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Abstract

The rapid growth of conversational AI applications in Healthcare has significantly
increased patient access to medical information. However, there is limited knowledge
of how well these AI systems adhere to national clinical practice standards. It is
even less known how well AI health advisors align with clinical protocols for women’s
health (Obstetrics & Gynecology) in Kazakhstan.

A Protocol-Based and Cross-Linguistic Evaluation Framework was developed to
address this challenge. An official corpus of 84 clinical protocols was collected, ex-
tracted from PDFs, transformed into structured text format, and processed through
a pipeline that includes: tokenization/segmentation, normalization, machine trans-
lation, and biomedical entity extraction. A structured set of 15 clinically relevant
questions was created to represent the decision-making scenarios contained within
the protocol corpus. The four AI health advisory systems, ChatGPT-4o, Gemini-
2.5-Flash, Perplexity Medical, and MedGemma-27B, were evaluated using controlled
prompting conditions.

The evaluation included both entity-level metrics, such as precision, recall, omis-
sion rate, hallucination rate, and Jaccard similarity, in addition to an embedding-
based semantic similarity analysis. Cross-linguistic robustness between English and
Russian prompts was also evaluated. The results showed that the AI systems fre-
quently generate semantically meaningful responses. However, entity-level alignment
with protocol content was low, and omission rates are very high. It can be inferred
that although semantically plausible outputs may seem clinically accurate, they do
not indicate compliance with all elements of structured clinical guidelines. Differ-
ences in cross-linguistic performance were demonstrated among the different models.
Therefore, the study indicated that alignment is not always consistent across lan-
guages.

The current thesis provides a protocol-based method to evaluate the quality of
patient-facing AI systems in Healthcare. The study illustrates the necessity for de-
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veloping jurisdiction-specific and clinically structured evaluation methods in order to
assess the reliability and safety of AI health advisors for clinical use.

Thesis Course Coordinator: Michael Lewis
Title: Associate Professor, School of Engineering and Digital Sciences
Thesis Course Coordinator: Zohaib Latif
Title: Assistant Professor, School of Engineering and Digital Sciences
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Chapter 1

Introduction

1.1 Motivation

The rapid integration of large language models (LLMs) in healthcare has altered the

way patients can get access to medical information. Conversational AI bots have be-

come an increasingly common means of providing users with brief and fast answers;

they provide symptom assessments, reproductive health counseling, medication guid-

ance, and recommendations [17]. AI bots provide a means for people to receive

medical information beyond the traditional clinic environment, especially in regions

where access to specialists is limited [33].

Clinical decision-making is guided by nationally established formalized clinical

protocols as well as general biomedical knowledge. Clinical guidelines outline specific

diagnostic criteria, eligibility requirements, contraindications, medication dosing lim-

its, and standard care pathways [31]. Obstetrics and Gynecology clinical guidelines

are among the most strictly defined and include gestational age thresholds, trimester-

specific restrictions on safety, risk classification systems, and defined screening pro-

cesses [4].

Furthermore, the issues described above are compounded in multilingual health-

care environments. All clinical guidelines for obstetrics and gynecology in Kazakhstan

are officially published in Russian and Kazakh, however due to data constraints this

study focuses on Russian language protocols. Additionally, all LLMs available today
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were trained using predominantly English-language datasets. Thus, while developers

of AI-based health assistants have created tools that can accurately respond to patient

inquiries from a global biomedical perspective, the responses generated by these AI

tools may not be consistent with local clinical procedural guidelines. Cross-linguistic

variations in medical terminology, regional non-contextualization of reasoning, and

discrepancies generated by differences in training data sets further contribute to this

misalignment.

While medical LLMs can provide a great deal of information, achieving high levels

of accuracy on these benchmarks does not indicate compliance with national clinical

guidelines. Although current evaluation models emphasize the factual correctness,

logical consistency, or general safety of an output generated by an AI system, very

few evaluation models assess whether the generated output complies with specific

jurisdictional clinical protocol requirements.

Therefore, a methodologically robust assessment framework is needed to assess

the extent to which globally implemented conversational AI health systems provide

recommendations that comply with official clinical guidelines in obstetrics and gyne-

cology in Kazakhstan. The development of such a model is required to ensure the

safe and culturally competent integration of AI-based health advisors into diverse and

linguistically/culturally different healthcare ecosystems.

1.2 Problem Statement

Although the development of medical large language models has made rapid progress,

there is still a missing systematic approach to measure how well patient-focused con-

versational AI systems adhere to clinical protocols that are developed at a national

level [27]. Current assessment tools used to test large language models measure the

quality of their biomedical knowledge and reasoning abilities; however, they do not

assess whether the AI system adheres to country-specific clinical guidelines, safe ad-

ministration of medications, or standardized diagnostic testing procedures. There is

currently no widely established evaluation framework that systematically measures
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alignment between patient-facing conversational AI systems and nationally approved

clinical protocols in multilingual healthcare settings.

Clinical protocols in obstetrics and gynecology in Kazakhstan are officially pub-

lished in Russian and detail exact procedure requirements. The protocols include ges-

tational age limits, contraindications, eligibility criteria, and recommended follow-up

time frames. In contrast to clinical protocols in Kazakhstan, global AI health advi-

sory systems were primarily trained on English-language datasets and evaluated using

a general biomedical inference as opposed to strictly adhering to localized protocol-

based structures. As such, the structure between model performance based upon

current assessments and safe integration of national healthcare infrastructure is in-

herently disparate.

Critical issues remain regarding the omission of safety-sensitive procedural re-

quirements and the introduction of clinically significant inconsistencies as a result of

cross-lingual semantic misalignment. Without an established framework for measur-

ing the validity of these systems, the reliability of these systems for use in real-world

applications in women’s health care cannot be validated.

1.3 Research Objectives and Questions

The purpose of this work is to develop an objective, cross-linguistic, and standardized

methodology to evaluate the degree of compliance between AI-based health advisory

systems and official clinical practice guidelines (CPGs) for women’s health in Kaza-

khstan.

To achieve this objective, the thesis addresses the following research questions:

RQ1: To what extent are the recommendations provided by international con-

versational AI systems compliant with the national obstetric/gynecologic CPGs of

Kazakhstan?

RQ2: How can structured clinical information extraction and formalization of

protocol logic be used to translate national clinical practice guidelines into a machine-

readable format to enable the comparison of various guideline recommendations using
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rigorous comparative methods?

RQ3: How can cross-linguistic semantic similarity methods be used to compare

English-generated chatbot responses to clinical texts written in Russian?

RQ4: What types of differences are most prevalent in the recommendations made

by AI systems? What types of errors are made regarding omission of clinical informa-

tion, misidentification of clinical findings, violation of medication safety principles, or

recommendations that violate existing clinical practice guidelines?

Through the systematic investigation of these research questions, the study aims

to improve the quality of evaluations of AI applications for women’s health from

being primarily evaluative in nature, to being more rigorously, safely, and nationally

contextually based.

1.3.1 Clinical Protocol Alignment Definition

Alignment is defined as the extent to which an AI health advisor produces recom-

mendations that have equal content, decision-making, and safety constraints to those

stated in the officially accepted national clinical guidelines for women’s health. Align-

ment encompasses the degree to which the recommendations embody the specific pro-

cedural, pharmacological, and diagnostic criteria specified in the Kazakhstani clinical

guidelines for women’s health.

The idea of Alignment will be defined through two interrelated concepts. Entity

Level Alignment defines the degree to which the recommendation generated by the

AI Health Advisor contains the same clinically relevant components as the referenced

clinical guideline portion (i.e., medications, diagnoses, procedures, contraindications,

and monitoring). Semantic Alignment defines the degree to which the meaning of

the recommendation aligns with the intent of the clinical logic behind the protocol,

regardless of how the recommendation was phrased.

The view of alignment will also include three additional layers. Regulatory align-

ment consists of compliance with nationally recognized clinical guidelines and jurisdiction-

specific standards of care. Procedural alignment involves maintaining the diagnostic

and treatment workflow, including contraindications, sequential decision steps, and

18



follow-up requirements. Semantic alignment involves retaining the clinical meaning

of the protocol, even if the responses were worded differently or in different languages.

Both entity and semantic levels are necessary since a response could be gener-

ally semantically correct but lack key details regarding the protocol. Conversely, a

response could generate many entities related to a particular condition yet fail to

replicate the intended treatment pathway and decision process of the protocol. As

such, protocol alignment in this study is considered to be a multi-faceted construct

incorporating regulatory alignment, procedural alignment, semantic alignment, and

language robustness.

1.4 Contributions

This thesis makes the following contributions:

1. Protocol Grounded Evaluation Framework. The thesis introduces assess-

ment tool to measure how well global health AI systems follow the official Kazakhstani

clinical guidelines for obstetric and gynecological care.

2. Structured Representation of Clinical Guidelines. This research out-

lines a methodology to extract the necessary information (entities, temporal con-

straints, medication rules, and decision-making logic) from Russian-language clinical

guidelines, and transform them into a format that can be processed by computational

systems.

3. Cross-Lingual Alignment Methodology. The thesis integrates semantic

similarity modeling to enable systematic comparison between English language chat-

bot outputs and Russian clinical texts, addressing semantic drift and terminology

mismatch.

4. Safety and Medication Verification Layer. As part of the overall vali-

dation of the system, a dedicated validation module has been included to check the

AI-generated recommendations contain any violations of contraindications, dosing

discrepancies, omitted safety requirements, and/or incorrect information relevant to

a particular gestation period.
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5. Quantitative Alignment Metrics. Defines four clinically interpretable

scores that represent the degree to which a health AI system follows the clinical

guidelines related to obstetrics and gynecology: protocol coverage; reasoning fidelity;

medication safety compliance; and guideline consistency. Including omission and

hallucination rates as indicators of missing or unsupported protocol content.

6. Empirical Assessment of Global Health Chatbots. Finally, the frame-

work was applied to analyze the performance of several available health AI systems

to determine their level of adherence to the clinical guidelines for the care of women

in Kazakhstan.

1.5 Thesis Structure

The remainder of this thesis work is presented in the following order. In Chapter 2,

a review of research on medical AI evaluation, the assessment of medical AI factual

accuracy and hallucinations, the extraction of structured information from clinical

guidelines, the application of cross-lingual clinical natural language processing (NLP),

the verification of the safety of medications, and the development of women’s health

chatbots is provided. Chapter 3 describes the methodology used to complete this

thesis, which includes the development of the corpus, data preprocessing, structural

validation, the design of the chatbot evaluation, and statistical analysis. Chapter 4

reports the results of the evaluation of the Alignment of the AI health advisors. Chap-

ter 5 provides an explanation of the implications of the findings, how they relate to

the healthcare environment, and how they compare with the findings of prior studies.

Finally, Chapter 6 summarizes the primary contributions, outlines the limitations of

the study, and identifies possible avenues for future research.
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Chapter 2

Related works

In recent years, there has been a significant increase in the use of large language

models and conversational health chatbots within clinical environments [29]. Re-

search demonstrates that even though these systems have high-quality natural lan-

guage processing (NLP) performance, they do not necessarily provide reliable clinical

information.

Women’s health clinical guidelines define structured criteria to guide clinical de-

cisions. Therefore, ensuring that AI-generated advice corresponds to the clinical

guidelines established at the federal and/or national level is critical to safely utilizing

AI systems in healthcare environments.

The focus of this problem is specifically relevant in Kazakhstan, where the national

guidelines in obstetrics and gynecology (OB-GYN) are written in Russian, whereas

most of the frontier language models, evaluation tools, and benchmarks are in English.

For example, existing benchmark suites like PubMedQA and MedMCQA measure

biomedical reasoning in English only [13, 23]. In addition to measuring biomedical

reasoning, the multi-dimensional frameworks such as MedHELM also measure general

clinical performance, which does not include adherence to national OB-GYN protocols

[3]. Studies in multilingual evaluation have shown that performance degrades in cross-

lingual environments, increasing the risk of semantic drift and terminology mismatch

[21, 5].

The limitations in these studies highlight the need for a structured, cross-lingual,
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and clinically grounded evaluation tool that assesses how well global health chatbots

align with Kazakhstani OB-GYN protocols. A clinically-grounded evaluation frame-

work would combine multilingual semantic alignment [9, 24]; clinical entity extrac-

tion [18]; protocol logic modeling; and evidence-based comparison with authoritative

guideline documents.

2.1 Evaluating Medical AI Models

Medical question-answering has its own traditional benchmarks, but they also have

some major shortcomings that limit them from being effective or useful for a real-

world clinical safety assessment. Jin et al. [13] created PubMedQA to test biomedical

reasoning skills using scientific abstracts. Pal et al. [23] built MedMCQA – a massive-

scale multi-subject examination dataset. Even though all these benchmarks can mea-

sure both factual recall and diagnostic reasoning, they mostly examine the isolated

knowledge rather than in the context of a whole patient, including contraindications,

comorbidities, and longitudinal care pathways.

As most of these benchmarks are based on multiple-choice questions, this creates

constraints on the model to only choose the pre-defined answer option. The con-

strained evaluation setting has been shown to underestimate generative errors (e.g.,

hallucinations) when free-text clinical advice is given. Therefore, achieving a high

score on the benchmarks does not necessarily mean the model will safely perform in

the real-world application.

The newest frameworks attempt to address these shortfalls. Bedi et al. [3] de-

veloped MedHELM as a comprehensive framework that includes clinician-reviewed

tasks. This framework is still mainly focused on the English language and is not

specifically designed to evaluate how well the models adhere to the national clinical

protocols.
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Regulatory and Ethical Expectations: Safety, Accountability, and Risk

Classification

The World Health Organization has highlighted the potential for "clinically plausi-

ble" yet dangerous AI-generated outputs, along with both the misattribution of and

lack of supporting evidence regarding such outputs [32]. The European Union’s AI

Act includes most medical AI systems (including symptom-based decision-support

tools) as "high-risk" applications that require thorough documentation, formalized

risk management strategies, and conformance to clinical standards [8].

Regulatory expectations are especially relevant to women’s healthcare. Obstet-

rics and gynecology protocols describe trimester-specific contraindications, structured

risk-management pathways, age-based eligibility criteria, red-flag symptoms, and de-

tailed medication guidelines. Therefore, evaluation frameworks must evaluate not

only the general medical accuracy of these AI systems, but also their adherence to

national clinical guidelines and other procedural requirements that are critical to

patient safety.

Implications for Evaluating Women’s Health Chatbots

Although substantial progress has been made in evaluating medical AI systems, im-

portant limitations remain for patient-facing conversational agents in women’s health.

These limitations and their implications for safe deployment in Kazakhstan are sum-

marized in Table 2.1.

These structural gaps demonstrate that benchmark accuracy alone is insufficient

for evaluating the safety and reliability of women’s health chatbots in multilingual,

protocol specific healthcare environments.
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Table 2.1: Limitations of Existing Medical AI Benchmarks for Women’s Health Chat-
bots
Limitation What Is Not Evalu-

ated
Implication for
Women’s Health

Protocol-agnostic bench-
marks

Alignment with national
clinical guidelines

Risk of recommendations
inconsistent with Kaza-
khstani OBGYN stan-
dards

Exam-style multiple choice Sequential workflows and
conditional logic

Failure to capture
gestational-age rules and
risk stratification

English-only evaluation Cross-lingual semantic
alignment

Terminology drift be-
tween EN–RU protocols

Limited safety validation Medication contraindica-
tions and dosing con-
straints

Potentially unsafe
trimester-specific pre-
scribing

No cultural adaptation met-
rics

Communication norms
and patient expectations

Reduced trust and misin-
terpretation in local con-
text

2.2 Factuality, Evidence Grounding, and Hallucina-

tion

Unsupported statements (hallucinations) can cause serious problems in healthcare,

leading to improper triage responses, incorrect medication directions, or misinterpre-

tation of symptoms. This issue is particularly important in women’s health, where

clinical decisions depend on correct identification of pregnancy timing, contraindica-

tions, proper doses, and structured risk assessment. Hallucinations in medical LLMs

also include factual inaccuracies, such as incorrect drug doses or screening intervals,

and logical failures where reasoning diverges from established clinical pathways. The

most dangerous form occurs when statements appear consistent with guidelines but

lack any real connection to them, or contradict national standards due to globally

trained data lacking regional context. Previous studies show that neural text genera-

tion systems often produce outputs unsupported by source evidence, with knowledge

gaps, overgeneralization, and distributional extrapolation identified as key causes [16].

In medical settings, the need for strict numerical thresholds, temporal constraints, and
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condition-specific logic amplifies the risk that even small deviations may produce un-

safe recommendations, highlighting the need for evaluation frameworks that require

evidence grounding and safety validation.

Grounding via Retrieval and Provenance

As an effort to eliminate unsupported statements, retrieval-based generation systems

such as Retrieval-Augmented Generation have recently been introduced [19]. These

systems retrieve passages from trusted sources (clinical guidelines, drug databases,

textbooks, etc.) and produce responses conditioned on that external evidence, with

the goal of improving factual accuracy and traceability. The effectiveness of these sys-

tems depends on retrieval quality. When relevant clinical guideline passages are not

retrieved, the generated response may rely on incomplete evidence or contain inaccu-

racies. In women’s health protocols, retrieval errors may have serious consequences.

Failure to recognize gestational thresholds, contraindication rules, or medication re-

strictions may lead to clinically dangerous recommendations. This underscores the

importance of well-structured, domain-specific guideline corpora and careful evalua-

tion of supporting evidence, rather than relying solely on the retrieval process.

Automated Factuality Metrics and Consistency Checks

The fact-checking models like FactCC [16] and other entailment based systems were

originally intended to identify contradictions in source articles versus the generated

summary; however, they have provided medical evaluation with some useful applica-

tions. These uses include evaluating whether the generated recommendations match

the language of guideline sentences, identifying swapped entities (e.g., gestational

week vs. cancer stage), identifying numeric discrepancies and identifying contradic-

tory or unsupported statements.
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2.3 Structured Information Extraction from Clinical

Guidelines

Guidelines in Obstetrics and Gynecology are encoded with extensive domain specific

knowledge presented in three forms: (1) as narrative text, (2) as tabular data, and (3)

as conditional decision-making pathways. For protocol aligned recommendations to

be generated by these guidelines they must be converted from their current unstruc-

tured representation of clinical conditions, numerical threshold values, contraindica-

tions, and sequential decision making logic to structured representations that can be

interpreted by machines. Research in clinical natural language processing has demon-

strated that named entity recognition and relational extraction processes can be used

to extract structured knowledge representations from unstructured clinical documents

[34, 18]. These processes have established a technical basis for converting the con-

tent of guidelines to machine-interpretable format which could then be systematically

compared against chatbot-generated responses.

Clinical Named Entity Recognition and Relation Extraction

Clinical Named Entity Recognition (NER) and Relation Extraction (RE) are the

building blocks of Structured Guideline Modelling. Early efforts, including that of Wu

et al. [34], used deep learning techniques (for example RNNs and CNNs), for disease

identification, procedure identification, drug identification, and laboratory concept

identification from clinical notes. The use of transformer-based models has shown

that domain specific pre-training (for example BioBERT [18]), produces significant

improvements in the recognition of biomedical terminology and reduces ambiguity

and improves the detection of the boundaries of entities.

The maternal morbidity extraction effort of Giraldo-Forero et al. [11] is an illus-

tration of how these techniques can be applied to Women’s Health. Their domain

specific corpus and annotation scheme, demonstrates how the obstetric concepts of

symptoms, signs, risk factors, and time qualifiers can be represented as structured

categories.
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Structured elements that can be generated for a guideline-based evaluation, in-

clude clinical conditions and eligibility criteria, diagnostic and screening steps, med-

ication name and dosage unit, temporal constraints (for example gestational week)

and contraindications through the use of NER and RE.

Modeling Protocol Logic and Decision Pathways

Clinical Guidelines include a multitude of rules that are often applied sequentially,

but may also require some type of conditional logic. Therefore, screening intervals,

sequential treatment pathways and conditional eligibility criteria must be represented

formally, as opposed to being considered discrete facts.

The Drug-Drug Interaction Extraction (DDI) shared task [25, 26] demonstrated

how drug-drug interactions and causal relationships could be identified through the

use of graph-based representations and sequence modeling methods.

These methodologies can be extended to women’s health protocols, which often

involve clinical logic that is comprised of a series of conditional statements, includ-

ing gestational age dependent actions, combined symptom criteria for the escalation

of diagnostic procedures, trimester-specific contraindications and predefined follow-

up intervals. Representing these dependencies in structured form allows evaluation

frameworks to assess whether chatbot-generated responses accurately reflect the ap-

propriate sequence of clinical reasoning as opposed to simply generating an isolated

fact.

Therefore, representing clinical protocol logic as a set of conditional and temporal

rule structures provides systematic reference points with which chatbot recommen-

dations can be assessed for completeness, consistency and safety.

2.4 Cross-Lingual Representation

A major limitation to assessing health chatbots in the Kazakhstani environment is

the disparity in the languages used by both globally developed large language models

and national clinical standards. The majority of the most successful models work best
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in English while Kazakhstan’s obstetric and gynecological protocol publications are

largely written in Russian. Therefore a significant risk exists of conceptual loss due to

semantic drift, or mistranslation of key terms; a lack of proper alignment of clinically

relevant ideas; and culturally irrelevant advice. Cross-lingual NLP research provides

many resources to address this gap but medical application has been underdeveloped.

Challenges in Multilingual Clinical Text Processing

The processing of clinical texts in Russian faces challenges unique to this language.

The Cyrillic script used in both languages has variability in transliteration, which

makes tokenizing more difficult due to variations in medical abbreviations and jargon.

Both languages also have complex inflectional patterns that affect detection of entity

boundaries. There is limited to no publicly available clinical NER/RE training data

for RU. Studies by Copara et al. regarding French BioNER [6] demonstrated the need

for domain-specific tokenizers, lexical resources, and annotation guidelines tailored to

local healthcare workflows. These findings apply to Russian contexts, where both

the clinical and linguistic environments differ significantly from English biomedical

models.

Cross-Lingual Embedding Models

In order to compare output from chatbots with protocol text, there is a need for

cross-lingual representations of semantics. XLM-R [5] utilizes sub-word level repre-

sentations to achieve strong cross-lingual token representations for over 100 languages.

LaBSE [9] produces language-agnostic sentence embeddings and has performed well

in low-resource languages. Multilingual Sentence-BERT [24] allows for an efficient

semantic similarity comparison of sentences written in different languages.

Using these models enables aligning Russian guideline sentences and English chat-

bot responses into a single vector space to enable alignment scoring. However, the

use of models based on general web corpora do not guarantee performance regarding

the performance on specialized obstetrics/gynecology terminology. The domain shift

may also result in incorrect nearest-neighbors, or lost medically relevant nuances.
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Benchmarking and Evaluation of Cross-Lingual Understanding

The Multilingual Text Embedding Benchmark (MTEB) [21] offers an empirical

framework to evaluate cross-lingual semantic similarity of numerous languages, al-

though it is not focused specifically on medical applications, but demonstrates a

common problem in embedding models, i.e., they are generally weak when process-

ing low-resource languages, especially in domain-specific technical terminology, or

long/complex instructional text.

Therefore, due to the fact that there exists currently no Kazakhstani medical

language specific model, this will require the combination of cross-lingual embedding

with structural guidelines for extracting guidelines, rule based validation and expert

reviews. Thus, cross-lingual representations and matching are two critical components

of the proposed evaluation framework which enable a valid comparison of chatbot

response to English language women’s health protocol, to Russian language women’s

health protocols.

2.5 Medication Safety, Dosing Validity, and Risk Screen-

ing

Medication recommendations represent one of the highest-risk areas for clinical chat-

bots, especially in obstetrics and gynecology where treatment eligibility depends on

gestational age, comorbidities, and national prescribing rules. Global LLMs rarely

account for trimester-specific contraindications, leading to potentially inappropriate

advice.

Medication Extraction and Normalization

The work of systems like MedXN [28] illustrates how hybrid pipeline systems employ-

ing lexical resources, regular expression matching, and machine learning models can

accurately recognize drug mentions and map them to standardized concepts (e.g.,

RxNorm). Such systems illustrate how unstructured medication data in narrative
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format can be converted to structured representations; this allows comparison of the

chatbot’s output to formalized protocol requirements. Similar normalization within a

Kazakhstani context will allow chatbot generated responses to be compared against

approved national medication lists, as opposed to those of a different country.

Adverse Event Detection and Safety Constraints

The safety-oriented models are going beyond just extracting information. They will

identify dangerous interaction, contraindication and incorrect use of medication. The

work on the detection of adverse drug events (ADE) using distributional semantics

[12] and neural relation model [25] shows how symptom-drug-temporal qualifier com-

binations can potentially lead to harm. These methods are relevant to the field of

obstetrics where a medication may be acceptable during one trimester of pregnancy

but is unacceptable during another, and there may be additional required screening

for risks (e.g. hypertension/glucose testing) prior to initiating treatment. A chatbot

that does not follow this process may have provided "correct" answers but not safe

clinical answers.

Drug Knowledge Bases and Local Formularies

The drug databases that are commonly used (such as DrugBank Wishart2018DrugBank)

contain much of the relevant information regarding how drugs work, contraindications,

and adverse effects; however, they represent the global drug market and do not pro-

vide information specific to drug use within each country. It will be necessary for the

developers of the chatbots to incorporate the regional pharmacy formulary informa-

tion in order to assure that recommendations provided by the chatbot can be fulfilled

within each country. If the developers fail to align the drug database information

with the local medical and clinical practice standards, the chatbot may suggest med-

ications that are either not available locally or have an inappropriate dosage range

for use in the patient population in question. This is especially true for medications

related to women’s health care in which the treatment decision may need to take into

consideration the patient’s current pregnancy stage, if she is currently breastfeeding,
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and her reproductive risk factors.

Implications for Structuring Kazakhstani Women’s Health Protocols

The current Kazakhstani obstetrics and gynecology protocols are available as narra-

tive guidance, diagnostic pathways, and medication rules that have been developed

in Russian language. In order to perform an objective and systematic evaluation of a

chatbot in the field of women’s health in Kazakhstan, the guidance contained within

these documents needs to be converted into a structured and machine-readable for-

mat. Other recent studies show how clinical entities and relations can be extracted

from unstructured medical texts and then formalized as a knowledge graph (or a

graph based representation) in a way that is appropriate for computational reason-

ing [1]. Structured modeling allows the precise identification of matches between the

output of a chatbot and the requirements of a protocol, provides an effective method

for identifying omitted or hallucinated steps during patient care, and also permits

the comparison of the semantics of content across Russian and English language pro-

tocols. Thus, a formal representation of guidelines is a critical part of a framework

for evaluating chatbots about women’s health using a protocol-based methodology in

Kazakhstan.

2.6 Women’s Health Chatbots and Domain-Specific

Findings

Women’s health is a unique area in terms of clinical, cultural, and language issues;

therefore, it is an important arena for assessing the trustworthiness of conversational

AI systems. While the recent systematic evidence suggests that conversational AI

chatbots can be effective in improving the amount of information available about

women’s health, several concerns have persisted relative to the fullness of clinical

information provided by these systems, the accuracy of context in which they provide

this information, and how well they adhere to established guidelines [14].
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When considering women’s health chatbots, users consider the accuracy and reli-

ability of the information that these systems provide as being more important than

ease-of-use or cost considerations [30]. The above-mentioned findings point out a

structural disconnect: while conversational systems can make access to health care

more accessible, the degree to which they align with formal clinical standards is typ-

ically not assessed. Therefore, in multilingual environments, like Kazakhstan, where

obstetrics/gynecology protocols are developed in Russian, assessment needs to go

beyond usability and user engagement to assess concordance with protocols and cul-

turally sensitive clinical decision-making processes.

Clinical Benefits and Persistent Accuracy Gaps

Systematic reviews show that women’s health chatbots enhance a woman’s knowledge,

self-efficacy, and psychological outcomes [14]. Nevertheless, there are also drawbacks

to these benefits; many are limited by their reliance on narrow, rule based dialogue

or older model based approaches, few have undergone extensive clinical validation,

and there is little evidence of structured safety audits of formal clinical guidelines.

The evaluations of BSE and breast cancer education chatbots illustrate this ten-

sion. For example, studies like Nayyar [22] reported that AI generated responses

were typically clear and superficially consistent with the most current, international

guidance, however they were also typically incomplete, oversimplified, or did not ad-

dress the nuances of risk factors and age dependent recommendations. These results

demonstrate the difficulty of assuring that models generate decision rationales and

explanations for decisions made in the context of a clinical workflow that accurately

represent the safety critical standards.

Sexual and Reproductive Health Interventions

The domain of sexual and reproductive health has illustrated the potential as well

as the risks associated with using conversational AI. A systematic review of sexual

health chatbots found a modest increase in condom use intentions, HIV knowledge

and sexual health literacy that was enhanced when the systems had personalized or
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motivational features [10]. There is little to no evidence demonstrating long-term

behavioral changes or formal clinical validation [14].

The accuracy of these tools has been inconsistent and audits by experts comparing

the performance of these tools to national guidelines do not occur often. Therefore,

their applicability to non-Western cultures (such as Kazakhstan) may be question-

able due to differences in STI protocols and standards for providing contraceptive

counseling compared to the English language training data used to train them and

the risk of cross-lingual misalignment.

User Expectations: Accuracy, Privacy, and Cultural Fit

Wang et al. [30] conducted a discrete choice experiment to estimate women’s willing-

ness to pay for different chatbot features. This study indicates a need for systems

that do not only provide clear communication but also adhere to regional standards

and guidelines. Therefore, if a generic message regarding this type of information is

provided through a health chatbot, it may confuse the user or compromise clinical

safety.

The Missing Element: Protocol Alignment

Despite an increasing number of researchers examining the use of women’s health

chatbots, there is currently no research on whether the recommendations generated

by artificial intelligence (AI) align with established national clinical guidelines. Most

of the current literature examines the usability of chatbots, the behavioral outcomes

of using them, or the general accuracy of their recommendations; however, none com-

pares chatbot recommendations to established clinical standards. Specifically, there is

no research evaluating the language barrier created when national clinical standards

are developed in native languages (primarily Russian in the case of Kazakhstan), while

most chatbots are used in English. As a result, important elements of national clin-

ical standards have not been systematically tested, including gestational age limits,

medications to avoid, and emergency pathways. The lack of a common cross-lingual

evaluation framework is also evident. Because conversational AI systems are increas-
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ingly proposed as tools to support real-world patient interactions, it is critical that

they generate recommendations consistent with national clinical standards.

2.7 Synthesis and Remaining Gaps

Progress in clinical NLP enables structured extraction of entities, relations, and pro-

tocol logic. Research on cross-lingual representation highlights the difficulty of com-

paring content across languages.

Existing medical AI benchmarks generally rely on English data and exam-style

questions that do not reflect clinical workflows. MedHELM operates in English-

speaking environments and does not address cross-lingual alignment. The multilin-

gual clinical context of Kazakhstan, where guidelines exist in Russian and practices

may diverge from Western standards, is not represented in these frameworks. Re-

search in clinical NLP has achieved strong results in extracting medical entities and

relations, but these approaches have not been adapted to Kazakhstani obstetrics and

gynecology guidelines. Clinical NER and RE systems focus primarily on English

corpora, and studies in other low-resource languages show the difficulty of build-

ing such tools without annotated data. Chatbot studies also rarely address safety

validation, including medication checking, dosing verification, and contraindication

detection, despite the high risk associated with drug recommendations in women’s

health. Studies of women’s health chatbots demonstrate usability benefits but do

not evaluate alignment with national clinical protocols. The populations most re-

liant on digital health tools—pregnant patients, rural populations, and those with

limited specialist access—are also those who require the most accurate and guideline-

consistent information. Collectively, these limitations demonstrate a clear research

gap. No framework currently compares global health chatbots with Kazakhstani

women’s health protocols in a cross-lingual and clinically grounded way. There is

no approach to compare chatbot outputs across languages, and no scoring system

for clinical completeness, reasoning fidelity, medication safety, or cultural relevance.

Closing this gap is essential for the safe and contextually appropriate use of conver-
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sational AI in women’s health care.
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Chapter 3

Methodology

3.1 Research Design Overview

This study assesses the degree of correspondence between international AI health ad-

visories and official approved clinical protocols for women’s health from the Republic

of Kazakhstan. The research design was based on a multi-step, structure-driven ap-

proach using a document normalization process, a cross-lingual processing technique,

a corpus validation process and an analytical process to systematically evaluate the

degree of correspondence between the national guidelines and the medical recommen-

dations generated by the AI system.

Therefore, correspondence is evaluated at two different levels: Symbolic correspon-

dence (degree of correspondence regarding the level of entities); Semantic correspon-

dence (degree of similarity measured as vector-based distance between two textual

representations).

The methodology used to develop the proposed pipeline includes two main steps:

Corpus Preparation and Structural Validation, followed by Evaluation of the Corre-

spondence between the AI Health Advisor and the Clinical Protocol.
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Phase I: Corpus Preparation and Validation

1. Protocol Acquisition and Conversion. All 84 Clinical Protocols in Ob-

GYN were gathered in PDF format and represented as structured Markdown.

The emphasis was on maintaining the hierarchical structure and tabular pre-

sentation of treatment options in the protocols.

2. Structural Cleaning and Normalization. The non-clinical data (e.g., ci-

tations) and formatting information were stripped from each of the protocols.

After that, header normalization and section segmentation were performed to

create a Russian-language corpus with a consistent presentation.

3. Cross-Lingual Translation. A controlled translation pipeline was developed

to translate all of the Russian protocols into English. In the deterministic decod-

ing process, explicit constraints were added to preserve the names of medicines,

numbers for dosages, and overall structural integrity of the protocols.

4. Named Entity Extraction. Biomedical named entity recognition was per-

formed to identify drugs, disease states, diagnostic tests and treatments in the

corpus of protocols.

5. Embedding-Based Structural Validation. Section-based embeddings were

created to transform protocol content into vector representations. Techniques

for clustering and topical modeling were applied to confirm thematic consistency

and to potentially discover any preprocessing artifacts.

6. Cross-Lingual Structural Consistency. The structural similarities between

the Russian and English protocols were compared to verify that the translation

did not alter the thematic relationships between them.

Phase II: AI Health Advisor Alignment Evaluation

The second phase evaluates AI chatbot responses against the validated protocol cor-

pus using:
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84 OB-GYN Protocols (PDF)

Layout Conversion & Cleaning

RU Corpus

Translation (RU → EN)

NER + Embeddings

Clustering & RU–EN Validation

Phase I: Corpus Construction & Validation

Clinical Questions

Chatbot Querying

NER on Responses

Entity + Semantic Alignment

RU Robustness Test

Phase II: AI Alignment Evaluation

Figure 3-1: Two-phase methodological framework for corpus construction and AI
alignment evaluation.

• Entity-level overlap metrics (e.g., Jaccard similarity, precision, recall),

• Detection of missing and hallucinated clinical entities,

• Embedding-based semantic similarity between chatbot responses and the most

relevant protocol sections,

• A Russian-language robustness experiment to assess cross-lingual stability.

Figure 3-1 illustrates the complete methodological framework.

The methodology for this work was organized to analyze the research question

sequentially, as well as to be analytically consistent. Corpus building, document

normalization and extraction of structured data were built on RQ2 to convert clin-

ical guidelines from individual countries into a single, comparable machine readable

source. The two levels of entities and semantic comparisons were employed to an-

swer RQ1, to measure how closely the generated recommendations aligned with their

respective references. The cross-linguistic robustness test (RQ3) was conducted to de-

termine if the previously established alignments would remain consistent regardless
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of the language prompt (English or Russian). Finally, the hallucinations, omissions

and qualitative deviations were analyzed (RQ4) to identify the most common types

of clinically significant inconsistencies within the generated responses.

3.2 Data Acquisition

3.2.1 Source of Clinical Protocols

Beginning with the official source of the clinical protocols from the Ministry of Health

of the Republic of Kazakhstan, this work’s data comes from a set of official clinical

protocols that are intended to be the standard nationwide clinical guidelines used by

all public healthcare facilities.

The clinical protocols have a formally stated organizational and authorship struc-

ture, which provides the names and credentials of the authors (e.g., doctoral degree,

professorial position, and other senior roles at national medical centers and universi-

ties). Additionally, the authors document who served as independent reviewers and

include a formal disclaimer about potential conflict of interest.

The clinical protocols provide criteria for when they should be revised in the future,

often specifying both a time frame for scheduled updates and/or updates based on

either new evidence or improvements in methodology. Each clinical protocol has a

comprehensive list of citations referencing internationally accepted clinical guidelines

and authoritative medical literature.

Given the documentation of authorship, institutional review, conflict-of-interest

statements, and references to peer-reviewed clinical guidelines and medical literature,

it can be considered representative of nationally approved clinical practice guidelines.

3.2.2 Domain Selection: Obstetrics and Gynecology

The research focused on obstetrics and gynecology (OB-GYN) due to several domain-

specific factors.

First, obstetrics and gynecology involves clinical decisions that include safety-
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critical thresholds, time-sensitive interventions, and condition-specific contraindica-

tions.

Second, OB-GYNs use many medications and perform complex procedures to

provide the best possible care for their patients. Therefore, an examination of how

well AI-generated recommendations align with clinical protocols would be ideal for

an analysis of the type of evaluation being done by this research project.

3.2.3 Dataset Composition

A total of eighty-four clinical protocols were gathered as part of the study, and each

one describes a single clinical condition or procedure domain that is pertinent to

the field of obstetrics and gynecology. Following document conversion and structural

normalizing, the resultant corpus was then segmented into 2289 unique clinical section

segments. The segmentation enabled very detailed structural analyses of the clinical

protocols.

Clinical Domain Examples of Covered Areas
Reproductive Infectious Diseases Sexually transmitted infections, in-

flammatory pelvic conditions
Gynecologic Oncology Cervical cancer, ovarian cancer, pre-

cancerous lesions
Pregnancy Management Antenatal care, high-risk pregnancy

monitoring
Postpartum Care Postpartum complications, recovery

management
Endocrine and Hormonal Disorders Polycystic ovary syndrome, hor-

monal imbalance conditions

Table 3.1: Clinical domain distribution within the OB-GYN protocol corpus.

The inclusion of clinical protocols from many different clinical sub-domains, treat-

ment modalities, and the fact that the dataset is a large, highly structured reference

corpus provide a wide range of possibilities for assessing whether an artificial intelli-

gence (AI) system is aligned with clinical practices.

No personal clinical data were used to support the research reported here. All

primary sources used were publicly accessible institutional clinical protocol documents

developed by the Ministry of Health of the Republic of Kazakhstan. Consequently,
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no human subject data, patient-specific information, or identifiable patient records

were utilized. The processing of all documents, the translation of those documents,

and the subsequent analysis of each dataset were carried out on secure computing

resources designed to ensure the integrity and reproducibility of the data.

3.3 Data Preprocessing

The preprocessing pipeline was designed to transform heterogeneous clinical PDF

documents into a structurally consistent corpus suitable for biomedical entity ex-

traction, embedding analysis, and alignment evaluation. Clinical national protocols

use a number of different layouts (e.g., hierarchical sections, nested dosage tables,

institutional metadata blocks, bibliographic references), thus a multi-stage normal-

ization framework was developed that included layout-aware parsing, selective OCR,

structural cleaning, cross-lingual normalization, and computational validation.

3.3.1 PDF Conversion and Layout Preservation

All 84 protocols were initially delivered in PDF format. A few contained embedded

machine readable text while others included scans or columns which made it difficult

to directly extract from the documents.

A layout aware parsing method called Docling was employed to maintain struc-

tural integrity of the documents and convert them from PDF to structured markdown

format. Unlike simple extraction, Docling will parse and recreate document hierar-

chies using headings, lists and table areas before serializing the data. The reason for

this is that drug dosing information, treatment algorithms, etc., are often organized

in structured layouts.

When pages had sufficient reliable embedded text, OCR was used as an alternative

to allow selective use of OCR when extraction failed. As with most other applica-

tions, OCR usage was conditional based on the failure to extract text and character

density thresholds. After OCR validation was performed, anomalous characters were

identified; the numeric values found in the expression for each dosage were verified to
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be consistent and all encoding artifacts were removed.

Stage Method Rationale
PDF Parsing Docling layout-aware extrac-

tion
Preserve hierarchy and
tables

OCR Fallback Conditional page-level OCR Recover scanned con-
tent

Validation Character and numeric in-
tegrity checks

Protect dosage accuracy

Output Format Structured Markdown Downstream NLP com-
patibility

Table 3.2: Document conversion strategy and structural safeguards.

The output of this stage was a structured Russian-language corpus retaining sec-

tion boundaries and table integrity.

3.3.2 Structural Cleaning and Section Segmentation

A significant amount of institutional metadata is embedded in clinical protocols,

including citations (including authors), reviewers, approval information, as well as

bibliography references. Although these elements are important for providing a level

of transparency required by regulators, they create both repetition bias and structural

noise when using embedding based models to model clinical protocols.

A deterministic cleaning process was created to eliminate citation markers, refer-

ence sections, organizational metadata blocks, and all redundancy that occurs with

multiple headers or footers. Regular expression filtering was used to eliminate the

bracketed citation patterns as well as formatting artifacts. After removing the meta-

data, a header normalization process was used to ensure consistency in identifying

boundaries in each protocol segment.

The clinical protocol corpus was then segmented into 2,289 clinically relevant

segments. The segmentation at this level allowed for both fine-grained analysis of

embeddings and comparison of alignments.
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3.3.3 Cross-Lingual Normalization Framework

A controlled Russian-to-English normalization layer was implemented for computa-

tional alignment with English-language biomedical NLP tools and AI health advisors.

This phase was intended to enable computational compatibility, rather than to en-

hance linguistics.

The translation was carried out by the unsloth/llama-3-8b-Instruct-bnb-4bit

model. The model was quantized with 4-bit quantization through the bitsandbytes

framework to limit the GPU memory requirements to maintain the stability of infer-

ence. Inference was conducted on an NVIDIA H100 GPU allowing for stable long-

contextual processing of clinical documents.

Deterministic decoding (temperature = 0) was enforced to remove the stochastic

variability and to allow for reproducibility. The prompts had explicit constraints that

included:

• Exact preservation of International Nonproprietary Names (INN),

• Strict retention of numerical dosage values and measurement units,

• Prohibition of summarization or semantic reinterpretation,

• Structural consistency between source and translated sections.

To additionally assure the fidelity of translations (translation accuracy), a simple

translation-quality-assurance process was embedded in the normalization-workflow.

The quality-assurance process involved manual reviews of randomly selected, trans-

lated portions of the documents to verify whether or not they had preserved their

respective hierarchical structures; generic and brand-name drug names; various forms

of dosages (e.g., mg); and sequential ordering of procedures. Special care was taken

to review numeric values associated with dosing amounts and phraseology related to

contraindications since both are important for later clinical-safety-sensitive alignment

evaluations. These added steps assured that the translated-English corpus maintained

its structural and clinical consistency to that of the source Russian protocol-corpus.
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Component Configuration
Model LLaMA-3 8B Instruct
Quantization 4-bit (bitsandbytes)
Hardware NVIDIA H100 GPU
Decoding Strategy Deterministic (temperature =

0)
Constraints Preserve INN, dosages, struc-

ture

Table 3.3: Cross-lingual normalization configuration.

3.3.4 Biomedical Named Entity Recognition

Biomedical named entity recognition (NER) was performed on the English corpus

using a BioBERT-based architecture [18], which extends the BERT model [7] through

pretraining on biomedical literature.

The NER model d4data/biomedical-ner-all was configured to find four types of

entities: drug, disease/disorder, diagnosis/procedure, and therapy/procedure. Thresh-

olding based on confidence values was used as well as filtering at the token level to

eliminate short segments and "dummy" tokens or placeholders that were deemed to

be uninformative.

Of approximately 105,000 total entities found, about 84,000 of them met high

confidence levels for extraction after being filtered.

3.3.5 Embedding Representation and Structural Validation

The use of section-level embeddings was achieved through the use of transformer-

based sentence embedding models [24]. MiniLM-based embeddings were initially

evaluated in an effort to enhance computational efficiency. Following this evaluation,

biomedical domain contextual embeddings (NeuML bioclinical ModernBERT variant)

were added to improve sensitivity to clinical terminology.

Multilingual MPNet embeddings were then utilized for structural validation of the

Russian-language version to allow for cross-lingual comparisons.

Each section was embedded into a high-dimensional vector space based upon the

contextualized encoding of each token in the section. The distance between sections
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was measured using cosine similarity as an indicator of semantic similarity between

them. In order to determine if structural coherence existed among the sections,

KMeans clustering was utilized to group the sections together and silhouette scores

were used to determine if they formed groups that could not be classified randomly.

Topic modeling using Top2Vec [2] was then used on both the English and Russian

versions of the corpora. The results of cross-lingual topic alignment demonstrated

a very high cosine similarity between the top matching topics (approximately 0.95)

indicating that there had been a strong preservation of thematic structure during

translation.

3.3.6 Preprocessing Challenges and Mitigation Strategies

Several technical difficulties arose with preprocessing. During the early pdf extrac-

tion process, table boundary damage was observed. During the ocr process (which

used a scanner), there were occasional character errors on the pages that had been

scanned. The format of headers varied from protocol to protocol, which complicated

automatic segmentation. Some translation iterations inadvertently changed the way

dosage information was presented; therefore, stronger restrictions were placed upon

the prompts.

The above issues were addressed through continued refinement of the layouts ex-

tracted using the parsing function, and through continued application of regex to

filter out unwanted characters, decode control parameters, and validate structural in-

tegrity cross-lingually. The final data set exhibited structural integrity for performing

subsequent downstream analyses at an entity level and for semantic alignment.

3.4 Corpus Structural Validation

To evaluate the alignment of AI health advisors with national clinical protocols, it was

first required to assess if the processed corpus had preserved its thematic coherence

and semantic content. Structural validity assessments were conducted by utilizing
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embedding based representations, clustering analyses, and cross-lingual topical com-

parisons for each of the clinical protocols.

This phase serves as an intermediate validation step to meet the prerequisites of

RQ2 and RQ3. In addition, this phase provided evidence that the resulting corpus

would allow for consistent comparisons across both monolingual and cross-lingual

contexts, thereby providing adequate thematic and semantic integrity.

3.4.1 Section-Level Embedding Representation

The clinical protocols were segmented into clinically relevant sections during prepro-

cessing, creating 2,289 sections in total. A continuous vector representation of each

section was created using transformer based sentence embedding models.

Formally, given a textual section 𝑠𝑖, the embedding function 𝑓(·) maps the section

into a 𝑑-dimensional vector space:

v𝑖 = 𝑓(𝑠𝑖), v𝑖 ∈ 𝑅𝑑

The embedding function was implemented using pretrained transformer encoders

derived from the BERT architecture [7] and optimized for sentence-level semantic

representation [24]. Biomedical Contextual Embeddings were integrated to provide

Domain Sensitivity.

These vector representations enable measurement of semantic similarity between

sections using cosine similarity:

cosine_sim(v𝑖,v𝑗) =
v𝑖 · v𝑗

‖v𝑖‖‖v𝑗‖

Cosine similarity was utilized as a measure of similarity for intra-corpus validation

purposes and later for chatbot alignment evaluation purposes.
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3.4.2 Clustering Analysis

KMeans clustering was employed to evaluate thematic coherence of section embed-

dings. KMeans cluster analysis is an unsupervised learning algorithm that partitions

𝑛 Sections into 𝑘 clusters such that the total Sum of Squared Error (SSE) is mini-

mized.

argmin
𝐶

𝐾∑︁
𝑘=1

∑︁
v𝑖∈𝐶𝑘

‖v𝑖 − 𝜇𝑘‖2

where 𝜇𝑘 denotes the centroid of cluster 𝐶𝑘.

Clustering was conducted using a number of clusters (k) equal to 12 in order

to balance the tradeoff between the level of detail provided by the clusters and the

ease of interpretation of those clusters. The average silhouette value for the English

corpus was approximately 0.048, indicating that there is some degree of separation

among the clinical themes identified through clustering. However, it does not suggest

a strong separation between these themes and would therefore indicate that they are

not separated at random as would be expected if all the clinical themes represented

similar topics. This same pattern was also observed in the Russian corpus where

the average silhouette value was approximately 0.084, indicating somewhat stronger

structural cohesion among the clinical themes than that seen in the English corpus.

Silhouette scores did not provide high values; however, the clustering analysis

did demonstrate distinct groupings based on the thematic content of the guidelines

that could not have been achieved through random partitioning of the guidelines.

Therefore, this type of clustering is consistent with heterogeneity in clinical guideline

content.

3.4.3 Topic Modeling and Cross-Lingual Alignment

To further validate thematic preservation across translation, Top2Vec topic modeling

was applied to both Russian and English corpora [2]. Top2Vec identifies latent topic

vectors by jointly embedding documents and words into a shared semantic space.
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For each Russian topic vector t𝑟 and English topic vector t𝑒, cross-lingual simi-

larity was computed using cosine similarity:

cosine_sim(t𝑟, t𝑒)

Highly correlated (cosine similarity 0.95) top-matched topic-pairs were shown to

be highly preserved in their thematic structure by the translation process.

3.4.4 Validation Interpretation

The combined results of the embedding-based analyses show that the preprocessing

and cross-lingual normalization procedure successfully preserved the general thematic

organization of the protocol corpus. The clusterings did not show sharp divisions into

clinical classes, which can be expected because there is considerable conceptual over-

lap in most obstetric and gynecologic topics. The existence of nonrandom group

structures and the large degree of topic correspondence between the Russian and

English representations support the claim that the corpus had enough semantic co-

herence to allow for valid comparisons of the alignments in the downstream process.

3.5 AI Health Advisor Evaluation Design

The next step (the second phase) of this research, after developing the corpora and

structurally validating them, was to evaluate the degree of alignment that existed

between the AI health advisors and nationally approved clinical protocols. To do

so, a systematic evaluation framework was established to promote methodological

consistency, reproducibility, and comparability across systems.

Based upon their availability, capacity to produce structured responses to clini-

cal inquiries, and reproducibility of output when prompted by the same input, AI

health advisors were chosen for evaluation. The evaluation framework was designed

as model-agnostic to allow for the comparison of multiple systems utilizing the same

input prompts and response collection methods. In addition, no model fine tuning
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occurred during the evaluation to allow for the assessment of the systems under the

same user facing conditions.

Four AI health advisory systems (ChatGPT-4o, Gemini-2.5-Flash, Perplexity Med-

ical, and MedGemma-27B) were assessed as they represented four paradigmatic ap-

proaches of AI-assisted medical information creation. The four systems included

two advanced general purpose LLMs (Gemini-2.5-Flash and ChatGPT-4o) that have

powerful multilingual generation capabilities; an enhanced retrieval-based approach

(Perplexity Medical), which attempts to support generated responses using medical

knowledge stored outside of the AI system; and a family of models specifically created

by MedGemma for biomedical applications (MedGemma-27B).

In order to assess core decision making processes of clinical protocols in obstetrics

and gynecology, a structured query set containing 15 clinically relevant inquiries was

developed to represent the core decision making areas contained in national clinical

protocols. Each inquiry was linked to an area of a specific clinical guideline and

was designed to elicit diagnostic criteria, treatment recommendations, pharmacologic

regimens, monitoring plans, and risk assessments. All inquiries were drafted to be free

from ambiguity and conversational language to allow for the extraction of structured

clinical information.

All of the evaluations were completed using controlled prompting methods. A

single prompt was used for all of the systems being evaluated to provide a standardized

format for responses. Where available, deterministic decoding options were applied

to minimize stochastic variation in the response data. All of the responses were

captured in a structured JSON file along with model identifiers and timestamps to

enable traceability and reproducibility of the evaluation process.

This initial processing phase addressed the first research question, as it was used

to define the alignment as a quantifiable relationship between the machine generated

answers to the patient’s questions, and the corresponding reference content derived

from the clinical protocols.
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3.5.1 Reference Standard Construction

The Reference Standard was established by mapping an excerpt of the protocol doc-

ument (or documents) to the appropriate clinical diagnosis, therapy, monitoring or

safety related recommendation(s), to each query. The reference standard was devel-

oped via a protocol linked question development methodology.

Each query was initially linked to a clinical subject area and then to the ap-

propriate protocol document(s) in the corpus. Subsequently, the boundaries of the

corresponding protocol sections were determined based upon clinical subject headings,

clinical content and procedural relevance.

In some instances it may have been necessary to include more than one contiguous

section of the protocol when the answers to the questions being asked would require

consideration of both eligibility requirements and treatment options.

The protocol excerpt established as the institutional "ground truth" for compar-

ison purposes with the chatbot output. This protocol-based methodology for estab-

lishing the reference standard allowed for an evaluation method that would measure

the degree to which the generated responses reflected the exact clinical guidelines

issued nationally relevant to each scenario.

Since the purpose of the research was to evaluate the alignment of protocols rather

than to assess the extent of medical knowledge of each system being compared, the

reference standard was defined in terms of the document and did not change during

the evaluation.

3.5.2 Development of the Evaluation Question Set

A set of 15 clinical questions representing common decision making themes for Kaza-

khstani obstetric and gynecologic protocol corpus was created. The complete set of

evaluation questions is provided in Appendix A.1. The primary goal of this set was to

illustrate a sampling of clinically significant decision-making points that would allow

the chatbot to provide diagnostic, pharmacologic, procedural and monitoring-related

recommendations.
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The development of these questions was guided by four principles. The first prin-

ciple was that there be an identifiable protocol based clinical situation represented

by each question. The second principle was that each question elicit a clinically ac-

tionable recommendation from the chatbot (i.e., something more than general health

education). The third principle was that collectively the questions addressed vari-

ous aspects of women’s health such as diagnosis, treatment, infections, screening and

follow up. The fourth principle was that the questions were written with sufficient

consistency so as to enable comparable cross-system assessment.

The final question set contained diagnostic criteria questions, questions regard-

ing the treatment of infectious diseases, pharmacologic recommendations, monitoring

plan questions, contraindication sensitive questions and structured follow-up ques-

tions. These types of questions permitted the research team to evaluate not only

if the AI systems could generate clinically relevant content, but also if the systems

could replicate the specific decision elements of a particular protocol across multiple

clinical scenarios.

The questions were constructed through direct extraction of diagnostic criteria,

treatment rules, and decision pathways from national clinical protocols. As no formal

expert validation was performed, clinical accuracy and representativeness cannot be

fully guaranteed; future work should incorporate review by practicing obstetricians

to address this limitation.

The small question set was intended to serve as a focused and information rich

evaluation tool. Because of its focus on depth of comparison and interpretability, the

question set is less well-suited for providing broad but shallow comparisons typical of

a large scale benchmark style evaluation.

3.5.3 Entity-Level alignment

Biomedical named entity recognition was used on the chatbots’ outputs with the exact

same BioBERT-based extraction that was utilized in the biomedical protocol corpus.

Using the exact same extraction model for the two corpora allowed us to ensure

methodological symmetry and limit any systematic bias that could have arisen as a
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Table 3.4: Structure of the clinical evaluation question set
Q# Clinical area Decision type Target protocol com-

ponent
Q1 Infection management Diagnosis / treatment Diagnostic criteria and

treatment regimen
Q2 Pregnancy manage-

ment
Monitoring Follow-up schedule and

screening steps
Q3 Pharmacotherapy Medication safety Drug recommendation

and contraindications
Q4 Gynecologic condition Diagnostic workflow Examination and referral

pathway
Q5 Postpartum care Monitoring / risk Postpartum complica-

tions and follow-up
... ... ... ...
Q15 Screening / preven-

tion
Procedure / timing Screening interval and

protocol logic

result of the models being different. The entity-level analysis was directly related to

RQ1 as it assessed how much of what the chatbot said replicated clinical components

that were relevant to the protocol and to RQ4 since it allowed for identifying missing

and hallucinated entities.

Using ℰ𝑝 to represent the collection of all entities that were identified from the

appropriate section of the protocol and use ℰ𝑎 to represent the collection of all entities

that were identified from the AI generated response. The degree of alignment at the

level of each entity will be measured by calculating the Jaccard similarity:

𝐽(ℰ𝑝, ℰ𝑎) =
|ℰ𝑝 ∩ ℰ𝑎|
|ℰ𝑝 ∪ ℰ𝑎|

Jaccard Similarity was chosen as a measure of similarity, since at the entity level,

comparisons in this study are based on sets (the presence or absence of an entity),

and not sequences (the order of the entities). Thus, the focus here was not on whether

the exact sentences were identical, but on assessing whether all the clinically relevant

entities that were contained in the protocol were also contained in the Chatbots

responses. Therefore, Jaccard similarity is appropriate for quantifying the degree of

overlap in medications, diagnoses, procedures and safety related entities regardless of
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how they are stated on the surface.

It should be noted that protocol sections contain substantially higher number

of entities than chatbot responses. As a result, recall-based metrics and Jaccard

similarity are structurally biased toward lower values. Therefore, these metrics should

be interpreted as indicators of relative coverage rather than absolute alignment.

Precision and recall were additionally computed to differentiate between under-

specification and over-generation:

Precision =
|ℰ𝑝 ∩ ℰ𝑎|

|ℰ𝑎|
and Recall =

|ℰ𝑝 ∩ ℰ𝑎|
|ℰ𝑝|

Precision and recall are used to ensure that the issue of overlap is sufficient to

differentiate between an under-generation error and an over-generation error. Omis-

sion of relevant content in a clinical protocol (low recall) is distinct from inclusion of

non-supported content (low precision), which can represent hallucinations. Therefore,

including both will improve the ability to understand the implications of alignment

failure.

3.5.4 Semantic alignment

To identify clinically equivalent responses that are paraphrased rather than simply

overlapping, the work also utilized semantic similarity based on embeddings. The

study embedded both each chatbot response and its related section of the protocol as a

vector space within an embedding framework (Section 3.4). It is semantic comparison

to which the analysis of overall clinical meaning (i.e., RQ1) relates, thereby enabling

the study to assess how close the responses were to the original logic of the protocol

even if they did not use identical terms.

The thesis work then measured the semantic equivalence (or similarity) of the two

vectors for each response by utilizing cosine similarity:

cosine_sim(v𝑎,v𝑝) =
v𝑎 · v𝑝

‖v𝑎‖‖v𝑝‖
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This measure captures semantic proximity even when lexical surface forms differ,

thereby complementing symbolic entity-level comparison. The use of cosine similarity

is particularly valuable in clinical evaluations of chatbots, since they often provide

paraphrased versions of the original protocol instead of providing an exact version.

Therefore, semantic similarity will be used as a complementary method to the entity

based comparisons described above to evaluate if the entire recommendation from the

chatbot is still semantically close to the originally intended clinical meaning of the

referenced protocol section.

3.5.5 Cross-Lingual Robustness

The same questions were submitted in Russian to measure the level of language

sensitivity (i.e., how much responses would differ by language). Distribution of entities

and semantic similarity between English and Russian responses were compared. It

tested if the behavior of alignment is language dependent as well as provided an extra

validation that the cross-lingual normalization layer did not introduce systematic

distortions. It is this aspect of the analysis that addressed RQ3, through assessing

the stability of the measured consistency between chatbot responses and the content

of the protocols within the multilingual clinical environment of Kazakhstan. Although

Kazakh-language protocols are part of the national clinical framework, the present

work evaluates alignment only in Russian and English due to computational and

resource constraints. This represents a limitation relative to the multilingual context

of Kazakhstan.

The combination of entity-based and semantic similarity based metrics creates a

two-fold evaluation method for measuring both the symbolic fidelity and contextually

aligned generated AI medical advice with the nation’s approved clinical guidelines.

3.6 Statistical Analysis Framework

Once entity-level and semantic alignment metrics had been computed, a statistical

framework was used to aggregate system-level results (comparative) from those re-
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sults.

3.6.1 Metric Score Aggregation

Alignment was calculated for each AI system, for each question, and then aggregated

across all 𝑛 = 15 questions. If we define 𝑀
(𝑞)
𝑖 , as the value of the metric for model 𝑖

on question 𝑞, the average alignment score of model 𝑖, was defined as:

𝑀̄𝑖 =
1

𝑛

𝑛∑︁
𝑞=1

𝑀
(𝑞)
𝑖

In addition to mean scores, median values and standard deviations were computed

to assess variability across questions.

3.6.2 Distributional Analysis

Nonparametric statistical analysis was considered for alignment scores because of the

small sample size and potential non-normality of distributions. To evaluate whether

the distributions of scores for two systems were significantly different than each other,

the Mann-Whitney U test was used [20]. To evaluate whether there were significant

differences in the distributions of alignment scores between three or more systems,

the Kruskal-Wallis test was applied [15] .

3.6.3 Hallucination and Omission Rates

Beyond similarity metrics, two additional indicators were defined to capture clinically

relevant failure modes. These indicators addressed RQ4 by identifying the dominant

forms of clinically relevant deviation, specifically whether systems failed through un-

supported content generation or through omission of required protocol elements.

The hallucination rate was defined as:

𝐻 =
|ℰ𝑎 ∖ ℰ𝑝|
|ℰ𝑎|
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where ℰ𝑎 denotes entities generated by the AI system and ℰ𝑝 those supported by

the protocol.

The omission rate was defined as:

𝑂 =
|ℰ𝑝 ∖ ℰ𝑎|
|ℰ𝑝|

These measures quantify over-generation and under-specification relative to insti-

tutional guidance.

3.7 Stability Across Languages

Alignment metrics were calculated in English and Russian to assess how well the

models perform across languages. The mean consistency score for each model is

represented as 𝑀̄𝐸𝑁
𝑖 for the English version of the model and 𝑀̄𝑅𝑈

𝑖 for the Rus-

sian version. Cross-lingual stability is assessed by finding the absolute value of the

difference in these two mean alignment scores:

∆𝑖 = |𝑀̄𝐸𝑁
𝑖 − 𝑀̄𝑅𝑈

𝑖 | (3.1)

A small ∆𝑖 indicates that the model has consistent performance in both languages

(stable), while a large ∆𝑖 indicates that there is variability in performance in the

different languages (unstable).

3.8 Framework for Interpreting Results

The above-mentioned statistical analysis allows the evaluation of the performance of

health advisory systems developed using AI technologies in terms of four criteria:

average clinical relevance, variability among scenarios, over-generation behavior, and

cross-lingual stability. By considering multiple factors when evaluating clinical rele-

vance it is possible to provide a more complete and balanced view of the relationship

between the system developed and the national clinical guidelines, which can be used

57



to develop future versions of this system.
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Chapter 4

Results

4.1 Overview of Evaluation Outcomes

This chapter outlines the empirical results of the protocol-alignment study on the four

AI health advisory systems used in this research: GPT, Gemini, Perplexity Medical,

and MedGemma. The results will be described using several interdependent and

complementary criteria: overlap at the level of entities as compared to the actual

content; semantic similarity to corresponding sections of guidelines in the language

of the matched protocol (in this case, for example, English vs. Russian); cross-

lingual stability of responses generated by the system to prompts in both languages;

adherence to the protocol; numerical accuracy of the recommendations; the ability of

the system to correctly identify medications localized to Kazakhstan; and omission

of safety-sensitive information. Collectively, these measures provide a comprehensive

picture of the extent to which the medical recommendations generated by AI systems

reflect nationally-approved obstetric and gynecologic protocols in Kazakhstan.

4.1.1 Entity-Level Alignment

The evaluation of entity-level consistency was based on the use of Jaccard similarity,

precision, recall, hallucination rate, and omission rate as described in Chapter 3. The

metrics indicate the amount of clinical entities (e.g., drugs, procedures, and diagnoses)
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supported by a protocol within a chatbot’s response.

Table 4.1 provides an overview of the overall entity level results across all 15 En-

glish language test questions. ChatGPT-4o had the largest average Jaccard similarity

(0.0381) and the largest recall (0.0410) compared to the other systems tested; it also

demonstrated the most overlap with entities supported by protocols. While preci-

sion levels among the top three performing systems ranged from 0.4610 to 0.4731,

MedGemma-27B exhibited a significantly lower precision (0.4154). In addition, all

systems tested demonstrated high hallucination rates greater than 0.52 and extremely

high omission rates (greater than 0.95). These results indicate that the primary failure

mechanism is incomplete coverage of protocol-defined content rather than excessive

generation of unsupported clinical data.

Model Jaccard Precision Recall Hallucination Omission
ChatGPT-4o 0.0381 0.4731 0.0410 0.5269 0.9590
Gemini-2.5-Flash 0.0177 0.4715 0.0183 0.5285 0.9817
Perplexity 0.0223 0.4610 0.0236 0.5390 0.9764
MedGemma-27B 0.0218 0.4154 0.0225 0.5846 0.9775

Table 4.1: Entity-level alignment metrics averaged across 15 English-language clinical
questions.

The Jaccard similarity score distributions from the different entities across the

questions are shown in Figure 4-1. Overall the actual amount of overlap is low

but there is evidence (i.e., higher central tendency and broader upper bound) that

ChatGPT-4o performed better at an entity level in some clinical settings. The Gemini

and MedGemma had narrower and lower distributions compared to the other two.

As discussed in Section 3.5.3, these low values are partially influenced by struc-

tural differences in length and entity density between protocol sections and chatbot

responses. Therefore, these results should be interpreted with caution.

Figure 4-2 provides a direct comparison of the hallucination and omission frequen-

cies of the models. Across all the systems, omissions were found to be significantly

worse than hallucinations, as the primary deficiency of current AI health advisors in

this application domain is that they do not provide complete coverage of required con-

tent within guidelines as opposed to generating entirely fictional recommendations.
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Figure 4-1: Distribution of Jaccard similarity scores across evaluation questions for
each model.

MedGemma-27B generated the most hallucinations; however, ChatGPT-4o provided

the least omissions amongst the tested systems.

Figure 4-2: Comparison of hallucination and omission rates across evaluated AI sys-
tems.

The greatest number of entity overlaps occurred at the stratum level within the

categories of Diagnosis and Criteria, as well as Infection and Sepsis; whereas the

fewest number of entity overlaps were found among the category of Pharmacotherapy

and Monitoring and Screening. The results indicate that there is a stronger overlap

of entities when extracting information related to definitions of conditions and con-
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tent relating to infections than with entities related to the management of the same

conditions which require more specificity regarding the wording used in protocols.

4.1.2 Semantic alignment

Entity-based comparison examines the extent that clinical entities mentioned in the

chatbots’ responses to clinical inquiries are identical to those same clinical entities

mentioned in the protocols. Since chatbot responses can be phrased differently than

the guideline text (e.g., they can use different wording), a semantic similarity mea-

sure will often indicate a relationship between the two when no entity from one is

identical to an entity from the other. Therefore, to assess whether a relationship of

this type exists between each of the chatbots’ responses and their respective sections,

an embedding-based cosine similarity model was used to evaluate how similar the

semantic representation of each of the chatbots’ responses is to that of the related

clinical protocol section.

Table 4.2 summarizes the average semantic similarity scores across all English-

language evaluation questions for each AI system.

Model Mean Cosine Similarity Standard Deviation
ChatGPT-4o 0.81 0.06
Gemini-2.5-Flash 0.77 0.08
Perplexity 0.79 0.07
MedGemma-27B 0.74 0.09

Table 4.2: Semantic similarity between chatbot responses and protocol reference sec-
tions across 15 English-language evaluation questions.

ChatGPT-4o has the highest average score for semantic similarity among all sys-

tems tested indicating that it generated the most similar content to the national

clinical protocols’ sections.

Perplexity Medical’s results demonstrated a very high level of semantic correspon-

dence as well, which suggests that using retrieval-based processes can be helpful in

preserving the content of the guidelines in relation to the overall protocol corpus.

Gemini and MedGemma however, demonstrated significantly lower average se-

mantic similarity scores, which illustrates that they have less semantic similarity with
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the entire protocol corpus.

Semantic Similarity Scores (Average): Fig. 4-3 displays the heat map of the se-

mantic similarities of the clinical scenarios to the various topic areas of the guidelines.

Higher levels of semantic similarity were more common in responses to questions that

were diagnostic or infection-related; whereas, lower levels of semantic similarity were

observed more often in response to pharmacological treatment and monitoring related

questions.

Figure 4-3: Heatmap of semantic similarity scores between chatbot responses and
protocol sections across evaluation questions.

The higher semantic similarity scores compared to entity-level overlap indicate

that AI systems are capable of generating clinically relevant and contextually ap-

propriate explanations, even when specific protocol-defined elements are not explic-

itly included. This suggests that models often capture the general intent of clinical

guidelines while failing to reproduce the precise procedural and rule-based structure

required for full protocol compliance.

4.1.3 Cross-Lingual Stability

The study also examined how consistently AI systems generate medical advice in re-

sponse to queries in both Russian and English. The same set of evaluation questions

was asked of each model in both English and Russian. The same set of consistency

metrics were then calculated for each language. Stability of a model across languages

was determined by calculating the difference in average alignment scores for the En-

glish and Russian prompts; see Section 3.7 for a definition of this calculation.
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The average semantic alignment scores for English and Russian prompts, along

with the cross-lingual stability gap, are summarized in Table 4.3.

Model EN Similarity RU Similarity Δ

ChatGPT-4o 0.81 0.79 0.02
Gemini-2.5-Flash 0.77 0.72 0.05
Perplexity 0.79 0.75 0.04
MedGemma-27B 0.74 0.69 0.05

Table 4.3: Cross-lingual stability of semantic alignment scores between English and
Russian prompts.

Among the reviewed models, ChatGPT-4o had the greatest amount of cross-

lingual stability with a very low drop off in English versus Russian alignment. There-

fore, ChatGPT-4o was able to provide almost identical medical information to users

based on their input (regardless of the user’s language). Perplexity Medical also

showed moderate cross-lingual variability, suggesting that retrieval-based systems

may depend on language-specific document grounding.

The two remaining models, Gemini and MedGemma, had significantly different

results across the two languages. Based upon these results, it appears that models

trained using language specific datasets or methods that require translation may have

an impact on the ability of a model to produce the same results based upon guidelines

for a particular condition when the model is asked to perform in a second language.

Fig. 4-4 shows the alignment scores for both the English and Russian versions of

each model. Each model demonstrates a level of cross-lingual degradation but there

are significant differences among them in terms of how much each model degrades

based upon its architecture.

The data suggests that for some models, the level of semantic alignment with

clinical protocols is somewhat consistent across languages, but for other models, there

is a significant drop-off in performance when working outside of English.

Beginning with an assessment perspective, the findings are indicative that it is

not safe to assume multilingual robustness for a model that has been shown to have

clinical strength in English. The performance of a system that has a high degree of

performance in one language, but degrades in another could potentially provide un-
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Figure 4-4: Cross-lingual stability gap between English and Russian evaluation re-
sults.

equal access to clinically relevant information to different user groups. Therefore, due

to the potential inequality in protocol adherence (as related to linguistic instability),

the variation observed in this study’s findings is particularly important given that

many institutions in Kazakhstan have both Russian- and Kazakh- language clinical

guidelines.

4.1.4 Protocol Adherence and Guideline Source Patterns

Beyond quantitative similarity metrics, the evaluation also examined how closely the

responses of AI systems corresponded to national clinical protocol treatment logic.

The analysis focused on whether the responses reflected guideline-consistent clinical

pathways and whether recommendations were based in recognized medical standards.

To analyze this behavior, each response was categorized by its adherence to a

diagnostic and treatment structure as recommended by the protocol for each clinical

domain. Each response was then compared to the expected section of the protocol

and whether the suggested clinical actions followed guideline-compatible logic.

Figure 4-5 provides the distribution of adherence scores among different clini-

cal domains and evaluated AI models. These results indicate that adherence varied

depending on the clinical domain. Diagnostic criteria and infection related scenar-

ios generally showed higher levels of adherence than pharmacological treatment rec-
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ommendations and monitoring procedures which displayed greater variability across

models.

Figure 4-5: Protocol adherence patterns across clinical domains and evaluated AI
systems.

In addition to the structural analysis of the adherence of AI responses, an analy-

sis was conducted on the frequency with which AI systems cite international clinical

knowledge resources in response to clinical scenarios. While the National Protocols

were reference point for evaluating each AI System’s Adherence to Clinical Guidelines,

many of the AI Systems included medical information from clinical guidelines gener-

ated from International Medical Organizations (e.g., The World Health Organization)

etc.

Figure 4-6, represents the frequency of citing guideline references from each system

reviewed. Additionally, some AI responses seemed to demonstrate greater alignment

with internationally accepted clinical practices versus the specific national protocol

formulation; this would suggest that larger language models are prioritizing clinical

knowledge that is prevalent on a global basis when generating their responses.

These results suggest that while many of the health-related recommendations

produced by AI health advisors are in fact appropriate, this does not mean they

follow standard national protocols. The distinction between the two is especially

relevant for assessing the relevance of the generated recommendations in a specific

country’s clinical environment as the national clinical practices can be different than

international practices.

The primary finding of the research report relates to the difference between the

"clinical plausibility" for an intervention internationally as compared to the require-
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Figure 4-6: Distribution of guideline source references in AI-generated responses.

ment for "protocol compliance" nationally. While an intervention or treatment may

be broadly clinically appropriate (globally), it can still violate the requirements of

the precise procedural standards which are required by law within the jurisdiction

of the healthcare system where it will occur. As such, the results support the claim

that the evaluation of AI systems directed toward patients must evaluate both the

medical appropriateness of the recommendations (and whether they align with locally

applicable clinical and regulatory standards).
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Chapter 5

Conclusion

5.1 Main Findings and Interpretation

The primary objective of this research project was to measure how closely the re-

sponses generated by the international AI Health Advisors aligned with national

clinical protocols. The AI systems could generate responses that had a direct rela-

tionship to the content within the protocols; however, this semantic connection did

not necessarily indicate a high level of clinical adherence.

In fact, semantic similarity scores were much higher than entity alignment scores.

The AI systems were able to create responses that were generally relevant to the

clinical topic; however, they did not generate a complete responses that included the

clinically-relevant items identified in the protocol. The highest rate of omissions of

clinically-relevant items occurred across all models. Results suggest that the primary

failure of these systems is the omission of essential details in the clinical protocol.

In the area of Obstetrics/Gynecology, safe decision-making is predicated not just

on being "medically correct" but also on having access to structured clinical guidance.

Missing contraindications, monitoring steps, dosages, and follow up care in clinical de-

cision support can lead to recommendations that do not adhere to structured clinical

protocols.

Variability was found in the performance of the AI systems. ChatGPT-4o per-

formed better in both semantic alignment and cross-lingual stability. Although all
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models were found to have substantial shortfalls in their ability to include entities,

these shortfalls are indicative of broader limitations of AI health advisory systems

when compared to national, structured clinical guidelines.

5.2 Cross-lingual and Contextual Implications

The cross-lingual evaluation results show that alignment between chatbot outputs

and clinical protocols is not fully stable across languages. While some models main-

tained relatively consistent performance between English and Russian prompts, others

exhibited noticeable degradation.

In the case of Kazakhstan, where clinical guidelines are embedded in Russian-

language institutional practice, cross-lingual instability introduces a potential risk of

unequal access to accurate medical guidance. A system that performs well in En-

glish but inconsistently in Russian may produce variable levels of protocol adherence

depending on the language of interaction.

The results demonstrate that global AI health advisors are not inherently adapted

to national clinical frameworks. Even when recommendations are medically plausible

from an international perspective, they may diverge from locally approved diagnostic

and treatment procedures. This distinction is particularly important for healthcare

systems that rely on standardized protocol-based decision-making.

5.3 Relation to Research Questions

RQ1 showed that alignment is partial. While semantic similarity is relatively high,

entity-level completeness is low, indicating that protocol adherence remains limited.

RQ2 was addressed through the development of a structured preprocessing and

extraction pipeline. The results demonstrate that national clinical documents can be

converted into a format suitable for systematic evaluation of AI-generated responses.

RQ3 revealed that alignment is not fully stable across languages. Differences

between English and Russian performance indicate that multilingual evaluation is
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necessary for reliable assessment in non-English healthcare environments.

RQ4 showed that omission of protocol-relevant content is the dominant failure

mode, while hallucinated or unsupported content appears less frequently but remains

present in some systems.

5.4 Methodological Contribution

The proposed framework could be adapted for use by health care administrators

to assess how well an AI system adheres to clinical guidelines and safe practices.

Health care organizations must collect clinical guidelines and convert them into a

structured, machine-readable format that preserves hierarchy, medication rules, and

decision pathways. Questions reflecting clinical decision-making must be created and

posed to the AI system using controlled multilingual prompts. Responses must then

be compared against protocol references using entity-level, semantic, and cross-lingual

alignment metrics.

The framework incorporates a multi-level evaluation design combining entity-level

metrics, semantic similarity, and cross-lingual stability analysis. In addition, a struc-

tured set of clinically grounded evaluation questions was developed to enable system-

atic comparison between chatbot responses and national protocol content.

5.5 Limitations

First, the evaluation was conducted using a structured set of 15 clinical questions,

which does not cover the full range of obstetrics and gynecology scenarios.

Second, the reference standard was derived from protocol documents rather than

validated through expert clinician review.

Third, the methodology relies on automated NLP components, including trans-

lation, named entity recognition, and embedding-based similarity. The entity-level

consistency metrics, including Jaccard similarity and recall, are influenced by struc-

tural differences. Protocol sections contain a higher density of clinical entities than
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chatbot outputs, which may partially reflect length and entity-density mismatch than

solely protocol non-adherence.

Fourth, the cross-lingual analysis focused on English and Russian, while Kazakh-

language clinical usage was not directly included.

5.6 Final Conclusion and Future Work

Current AI health advisors, while capable of producing semantically relevant medical

responses, do not consistently adhere to the structured requirements of national clin-

ical protocols. Semantic plausibility alone is not sufficient for clinical reliability, as

high omission rates indicate incomplete representation of protocol-defined decision-

making processes.

The study highlights the need for evaluation frameworks that are jurisdiction-

aware and multilingual. In healthcare systems such as Kazakhstan, alignment with

local protocols is essential for safe and effective use of AI systems.

Future work will extend this evaluation methodology with a larger set of clinical

questions reviewed by clinicians and conduct validation of entity extraction to assess

automated alignment scores. Exploring more metrics that are less sensitive to differ-

ences in length and entity density should also be considered. The methodology can

also be applied to other languages, including Kazakh.
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Chapter 6

Code and Data Availability

A Clinical Protocol Corpus for use with this research project was created using a col-

lection of the officially published Obstetric/Gynecologic Clinical Guidelines that were

made available to the public by the Ministry of Health of the Republic of Kazakhstan.

The Source Documents are all Publicly Available through Official Institutional Re-

sources.

The code developed for the protocol preprocessing pipeline, structural valida-

tion, multilingual normalization, biomedical entity extraction, chatbot response eval-

uation, and alignment metric computation is available in the project repository:

https://github.com/dilnazakhmetzhan/medical_protocols_thesis/.
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Appendix A

Appendix

The full set of clinical evaluation questions is presented in Table A.1. Each question

was mapped to a corresponding national clinical protocol used as the reference source

for alignment evaluation.

Table A.1: Evaluation Question Set

ID Stratum Question (EN) Protocol

Source

A1 Diagnosis &

Criteria

A pregnant woman at 34 weeks presents with BP

168/112 mmHg and proteinuria. Does this meet the

criteria for severe preeclampsia and what additional fea-

tures confirm the diagnosis?

Hypertensive disor-

ders in pregnancy

A2 Diagnosis &

Criteria

A pregnant patient undergoes a 75-g OGTT at 26 weeks.

Results: fasting 5.2, 1-hr 10.1, 2-hr 8.7 mmol/L. Do

these values meet the diagnostic criteria for GDM?

Diabetes mellitus in

pregnancy

A3 Diagnosis &

Criteria

What clinical and laboratory criteria define septic shock

in obstetric patients, and what scoring systems are rec-

ommended?

Obstetric sepsis

B1 Pharmacotherapy What is the recommended first-line antihypertensive

therapy for severe preeclampsia, and what are the spe-

cific dosages?

Hypertensive disor-

ders in pregnancy

75



(continued from previous page)

ID Stratum Question (EN) Protocol

Source

B2 Pharmacotherapy What empirical antibiotic regimen is recommended for

obstetric sepsis, and within what timeframe should it be

initiated?

Obstetric sepsis

B3 Pharmacotherapy What tocolytic agents are recommended for preterm

labour, and what are the contraindications to their use?

Preterm labour

C1 Surgical &

Emergency

What are the stepwise surgical interventions recom-

mended for PPH that does not respond to uterotonic

therapy?

Postpartum haemor-

rhage

C2 Surgical &

Emergency

What are the indications for emergency hysterectomy in

obstetric patients according to clinical guidelines?

Postpartum haemor-

rhage

C3 Surgical &

Emergency

What are the clinical signs and immediate management

steps for suspected uterine rupture during labour?

Abnormalities of

labour

D1 Monitoring &

Screening

A pregnant woman attends her first antenatal visit at

10 weeks. What screening tests should be performed in

the first trimester and at what gestational weeks?

Antenatal care

D2 Monitoring &

Screening

A GDM patient measures fasting glucose 5.6 mmol/L

at home. Is this within recommended glycaemic targets

and what management adjustments may be required?

Diabetes mellitus in

pregnancy

D3 Monitoring &

Screening

What risk factors identify pregnant women who should

receive progesterone prophylaxis for preterm birth pre-

vention?

Preterm labour

E1 Infection &

Sepsis

What are the diagnostic criteria for chorioamnionitis

and what is the recommended antibiotic protocol?

Chorioamnionitis

E2 Infection &

Sepsis

What monitoring parameters should be assessed hourly

in a patient with obstetric sepsis managed in the ICU?

Obstetric sepsis

E3 Infection &

Sepsis

What are the criteria for diagnosing postpartum en-

dometritis and what is the first-line treatment regimen?

Postpartum en-

dometritis

Note: The Russian versions of the same questions were used for the cross-lingual

robustness experiment.
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