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ABSTRACT

Clinical assessment is one of the most labor-intensive components of Health Technology Assessment, as it
requires systematic literature retrieval, critical appraisal, and synthesis of scientific evidence. Recent advances
in artificial intelligence have created new opportunities to optimize these processes; however, comparative
analyses of artificial intelligence-based tools supporting the clinical component of Health Technology
Assessment remain limited.

The aim of the study was to systematize current evidence on the application of artificial intelligence in the
clinical component of Health Technology Assessment and to identify its advantages, limitations, and prospects
for evidence synthesis. The study was based on a structured review of scientific publications using descriptive,
comparative, and content analysis methods.

The findings demonstrated that contemporary artificial intelligence-based tools support different stages of
evidence synthesis, including literature retrieval, publication screening, structured data extraction, risk-of-bias
assessment, and evidence synthesis. According to their functional purpose, the identified tools were grouped
into two principal categories: specialized platforms developed to automate specific stages of clinical assessment
and large language models capable of supporting a broad range of analytical tasks. Comparative analysis
revealed substantial differences in their functional capabilities, degree of automation, and potential applicability
to Health Technology Assessment. None of the identified artificial intelligence-based tools currently supports
the complete clinical assessment workflow, indicating that they should be regarded as complementary rather
than interchangeable technologies.

For Ukraine, the integration of artificial intelligence-based tools into national and hospital-based Health
Technology Assessment offers promising opportunities to improve the efficiency of evidence synthesis, optimize
the use of expert resources, and reduce the time required to prepare the clinical component of Health Technology
Assessment reports. The implementation of artificial intelligence-based tools should be accompanied by
mandatory expert validation of the obtained results. Further integration of artificial intelligence into Health
Technology Assessment practice requires the development of methodological guidance together with clear
principles governing the application and validation of artificial intelligence-based tools.
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IHTETPALISA LWITYYHOI'O IHTEJEKTY B OUIHKY MEJUUYHUX
TEXHOJIOT'TH: ONTUMI3BALIS KJITHIYHOI'O AHAJII3Y TA CUHTE3Y
JIOKA3IB EOFEKTUBHOCTI 1 BE3IIEKH

KurouoBi ciioBa: oninka MEAMYHUX TEXHOJIOTIH, INTYYHUH 1HTEIIEKT, KIiHIYHA
e()eKTUBHICTH, IHTEIIEKTyaTbHII aHATI3 TaHUX, JOKA30Ba MEIUIIMHA/

AHOTAIIA

KniniuHa omiHKa € OJHUM i3 HAWOUIBII TPYMTOMICTKHX €TaliB OIIHKA MEIUYHHX TEXHOJOTIH, OCKIIbKH
noTpedye CHCTEMAaTHYHOTO MOLTYKY, KPpUTHYHOTO aHAJIi3y Ta CHHTE3y HAyKOBUX a0Ka3iB. CyuacHUH PO3BHTOK
TEXHOJIOTI/ MITYYHOTO IHTEJEKTY CTBOPIOE HOBI MOXKIIMBOCTI JUTS ONTHMI3alii IUX MpPOIECiB, OJHAK MOPiB-
HSUTBHUM aHaJi3 IHCTPYMEHTIB IITyYHOTO 1HTEIEKTY, IO 3aCTOCOBYIOTHCS IS MIATPUMKH KIIIHIYHOT YACTHHH B
OI[IHIII MEIUYHHUX TEXHOJIOTIH, 3aIHIIAETHCS OOMEIKEHUM.

Mertoto pocnimkeHHs OyJI0 CHCTeMaTH3yBaTH Cy4acHi JaHi I0JI0 3aCTOCYBAHHS IITYYHOTO IHTENEKTY B
KJIIHIYHI} 4aCTUHI OL[IHKM MEIMYHNX TEXHOJIOT1H BU3HAYNTH HOTO IepeBaru, 0OMEXeHHs Ta HePCIECKTUBH BH-
KOPUCTAHHS IiJ{ 9ac CHHTE3y HOKa3iB. J{OCTIPKeHHS IPyHTYBAJOCS Ha CTPYKTypOBAHOMY OIVISAI HAyKOBUX
myOmiKamii i3 3acTOCyBaHHIM OIMCOBOTO, OPIBHIIBHOTO Ta KOHTEHT-aHAII3Y.

BcranoBieHo, 110 Cy4acHi iHCTpYMEHTH IITYYHOTO 1HTEIEKTY MATPHUMYIOTh Pi3HI €Taly CHHTE3Y J0Ka3iB,
30KpeMa TIOLIYK JIiTepaTypH, CKPUHIHT MyOmiKallii, BUITy4eHHs CTPYKTYPOBaHNX JaHHX, OLIHIOBAHHS PU3UKY
CHCTeMaTHYHOI ITOXMOKH Ta CHHTE3 J0Ka3iB. 3a QYHKIIOHAIBHUM NPU3HAYCHHSIM iX 3rpyIIOBaHO y JIBi OCHOBHI
KaTeropii: cremiani3oBani mwiarhopMu, po3poOieHi i aBTOMaTH3aIlil OKpEMHX €TaIliB KIiHIYHOI OIiHKH, Ta
BEJIMKI MOBHI MOJIelTi, 37aTHI MiATPUMYBATH IIMPOKUH CIIEKTP aHATITHYHUX 3aBIaHb. [lopiBHIGHUI aHAami3
3aCBIYUB CYTT€BI BIIMIHHOCTI Mi>K HIMH 32 (DyHKIIOHAJTBHUMH MOKJIMBOCTSIMH, PIBHEM aBTOMAaTH3aIli1 Ta MO-
TEHII1aJI0M NPAaKTHYHOTO 3aCTOCYBAaHH B OIIHIII MEINYHUX TEXHOJIOTiH. BogHouac sxoeH i3 mpoaHaizoBaHUX
IHCTPYMEHTIB IUTY4YHOTO iHTEJIEKTY Hapa3i He 3a0e3redye MOBHUM LUK KITIHIYHOT OLHKH, 10 CBIAYHUTH PO
JIOLITBHICTB 1X KOMITJIEKCHOTO, @ HE B3a€MO3aMiHHOTO BUKOPHUCTAHHSI.

Jlnst Ykpalnu iHTerpaist iHCTPYMEHTIB IITYYHOTO IHTEJIEKTY Y JIepiKaBHY Ta FOCHITaJIbHY OL[IHKY MeIHd-
HUX TEXHOJIOTiH BIIKPUBAE IEPCIIEKTHBY IiABUIICHHS e()eKTUBHOCTI CHHTE3y I0Ka3iB, ONTUMI3allil BUKOpHC-
TaHHS EKCIIEPTHUX PECYpCiB i CKOPOUYCHHS TPUBAJIOCTI IMiATOTOBKH KITIHIYHOI YaCTHHH 3BITIB 3 OLIHKH Me-
JUYHUX TEXHONIOTiH. BrpoBakeHHS IHCTPYMEHTIB IITYYHOTO IHTEJIEKTY Ma€ 3IiHCHIOBATUCS 13 000B’ I3KOBOIO
EKCIIepTHOI0 BepHdikamiero pe3ynprariB. [loganbiia iHTerpais TEXHOIOTIH ITYYHOTO IHTEJIEKTY B HPAKTUKY
OLIHKM MEJUYHUX TEXHOJIOTiH MOoTpedye po3poOIeHHs] METOIMYHNX PEKOMEHAliil 1 YiTKUX NPHHIMIIB 3a-
CTOCYBaHHS Ta iX Baijgarii.

Introduction

The modern healthcare system operates under conditions of limited financial and
human resources, evolving population needs, and the rapid implementation of new
medical technologies. In this context, Health Technology Assessment (HTA) serves as
an effective tool for evidence-based management decision-making, grounded in clinical
evidence and economic feasibility for both patients and healthcare facilities [1, 2]. The
HTA procedure is complex, multi-stage, and resource-intensive, as it involves the analysis
of vast volumes of scientific, clinical, and statistical data [3, 4]. The significant workload
on experts, the duration of the process, and the potential risk of subjective assessment
underscore the need for innovative solutions to optimize individual stages and improve
evaluation accuracy [5, 6].

Recentadvances in artificial intelligence (Al) have created new opportunities to optimize
evidence synthesis and support HTA. Methodological approaches to Al-assisted evidence
synthesis and systematic reviews have been explored by Marshall et al. [7-9], Chai et al.
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[10], O’Mara-Eves et al. [11], and Guo et al. [12]. Organizational, methodological, and
regulatory aspects of Al implementation in HTA were investigated by Zemplényi et al. [13],
who identified key barriers and proposed recommendations for integrating Al-generated
evidence into HTA process. At the national level, growing interest in the application of Al
in healthcare is also reflected in recent Ukrainian studies, which emphasize its increasing
role in clinical practice, biomedical research, and healthcare education [14-18].

Despite these advances, existing studies mainly focus on individual Al methods or
organizational aspects of their implementation. Comprehensive comparative analyses
of contemporary Al tools for the clinical assessment of HTA, including their strengths,
limitations, applicability to the Ukrainian healthcare system, methodological transparency,
reproducibility, potential algorithmic bias, and the need for expert oversight, remain limited.

Accordingly, the scientific and practical value of this study lies in the systematic
analysis of current Al applications in the clinical assessment of HTA, identification of
their advantages and limitations, and evaluation of the prospects for integrating these
technologies into HTA methodology and evidence-informed decision-making in healthcare
and pharmacy in Ukraine.

Aim. To systematize current evidence on the application of artificial intelligence in the
clinical assessment of HTA and to identify its advantages, limitations, and prospects for
implementation in evidence synthesis.

Materials and methods

The study was based on a structured literature review of scientific publications addressing
the application of Al to support clinical assessment in HTA. Descriptive, comparative, and
semantic content analyses were applied to summarize current evidence, identify the main
areas of Al application, and comparatively evaluate contemporary Al-based solutions.

A literature search was conducted in the PubMed and Cochrane Library databases
covering the period from 2015 to 2025. The search strategy combined keywords related to
artificial intelligence (“artificial intelligence”, “machine learning”, “large language models”,
“natural language processing”) with terms related to HTA (“health technology assessment”,
“HTA”, “evidence synthesis”, “systematic review”’). The search identified 156 publications,
including 145 records from PubMed and 11 from the Cochrane Library. The reference lists
of the selected publications were additionally screened to identify other relevant studies.

Publications describing or evaluating specific Al platforms or tools for literature
searching, evidence identification, literature screening, data extraction, risk-of-bias
assessment, or evidence synthesis applicable to clinical assessment in HTA were eligible
for inclusion. Publications focused exclusively on diagnostic Al, medical imaging, drug
discovery, or other clinical applications unrelated to evidence synthesis, as well as studies
lacking a description or evaluation of specific Al-based tools, were excluded.

Following title, abstract, and full-text screening, nine publications meeting the
predefined eligibility criteria were included in the final analysis. Based on these studies, a
comparative evaluation of contemporary Al platforms and tools was performed according
to their functional capabilities, advantages, limitations, and potential applicability to
clinical assessment in HTA.
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Results and discussion

Clinical analysis is a fundamental stage of HTA, the quality of which depends on
the comprehensive identification of relevant studies within evidence-based medicine
databases. The Cochrane Collaboration recommends conducting full duplicate screening of
publications (by two reviewers independently at all stages), which requires significant time
and financial resources, effectively doubling the workload on experts [6, 19]. Furthermore,
during the abstract screening stage, up to 90% of the materials retrieved after the initial
search are excluded. The subjectivity and variability of decisions between reviewers
often necessitate additional time for reconciliation, creating difficulties given the limited
resources available for assessments [5, 20].

The literature review identified several Al-based tools designed to support different
stages of evidence synthesis within HTA. Their functionality ranges from literature
screening and structured data extraction to risk-of-bias assessment and evidence synthesis.

One of the most widely described tools is RobotReviewer, an open-source platform
developed to automate and standardize the analysis of biomedical literature. Its architecture
is based on a three-stage workflow comprising preprocessing, natural language processing,
and report generation. This structure enables the sequential transformation of unstructured
full-text publications into standardized analytical outputs suitable for integration into HTA
reports.

During the preprocessing stage, the algorithm performs structural decomposition of
the document, identifying its key components and conducting tokenization. Subsequently,
natural language processing techniques are applied to automatically identify study
design, extract information according to the PICO (Population, Intervention, Comparator,
Outcome) framework, and assess the risk of bias. In addition, RobotReviewer applies
Principal Component Analysis to support data visualization and clustering, facilitating the
identification of clinically relevant evidence. At the final stage, the extracted information
is integrated into standardized HTML templates with export options including HTML,
DOCX, and JSON formats. Overall, RobotReviewer is primarily intended to facilitate
structured evidence extraction and risk-of-bias assessment, thereby supporting preparation
of the clinical section of HTA reports [7, 21, 22].

While RobotReviewer primarily supports the critical appraisal of clinical evidence,
other Al-based tools have been developed to address different stages of evidence
identification and management. One of the most representative examples is TrialStreamer,
which functions as a dynamic, continuously updated database specializing in collecting
and structuring reports on randomized controlled trials. This system was designed to
ensure continuous monitoring of biomedical publications for the rapid identification of
new clinical evidence. The application of Al algorithms minimizes the time gap between
the appearance of a publication and its subsequent analysis, supporting the use of the most
up-to-date information for clinical analysis and HTA.

The technological advantage of TrialStreamer lies in the application of BioBERT,
a language model pretrained on PubMed publications. Its architecture consists of two
consecutive stages: automated aggregation and filtering of publications from evidence-
based medicine databases, followed by intelligent screening and structured information

48
ISSN 0367-3057, @apmayesmuunuii scypuan, 2026, T. 81, Ne 4, oama opyky i posmiwenns onnain 28.08.2026
Jiyenszis siokpumoezo oocmyny — Creative Commons Attribution License International CC-BY



extraction. The platform automatically extracts PICO elements together with additional
metadata, including sample size, treatment effects, and study conclusions, which are
subsequently stored in the TrialStreamer Database.

A comprehensive performance evaluation of this system confirms its high operational
efficiency and reliability in handling big data. It has been established that the intelligent
classifier for randomized controlled trials demonstrates a significant ability to filter out
information noise, successfully rejecting 94-97% of irrelevant content. At the same time,
the accuracy of identifying target studies exceeds 50%, which is a high result for fully
automated systems. This significantly reduces the labor intensity of the scientific publication
screening stage while maintaining the high quality of evidence synthesis [8, 9].

A different approach to supporting systematic reviews is implemented in Research
Screener, which focuses on optimizing the primary screening of scientific publications.
The functional architecture of the system implements a cyclical active learning process
based on the interaction between the algorithm and the researcher. Unlike static filters,
this platform provides for continuous updates to the internal relevance model based on the
user’s expert decisions, allowing the system to dynamically adapt to highly specialized
research topics.

The platform’s operation begins with the stage of uploading the general information array
generated by the initial search strategy and providing at least one representative standard —
a publication that perfectly meets the inclusion criteria. The researcher is presented with an
array of the 50 highest-ranking publications for manual verification. Each decision made
by the researcher regarding the inclusion or exclusion of an article is instantly processed by
the system, leading to an immediate recalculation of weight coefficients and a re-ranking
of the remaining publications.

This approach in the Research Screener system allows for the accumulation of the most
significant sources at the top of the list, which significantly reduces the volume of manual
labor. Practical application of this structure demonstrates that a researcher can identify up
to 95% of relevant studies by processing only a small fraction of the total search results
[10, 11, 23].

Alongside the development of specialized Al-based tools, recent research has
increasingly focused on the application of large language models, particularly ChatGPT, to
evidence synthesis. Owing to their versatility, large language models can support a broad
range of analytical tasks, including publication screening, scientific text analysis, evidence
summarization, and preparation of narrative sections of HTA reports.

The validation of this tool for the preparation of the clinical section of the report was
conducted by a group of Canadian researchers. They developed a database of titles and
abstracts that had previously undergone independent verification by two experts according
to strict inclusion criteria. Using the results of this double screening as a “gold standard”
allowed for an objective assessment of the network’s ability to recognize clinically relevant
evidence.

The technical implementation of the process involved using a software script for direct
interaction with the OpenAl API (GPT-3.5/GPT-4). The algorithm’s operation was based
on the principle of stream data processing: the network sequentially analyzed titles and
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abstracts according to a formalized screening protocol. This approach allowed for the
standardization of analytical operations and minimized the variability of decisions resulting
from the human factor in manual screening.

According to the process architecture, each publication was evaluated by the language
model within a single instructional prompt. The model classified the article as “relevant” for
the clinical section of the HTA report based solely on the annotated data, fully simulating
the real-world working conditions of an expert during the pre-screening stage.

Across six independent clinical datasets, ChatGPT demonstrated an overall accuracy of
0.91, sensitivity of 0.76, and specificity of 0.91 for excluding irrelevant publications. These
findings suggest considerable potential for accelerating evidence synthesis while reducing
technical errors associated with large-scale literature screening [12]. Unlike specialized
platforms developed for individual stages of evidence synthesis, ChatGPT demonstrates
the potential to support multiple analytical tasks throughout the clinical assessment process.
Nevertheless, its outputs require mandatory expert validation before incorporation into
HTA reports.

Taken together, the reviewed Al-based tools support different stages of clinical
assessment and perform complementary rather than interchangeable functions throughout
the evidence synthesis process. Their potential application across the principal stages of
clinical assessment in HTA is summarized in Figure 1.

Stage of Clinical Key Activities Al-Based Tools That
Assessment Can Support the Stage
Q 1, (oo ecr Leeesd ¢ Searching databases and other sources = =~ TrialStreamer
LA O ¢ |dentifying relevant records »| Y Research Screener
. @ ChatGPT (LLMs)
2.Screeningof | | * Screening titles and abstracts 1S ? Research Screener
Publications * Selecting studies for full-text review @ ChatGPT (LLMs)
Y -
1 Data o Extracting structured data E] RobotReviewer
Edtrachion: | | ¢ Populating PICO elements and »| 22 TrialStreamer
study characteristics @ ChatGPT (LLMs)
¥
@ 4.Riskof Bias | ___| * Assessing risk of bias »| £ Boboiavewse
Assessment » Evaluating quality of evidence
[]
; * Summarizing findings
3. gwiinc? """  Comparing outcomes — @ ChatGPT (LLMs)
* Preparing evidence summaries
¥
« 6. Clinical ¢ Formulating clinical conclusions
Conclusionand =1 « Preparing the clinical part of —>| @ chatGPT (LLMy)
Reporting the HTA report

Figure 1. Application of Al-based tools across the stages of
clinical assessment in HTA

The functional diversity of these Al tools prompted their further classification according
to their principal role in clinical assessment.
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Analysis of the selected publications enabled the identification of two principal categories
of Al-based tools. The first comprises specialized platforms developed to automate individual
stages of clinical assessment, including RobotReviewer, TrialStreamer, and Research
Screener. Their functionality is primarily focused on literature searching and screening,
structured data extraction, risk-of-bias assessment, and organization of scientific evidence.
The second category consists of large language models, primarily ChatGPT, which, owing to
their versatility, can support a broad spectrum of analytical activities, including scientific text
analysis, evidence summarization, preparation of narrative reports, and evidence synthesis.

To provide a structured comparison of the identified Al-based tools, their principal
functions, potential contribution to clinical assessment within HTA, and major limitations
are summarized in Table 1.

Table 1
Comparative analysis of contemporary Al-based tools supporting
clinical assessment in HTA

Al-based Primary . POtel.m.al contribution Limitations /
tool purpose Functions to clml?al assessment considerations
in HTA
Robot- Automation Extraction of study May reduce experts’ Requires expert
Reviewer | of biomedical characteristics, identification | workload during validation; primarily
literature analysis | of PICO elements, automated | randomized controlled | developed for
risk-of-bias assessment trial assessment and randomized controlled
standardize preparation | trials and risk-of-bias
of the clinical section assessment
of HTA reports
Trial- Automated Automated identification, May facilitate timely Primarily focused on
Streamer identification classification, and structuring | identification of new randomized controlled
and continuous of randomized controlled clinical evidence for trials; does not replace
monitoring of trial reports; extraction of key | HTA critical appraisal by
clinical trials study characteristics experts
Research Semi-automated | Machine learning—based May substantially Performance depends
Screener title and abstract | ranking of publications reduce manual on model training
screening according to relevance workload during quality and expert
and support for literature systematic reviews input
screening
ChatGPT | Support for Classification of publications, | Has the potential Requires independent
(LLMs) scientific evidence summarization, to accelerate expert validation;
text analysis support for evidence evidence synthesis susceptible to
and literature synthesis and preparation of inaccuracies and
screening analytical reports response variability

The comparison presented in Table 1 revealed several important trends regarding the
current application of artificial intelligence within HTA. Contemporary Al-based tools primarily
automate the most labor-intensive stages of clinical assessment, including literature searching,
screening, and evidence processing. However, none of the identified tools supports the complete
clinical assessment workflow within HTA, indicating that their application should be considered
complementary and selected according to the specific objectives of each assessment.

The reviewed studies consistently demonstrate that current Al-based tools are designed
to automate routine analytical tasks, whereas the critical interpretation of clinical evidence,
formulation of conclusions, and development of recommendations remain the responsibility
of HTA experts. Accordingly, all reviewed publications emphasize the necessity of expert
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validation of Al-generated outputs before their incorporation into HTA reports and
healthcare decision-making.

Another important finding is the transition from highly specialized Al platforms toward
versatile large language models. Whereas earlier systems were developed to automate
individual stages of systematic reviews, large language models increasingly support
multiple interconnected activities ranging from literature screening and scientific text
analysis to evidence synthesis and preparation of analytical reports. However, this broader
functionality is accompanied by new methodological challenges related to reproducibility,
algorithmic transparency, and verification of generated outputs.

Al-based tools have the potential to substantially optimize the most labor-intensive stages
of HTA. However, their effective implementation also depends on an appropriate legal and
regulatory framework. Currently, the methodological documents governing HTA in Ukraine
do not include provisions regulating the use of Al-based tools in HTA report preparation.
Although the Ministry of Digital Transformation of Ukraine has developed the Al Roadmap
and the White Paper on Al Regulation, these documents establish only a general regulatory
framework and require further adaptation to the healthcare and pharmaceutical sectors.

For Ukraine, the application of Al-based tools within HTA appears particularly
promising given the need to optimize expert, time, and financial resources, especially in
the context of the ongoing development of national and hospital-based HTA. Automation
of literature searching, publication screening, structured data extraction, and preparation of
preliminary analytical materials could substantially reduce report preparation time, decrease
expert workload, and improve the reproducibility of individual assessment procedures.
These advantages may be particularly valuable for healthcare institutions implementing
hospital-based HTA, where multidisciplinary expert capacity remains limited.

Nevertheless, the integration of Al into HTA practice should be accompanied by the
development of national methodological guidance defining appropriate areas of application,
requirements for mandatory expert validation, and principles governing the use of Al throughout
the clinical assessment process. Particular attention should also be paid to algorithmic
transparency, reproducibility, data protection, and the clear allocation of responsibilities between
Al systems and human experts. The reviewed evidence suggests that Al should currently be
regarded as a decision-support technology rather than an autonomous decision-making system
within HTA. Its gradual integration into the Ukrainian HTA framework may become an
important step toward strengthening evidence-informed decision-making and improving the
efficiency and methodological consistency of both national and hospital-based HTA.

Conclusion

1. This study systematized the current evidence on the application of artificial intelligence
in the clinical component of HTA. The findings demonstrated that contemporary Al-based
tools support different stages of evidence synthesis, including literature retrieval, publication
screening, structured data extraction, risk-of-bias assessment, and evidence synthesis,
thereby improving the efficiency of the most labor-intensive stages of clinical assessment.

2. The comparative analysis demonstrated that specialized Al-based tools
(RobotReviewer, TrialStreamer, and Research Screener) and large language models,

particularly ChatGPT, differ substantially in their functional capabilities and should be
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considered complementary rather than interchangeable. None of the identified Al-based
tools currently supports the entire clinical assessment workflow within HTA, highlighting
the continuing importance of expert involvement throughout the HTA process.

3. For Ukraine, the integration of Al-based tools into national and hospital-based HTA
represents a promising direction for improving the efficiency of evidence synthesis and
optimizing the use of expert resources. Future integration of Al into Ukrainian HTA will
require the development of methodological guidance for Al-assisted HTA together with
clear principles governing the application and validation of Al-based tools.
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