
KpynHasi OMOMeAUITMHCKAsl MOJeAb M3MeHMAach MUHUMaaAbHO (28,96% a0 29,63% TouHOCTH). YHMBepcaAbHas
MHOTOS3bIUHAs Da30Basi MOAeAb 0e3 KAMHMYECKOI A0OMEHHO asallTalny Iokaszaaa TodHocTs 30,64%.

BeiBoanl. IloayyeHHble AaHHBIE CBUAETEABCTBYIOT, YTO KPOCC-AMHIBUCTMYECKAs! JOMEHHas ajalTalus Ha
OrpaHMYeHHOM KOPITyce TpaBMaTO/10r0-OpTolleaudeckoil JoKkyMmeHTarun u3 Kazaxcrana 4aeT M3MepUMBIN IIPUPOCT
Ka4yecTBa, 0COOEHHO 445 KOMIIAaKTHBIX MHCTPYKIIMOHHO-OPMEHTHPOBAHHBIX MeAUITMHCKIX MOAeAell, I MO>XKeT OBITh
MCII0/Ab30BaHa KaK OCHOBA 445 MHCTPYMEHTOB CTaHAAPTM3aliy AOKyMeHTall! ¥ IIOATOTOBKM peadlAMTallIOHHBIX
pekoMeHganuit. I1pyu 9TOM, 4451 IpUMeHeHUsI B KAMHNYECKNX IIPOIIeCccax BBICOKON OTBETCTBEHHOCTV HEOOXOAVIMEI
paciupeHne AaHHBIX Ha HECKOABKO II€HTPOB, BaAMAalyis Ha MPUKAaJHBIX 3ajadax JOKyMEHTMPOBaHMU:A, a TakxKe
OTJe/bHasl OlleHKa 6e30I1acHOCTY U KOH(PUAEHINaAbHOCTH.

Karouesble caoBa: 604e3H1M KOCTHO-MBIIIIEUHON CHCTEMBI, IIepe10MBl KOCTell, OCTeoapTpUT, peadbuAnTaINA,
KOMITBIOTEPU3MPOBAaHHBIE CUCTEMBI MeAUIIMHCKIX 3aIlceli, 00pabOTKa ecTeCTBEHHOTO sI3bIKa, MalllMHHOe o0OyJeHue,
MHOTOSI3BIYIIE.
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