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Accurate and consistent clinical trial registries are important elements of clinical stud-
ies. However, errors and inconsistencies in trial documentation are common, particularly
when support of multiple regions is required and local regulatory authorities maintain par-
allel registries using different languages and data standards. In this paper, an application
designed to detect discrepancies between Ukrainian and English versions of clinical trial
records is presented. The system combines structured field mapping and rule-based algo-
rithms with modern natural language processing techniques to compare unstructured text.
This combination allows the identification of semantic similarity in the fields which cannot
be compared using standard methods. The proposed approach was evaluated on a set of
records about clinical trials in Ukraine. The system successfully identified numerous dis-
crepancies, including inaccuracies in patient eligibility criteria. This outcome demonstrates
that a combination of deterministic algorithms with large language models (LLMs) can pro-
vide significant improvements to the quality of clinical trial documentation. Ultimately,
the proposed approach contributes to the overall quality and integrity of medical research
documentation and creates better grounds for further training of LLMs and developments
in this field.
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1. INTRODUCTION

Sharing information about clinical trials is a crucial task, as it helps people identify
potential novel treatments for severe diseases and enables clinical research organizations
(CROs) and sponsors to accelerate patients enrollment and the development of new drugs.
Different organizations are committed to making this information available for a broad
audience. For example, the National Institutes of Health in the United States and the
State Expert Center of the Ministry of Health of Ukraine provide comprehensive details
on trials that are planned, completed, or ongoing within different regions.

At the same time, ensuring the consistency and accuracy of this information is not a
trivial task. For example, a study found that 16.2% of clinical trials which are registered
on both ClinicalTrials.gov and the European Union registry had conflicting information
about their status [1]. The reasons for discrepancies are different: missing data, variations
in names, human errors, translation issues, asynchronous updates, etc. [2].

Numerous studies have explored methods for extracting clinical trial data from clinical
protocols or related documents, as well as how to measure the accuracy of these extraction
results [3-4]. However, there is a notable gap in the literature when it comes to com-
prehensive discrepancy searches — particularly those that focus on comparing Ukrainian
clinical trial data with their global counterparts.
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In this paper, a system designed to identify potential inconsistencies between Ukrai-
nian and English versions of clinical trial documentation is introduced. The proposed
solution uses a variety of techniques to compare values from different sources in different
languages and formats. Such automated discrepancy detection can assist regulators and
researchers in ensuring that the data remains accurate across different registers and
sources.

2. MATERIALS AND METHODS

First, the required datasets from the State Expert Center of the Ministry of Health
in Ukraine (clinicaltrials.dec.gov.ua) and the corresponding records from the National
Institutes of Health (clinicaltrials.gov) were collected and uploaded into a PostgreSQL
database (a part of the dataset was also published on the Figshare repository for reference
and further research [5]). Then, a Python-based system for discrepancy detection was
created, employing several methods to compare the records.

For elements that could be directly compared, deterministic algorithms were utilized
and mapping dictionaries were created to ensure high accuracy. This approach allowed
to handle straightforward fields with the highest level of certainty. In particular, the
trial phase field in Ukrainian may contain values like "I", "II", "III" (Roman numer-
als in Ukrainian script) which were mapped to English labels "PHASE1", "PHASE2",
"PHASE3", etc. Similarly, one-to-one mappings were created for gender eligibility (male,
female, all).

Fields such as age, enrollment, and completion date have different representations in
the Ukrainian and English versions. Therefore, more sophisticated mapping strategies
were required. For example, the eight age groups that are typical in Ukrainian records
had to be mapped to three age groups from the English database. For completion dates,
additional parsing routines were implemented to support multiple date formats and to
allow comparisons between full and abbreviated notations. For enrollment values, a
tolerance parameter was added to compare the values in a specific range.

For more complex unstructured text fields, such as titles and study sponsors, which
are not easily comparable, Natural Language Processing and Large Language Models
(LLM) techniques were applied to detect similarities. Specifically, an OpenAl-based
transformer that provides high-dimensional vector embeddings for sentences was used.
Such models are trained on a large amount of data and can project semantically similar
sentences in different languages to nearby points in vector space. Recent work has shown
that models like these are capable of aligning texts across different languages, including
English -Ukrainian clinical data matching [6].

All mapping dictionaries, as well as LLM prompts, and other parameters were stored
in a separate configurable and reusable YAML file. This approach enables easy adjust-
ment and fine-tuning. The configuration file can also be reused for similar platforms and
future research. A very high-level architecture of the system is presented in Figure 1.

The pipeline was executed on the entire set of 1657 records from the Ukrainian dataset
and compared them with their English versions. The solution produced a list of incon-
sistencies for each trial, categorized by field type. In addition to manual evaluation,
an error-injection method was used to test whether the system could identify all these
manually introduced discrepancies. Specifically, 376 errors were introduced (43 in age,
88 in full name, 49 in phases, 15 in sex, 58 in enrollment, 39 in completion date, 84 in
sponsor fields), randomly interchanging data between studies. Introducing those errors
helped to create an experimental environment close to real-world conditions.
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Fig. 1. High-level architecture diagram

3. REsuLTS

Out of 1657 records that were compared by the system, 1404 had at least one identified
discrepancy. The detailed results are uploaded to the Figshare repository [7], and a
summary is provided in Table 1.

Table 1
The summary of discrepancies

Field Number of dis- | Number of dis-

crepancies (inc- | crepancies (exc-

luding empty | luding empty fi-

fields) elds)

Age 408 408
Completion date 814 256
Enrollment (with 20% error range) 704 584
Phases 119 109
Sex 31 18
Sponsor 295 295
Title 204 198

In some cases, the discrepancies might be reasonably justified. For example, a study
may be designed for different age groups worldwide, while in Ukraine, only adults were
permitted. Similarly, several phases may be listed in the English version but only one
in the Ukrainian record. However, in many cases, the inconsistencies appear to be clear
mistakes. Some examples of the discrepancies are presented in Table 2.

Next, 376 errors were introduced, and the script was rerun. As expected, the system
detected 100% of mistakes in fields where deterministic algorithms were applied for the
data comparison (age, phases, sex, enrollment, completion date). For fields where LLMs
were utilized (full name and sponsor), the solution missed two errors and didn t highlight
them as discrepancies. In those cases, the corresponding fields were very similar (the same
therapeutic area, conditions, approach, etc.), and therefore, it proves the reliability of
the approach rather than questioning it.
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Examples of discrepancies

Table 2

NCT ID Category Original values from the | Values from
Ukrainian dataset the internatio-
nal dataset
NCT00141102 Age Henosronitai (14-18 pokis), | ADULT,
Jliteporo Biky (crapmi 65 | OLDER _ADULT
pokiB), Inmuit BikoBuil mia-
na3od, Momnoamii 18 pokis
NCT04345900 | Completion Date | 18.02.2021 4/20/2018
NCT01307800 | Completion Date | 29.08.2012 2012-09
NCT03558152 Enrollment 24.05.2018 3amranoBana — | 195
270
NCT01989676 Enrollment 29.10.2013 3ammanosana — | 707
997
NCT02401035 Phases II PHASE4
NCTO01122927 Phases v PHASE3
NCT02771795 Sex 40JI0BiYa, XKiHOYA FEMALE
NCT02448680 Sex 490JI0BiYa, XKIHOYA MALE
NCT01499290 Sponsor astrazeneca ab,  sweden | pfizer
(«acrpaszeneka ab», TIBeILis)
NCT02929329 Sponsor «aMKeH iHK.» (amgen .), | cytokinetics
CIIA

4. CONCLUSIONS

This paper demonstrates the importance and value of applying computer science
algorithms to improve the quality of clinical trial data. The developed system identified
1404 discrepancies among 1657 clinical studies conducted in Ukraine. These findings
have significant practical implications. The obtained results can be leveraged by state
institutions and individual researchers to enhance data accuracy within the Ukrainian
clinical trial domain. Another important outcome of this study is the configurable YAML
file that was developed. This file can be utilized for further related research and integrated
into other automated platforms that require mapping of Ukrainian and English clinical
trial data.

This work has a high level of scientific novelty. Although some research has been
conducted on identifying discrepancies between registries in the United States and the
European Union, there remains a clear gap in similar studies focusing on the Ukrainian
clinical data landscape. To the best of our knowledge, no similar research has been
conducted previously.

In future work, the plan is to focus on the following directions. First, improve text
comparison methods to achieve greater accuracy and precision when aligning unstruc-
tured clinical documentation across different sources and languages. Also, expand the
number of extracted attributes and integrate additional datasets to enhance comparative
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analysis. Finally, the goal is to develop autonomous agentic systems based on the config-
urable framework introduced in this paper. These agents will be capable of continuously
monitoring and improving the quality of clinical data in near real time.
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JlerasnpHi Ta HOCTOBipHI peecTpy KiiHIYHHX BAIPOOYBAHDL € HAA3BHYUANHO BAXKJIMBAMU
esleMeHTaMu y cdepi KaiHIYHEX HociifKeHb. OJHAK MOMHJIKH Ta PO30i2KHOCTI B TaKiit
JOKYMEHTAIil € [MOINIMPEHUM SIBUILEM, OCOOJIMBO SIKIO BUKOPUCTOBYIOTHCS JE€KiJIbKA MOB.
Y niif poboTi MH IpECTABISEMO CHUCTEMY, KA BUABJIAE PO3Di2KHOCTI MiXK yKpalHCHKOIO
Ta AHITIHCHKOI BepCiaMu 3amuCiB KIIHIYHUX BUNPOOYBaHb. CHCTEMA IOEIHYE AJITOPUTMH
31 CTPYKTYpPOBAaHMMH IMPABUJIAMHU Ta METOAU OOPOOKM NPUPOSHOT MOBU JJisi MOPIBHSIHHS
HECTPYKTYPOBAHOTO TeKCcTy. Mu ominunu neit miaxim Ha HAbOpi 3ammciB mpo moTouni
kutiniuni BunpobOyBanus B Ykpaimi. Cucrema ycmimpo BuSBHIA YHCIEHHI PO36iKHOCTI,
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BKJIFOYAIOYM HEKOPEKTHI JaHi [[0J0 BiANOBIIHOCTI MAIi€EHTIB KpUTEpisiM TOCJIIiI>KEHHSI.
Hami pe3yabTaTét JEMOHCTPYIOTH, 1[0 IOETHAHHS JE€TEPMIHOBAHUX AJTOPUTMIB 3 BEJIUKUMU
MOBHUMH MOJEJISIMA MOXKe 3a0e3leduT CyTTEBE IMOKPAIEHHS SIKOCTI JOKYMEHTAIil Ta
nponecy KJIiHIYHUX BHIPOOYBAHb y IiJIOMY.

Knatow061 cro6a: peecTp KIIIHIYHAX BUNPOOYBaHb; AKICTh JTaHWUX; BUSABJIEHHS PO30iKHOCTEIl;
BeJIUKI MOBHiI MOesi; 06poOKa IpUpOSHOT MOBH.



