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ARTICLE INFO ABSTRACT

Keywords: Aims: To develop and validate PARROT (Polyglottal Annotated Radiology Reports for Open Testing), a multi-
ChatGPT centric, open-access dataset of fictional radiology reports spanning multiple languages for testing natural lan-
Large Language Models guage processing applications in radiology.

I]\)/I?:ft?ﬁ;gual Methods: From May to September 2024, radiologists were invited to contribute fictional radiology reports

Artificial Intelligence

following their standard reporting practices. Contributors provided at least 20 reports with associated metadata

including anatomical region, imaging modality, clinical context, and for non-English reports, English trans-
lations. All reports were assigned ICD-10 codes. A human vs. Al report differentiation study was conducted with
154 participants (radiologists, healthcare professionals, and non-healthcare professionals) assessing whether

reports were human-authored or Al-generated.

Results: The dataset comprises 2658 radiology reports from 76 authors across 21 countries and 13 languages.
Reports cover multiple imaging modalities (CT: 36.1 %, MRI: 22.8 %, radiography: 19.0 %, ultrasound: 16.8 %)
and anatomical regions, with chest (19.9 %), abdomen (18.6 %), head (17.3 %), and pelvis (14.1 %) being most
prevalent. In the differentiation study, participants achieved 53.9 % accuracy (95 % CI: 50.7 %-57.1 %) in dis-
tinguishing between human and Al-generated reports, with radiologists performing significantly better (56.9 %,

95 % CI: 53.3 %-60.6 %, p < 0.05) than other groups.

Conclusion: PARROT represents the largest open multilingual radiology report dataset, enabling testing and
validation of natural language processing applications across linguistic, geographic, and clinical boundaries

without privacy constraints.

1. Introduction

! Michail Klontzas serves as Advisory Editor for European Journal of Radi-
ology Artificial Intelligence (EJR AI). He was involved in the review or selection
process for this article.Michail Klontzas serves as Advisory Editor for European
Journal of Radiology Artificial Intelligence (EJR AI). He was involved in the
review or selection process for this article.

Radiology reports are the communication bridge between radiolo-
gists and clinicians, capturing complex visual findings in actionable text
that directly informs patient care decisions [1]. The quality and clarity
of these reports significantly impact diagnostic accuracy and treatment
outcomes, with communication breakdowns representing a notable
source of medical errors [2-4].

Large language models (LLMs) have demonstrated remarkable
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capabilities in enhancing radiology workflows [5-7]. Recent studies
show these models can automatically structure free-text findings into
standardized formats suitable for data sharing [8,9], simplify complex
radiological terminology for non-specialists [10], and detect in-
consistencies and errors with performance comparable to expert radi-
ologists [11]. Such capabilities hold substantial promise for improving
communication efficiency and report quality in clinical practice.

However, a considerable barrier to deploying LLMs is their English-
language centricity. Widely used datasets such as MIMIC-IV and MIMIC-
CXR contain thousands of radiology reports but represent only English-
language practice [12,13]

Privacy concerns and stringent data-sharing regulations constrain
studies involving non-English radiology reports to proprietary datasets
that remain inaccessible to the wider research community [9]. This
absence of openly available multilingual datasets undermines scientific
reproducibility and comparability across different healthcare systems
[14].The consequences of this linguistic bias extend beyond simple
language barriers. Radiology reporting practices exhibit substantial di-
versity worldwide, not just in language but in reporting styles, preferred
formats, terminology, and conventions. These variations are so pro-
nounced that evaluation metrics developed for one region often fail to
generalize across reports from different countries [15]]. These chal-
lenges are compounded by inherent limitations in LLMs that make even
advanced models show performance disparities across languages, with
capabilities in low-resource languages lagging behind those in English
[15,16].

Addressing these gaps requires developing truly multilingual re-
sources that reflect authentic, native-language radiology practices.
Preserving language-specific medical terminology is crucial for clinical
accuracy [17], while capturing diverse reporting conventions ensures Al
tools align with existing clinical workflows. Furthermore, with
Al-generated reports becoming increasingly prevalent, it is crucial to
assess if human-authored reports can be distinguished from
Al-generated content, as training or evaluating language models on
Al-generated reports may inadvertently propagate subtle inaccuracies.

In this context, we introduce PARROT (Polyglottal Annotated Radi-
ology Reports for Open Testing), a collaborative initiative designed to
overcome multilingual barriers in radiology AI research. By bringing
together radiologists and Al researchers to curate expert-authored re-
ports from diverse linguistic and clinical environments, PARROT pro-
vides an open benchmark for testing inclusive radiology Al tools that
serve global healthcare needs effectively and equitably.

2. Methods

The PARROT initiative was launched in May 2024 and ran until
September 2024. The project was advertised through multiple channels
including social media platforms, professional radiological societies,
and direct networking. To ensure diverse global representation, partic-
ularly from underrepresented regions, we leveraged the established
network of the COMFORT Al survey [18], which facilitated connections
with radiologists across diverse geographic areas. Because the dataset
consists entirely of fictional reports with no real patient information,
institutional review board approval was deemed unnecessary and
formally waived. Each contributor attested that all submitted reports
were fabricated. This fictional nature creates unique advantages for the
dataset, enabling unrestricted sharing, modification, and augmentation
under the Creative Commons license CC-4.0-NC-SA. Unlike datasets
containing real patient data, PARROT can be freely distributed across
institutional and national boundaries, facilitating collaborative research
without privacy constraints.

European Journal of Radiology Artificial Intelligence 5 (2026) 100066
2.1. Submission requirements

Contributors had to submit at least 20 fictional reports with no upper
limit. Each submission required the complete radiological report
following the contributor's typical reporting style for their language and
region. Contributors were granted the freedom to choose clinical sce-
narios and pathologies based on their area of expertise, with no
constraint of specific diseases or templates. This approach was chosen to
ensure the reports reflected their natural reporting style and clinical
reality. Report metadata included anatomical region, imaging modality
(CT, MRI, US, XR, etc.), brief clinical context/indication and report
language. For non-English reports, contributors provided an English
translation to facilitate cross-linguistic analysis. Contributors were given
freedom to choose specialties and clinical scenarios according to their
expertise. They were specifically instructed to create plausible but non-
specific clinical scenarios, include typical incidental findings appro-
priate for the demographic, and incorporate normal anatomic variants at
realistic frequencies. This approach allowed for capturing authentic
reporting styles while ensuring the dataset represents a realistic distri-
bution of normal and pathological findings.

All submitted reports were assigned ICD-10 codes either by the
contributor, or through a human-in-the-loop workflow, where the lead
author (BLG) reviewed, verified, and finalized preliminary codes pro-
posed by the 03-mini-high language model (OpenAl). Discrepancies
were resolved through communication with contributors or, when
necessary, adjustment by the review team with documentation of
changes.

2.2. Dataset organization and processing

The final dataset was organized in a standardized structure to facil-
itate research use (.jsonl file). The entire dataset was version-controlled
using Git, with the initial public release tagged as v1.0. The repository
includes documentation and usage examples to facilitate adoption. This
version control approach enables ongoing collaboration and contribu-
tion, allowing the dataset to grow and improve over time while main-
taining traceability of changes. Future contributors can submit
additional reports following the established protocols, enhancing the
linguistic and clinical diversity of the resource. The project is accessible
at https://github.com/PARROT-reports.

2.3. Human vs. Al report differentiation study

To validate the authenticity and distinctive characteristics of PAR-
ROT reports compared to Al-generated content, we conducted a
discrimination study. We generated Al reports using GPT-ol (OpenAl),
using the prompt “Create 5 radiology reports in [language], encom-
passing different diseases and modalities. They have to look absolutely
real, like they could have been written by a [country] radiologist.” A
comparable number of PARROT reports were selected for comparison.
Participants recruited through social media (LinkedIn) and professional
networks (e.g., European Society of Medical Imaging Informatics) were
asked to identify whether reports were human-authored or Al-
generated. The study was conducted on English, German, Italian,
French, Greek and Polish reports via Google Docs, where participants
selected their language of practice, reviewed and voted on 10 reports,
with 5 being Al-generated and 5 human-authored from PARROT. Re-
ports included MRI, CT, X-ray and echographic examinations from
multiple anatomical regions. We specifically targeted a mix of radiolo-
gists, computer scientists, and general participants to assess whether
professional expertise influenced the ability to distinguish authentic
radiological reporting from Al-generated content.

This evaluation was motivated by concerns that researchers might
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Countries by number of reports

Poland 837
Italy 285
Germany 266
Croatia 200
France 173
Greece 157
China 100
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Mexico 75
Argentina 7
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Algeria 20
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Fig. 1. Geographic distribution and characteristics of the PARROT dataset. A) World map showing the distribution of radiology reports by country of origin, with
darker blue indicating higher numbers of reports. B) Bar chart displaying the count of reports by country, arranged in descending order. C) Distribution of imaging
modalities by country, showing the percentage of each modality within countries. D) Distribution of five most imaged body areas by country, revealing regional

preferences in anatomical focus.

use language models to generate synthetic radiology reports for testing
purposes, potentially introducing subtle but important deviations from
authentic clinical documentation. We hypothesized that those reports
might be difficult to differentiate from human-generated content, but
that domain experts such as radiologists would better recognize these
differences than non-experts, highlighting the value of professionally
authored content in the PARROT dataset.

2.4. Statistical analysis

A descriptive analysis was performed to characterize the dataset.
Country of origin and frequency of imaging modalities were summa-
rized, and body regions were categorized to assess the diversity of the
contributed scenarios. Preliminary maps of geographic origins were
generated to visualize the global participation in PARROT. All statistical
analyses and visualizations were carried out using R version 4.3.1. Key
analytical steps included summarizing submission counts per country
and language, enumerating modality usage across the dataset, grouping
body regions under standardized terms, analyzing the distribution of
normal versus abnormal findings, and categorizing reports by ICD-10
classification. The analysis focused on demonstrating the breadth and
diversity of the dataset across linguistic, geographic, and clinical di-
mensions to establish its utility as a representative multilingual resource

for radiology Al research. Differences in performance for the differen-
tiation study were assessed with a X* test, with a significance level of
0.05 [19].

3. Results
3.1. Reports origin and linguistic diversity

The PARROT dataset comprises 2658 radiology reports from 21
countries across four continents. Poland contributed the largest number
of reports (837, 31.5 %), followed by Germany (316, 11.9 %), Italy (285,
10.7 %), Croatia (200, 7.5 %), and France (173, 6.5 %) as shown in
Fig. 1A. The geographical distribution reveals significant representation
from European countries, with emerging contributions from Asia, South
America, and Africa (Fig. 1A). Countries from the Global South
including Argentina (71, 2.7 %), China (100, 3.8 %), and Mexico (75,
2.8 %) collectively accounted for approximately 19 % of the dataset.

The PARROT dataset encompasses reports in 13 different languages.
The distribution of languages reflects the geographical representation,
with Polish, German, Italian, and French being the most prevalent.
Notably, French-language reports originated from multiple countries
including Algeria, France, Ivory Coast, Madagascar, Togo, and Canada,
highlighting regional variations in reporting practices within the same
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language. Similarly, Spanish-language reports were contributed from
both Argentina and Mexico, capturing different regional medical ter-
minologies and reporting conventions.

3.2. Reports content and structure

Analysis of report content revealed diverse imaging modalities, with
CT representing 36.1 % (n =989) of the dataset, followed by MRI
(22.8 %, n = 625), conventional radiography (XR, 19.0 %, n = 520),
and ultrasound (US, 16.8 %, n = 461) as displayed in Fig. 1C.

The anatomical distribution analysis demonstrated a predominance
of reports covering chest (677, 19.9 %), abdomen (631, 18.6 %), head
(588, 17.3 %), and pelvis (480, 14.1 %) as detailed in Table 1 and
visualized in Fig. 2. Less commonly represented regions included ex-
tremities and specialized areas such as orbit or pituitary gland. The
relationship between modalities and anatomical regions is shown in
Supplementary Figure S1.

The median report length varied across languages. The longest re-
ports were in Turkish (median length 382 words, IQR: 154.75 words),
followed by Spanish (196, IQR 136.5) and French (172, IQR: 130) with
the shortest reports being in Afrikaans with a median word count of 36.5
(IQR: 12.75). Further details on word count are provided in Table 2.

3.3. Human vs. Al report differentiation study

To evaluate the authenticity of the human-authored reports in
PARROT compared to Al-generated content, we conducted a differen-
tiation study with 154 participants from diverse backgrounds. Overall,
participants achieved a mean accuracy of 53.9 % (95 % CI: 50.7 %-
57.1 %) in distinguishing between human-authored and Al-generated
reports, indicating performance only slightly above chance level
(Fig. 2A).

Analysis by occupation revealed radiologists performed better
(56.9 %, 95 % CIL: 53.3 %-60.6 %) than non-healthcare professionals
(49.7 %, 95 % CI: 41.4 %-58.0 %) and other healthcare professionals
(48.3 %, 95 % CI: 40.1 %-56.5 %), as shown in Fig. 2B-C. This difference
was statistically significant (p < 0.05), suggesting domain expertise
provides some advantage in discerning report authenticity.

Self-reported confidence showed a weak association with actual

Table 1
Distribution of body areas.
Body Area Count Percentage
Chest 677 19.9
Abdomen 631 18.6
Head 588 17.3
Pelvis 480 14.1
Breast 176 5.2
Neck 138 4.1
Lumbar Spine 102 3.0
Spine 95 2.8
Orbit 79 2.3
Cervical 71 2.1
Knee 60 1.8
Lower Extremity 50 1.5
Shoulder 49 1.4
Thoracic Spine 46 1.4
Upper Extremity 30 0.9
Foot 22 0.6
Wrist 21 0.6
Ankle 20 0.6
Face 15 0.4
Pituitary Gland 12 0.4
Elbow 10 0.3
Testis 8 0.2
Whole Body 8 0.2
Ear 4 0.1
Hip 3 0.1
Nose 2 0.1
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performance. Participants reporting the highest confidence levels ("Very
confident" and "Completely confident") achieved modestly higher ac-
curacy (61.2 % and 60.0 % respectively) compared to those with lower
confidence ratings (Fig. 2D). However, the correlation between confi-
dence and accuracy was relatively weak (r = 0.07), indicating poor
metacognition in this task.

Analysis of response bias revealed a slight tendency across all pro-
fessional groups to classify reports as human-authored rather than Al-
generated. Radiologists classified 43.8 % of reports as Al-generated,
while non-healthcare professionals and other healthcare professionals
classified 42.3 % and 41.8 % respectively (Fig. 2B). Logistic regression
analysis confirmed that professional background significantly influ-
enced accuracy, with non-healthcare professionals (estimate: —0.328,
p =0.018) and other healthcare professionals (estimate: —0.360,
p = 0.008) performing worse than radiologists (Fig. 3).

3.4. ICD-10 code distribution

The dataset encompasses pathologies across all major ICD-10 chap-
ters, with notable predominance of codes from Chapter IX (Diseases of
the circulatory system), Chapter X (Diseases of the respiratory system),
Chapter XI (Diseases of the digestive system), and XIII (Diseases of the
musculoskeletal system and connective tissue) collectively accounting
for 53.9 % of all coded reports. Among specific three-digit codes, 170
(Atherosclerosis) and 163 (Infarction) represented the most frequent
pathology category with 133 and 109 reports respectively. Table 3
provides an overview of the distribution of codes across chapters. Fig. 4
is a treemap representation, demonstrating the hierarchical distribution
of codes grouped by chapter and three-digit classifications. A detailed
overview of ICD-10 chapters, three-digit codes as well as full ICD-10
codes is provided in Table S1.

4. Discussion

In this work, we present PARROT, the largest openly available
multilingual radiology report dataset to date. Comprising 2658 fictional
yet realistic reports contributed by 76 radiologists from 21 countries
covering 13 languages, PARROT spans multiple imaging modalities (X-
ray, ultrasound, CT, MRI) and nearly all major body regions. The col-
lection's synthetic nature enables open sharing without privacy concerns
while preserving authentic clinical language and style. By capturing
diverse reporting practices across languages, modalities, and anatomical
regions, PARROT serves as a resource for evaluating NLP applications in
a multilingual context.

PARROT facilitates the benchmarking of various NLP tasks in a
multilingual context, including Named Entity Recognition (NER) [9],
automatic structuring [8], abbreviation disambiguation, error detection
[11], translation, and automated ICD-10 coding. Currently, the valida-
tion of LLMs for tasks such as error detection is limited in non-English
settings due to a scarcity of appropriate datasets [11,20]. For instance,
recent work by Salam and colleagues required the ad hoc creation of
fictional reports with post-hoc error injection to evaluate this specific
task in German. PARROT addresses this bottleneck by providing a
ready-to-use multilingual resource, thereby streamlining the testing of
NLP applications and eliminating the need for researchers to replicate
the labor-intensive report generation process for every new study [8,
20].

Several open-access datasets for natural language processing have
been published in recent years, yet most remain limited in linguistic and
geographic scope. The MIMIC-IV clinical database and its derivative
MIMIC-CXR corpus represent among the largest collections of radiology
reports, but they exclusively reflect English-language, U.S.-based prac-
tice [12,13]. This monolinguistic bias affects research development,
with a systematic review finding that among 164 radiology NLP studies,
142 (86.6 %) focused exclusively on English reports, with minimal
representation of other languages [15].
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Fig. 2. Results of the human vs. Al report differentiation study A) Distribution of participant accuracy in distinguishing between human-authored and Al-generated
radiology reports, with dashed line representing chance level (50 %). B) Box plots showing accuracy by occupation group, with radiologists performing significantly
better than other groups. C) Effect sizes from logistic regression model showing factors associated with accuracy in the differentiation task. D) Accuracy by self-
reported confidence level, revealing modest correlation between confidence and performance.

Beyond language, openness and geographic diversity are relevant
considerations for dataset development. Many publicly available radi-
ology text datasets originate from a single country or healthcare system.
The aforementioned collections, for instance, derive from U.S. hospital
data [13]. The privacy regulations governing clinical text data,
including HIPAA in the United States and GDPR in Europe, necessitate
extensive de-identification protocols that often slow down or limit in-
ternational data sharing. These constraints may lead to AI models being
overfitted to the phrasing, style, and clinical patterns of a limited
context. Language and regional biases can potentially limit algorithm
utility when confronted with different populations or reporting styles
[21]. PARROT aims to address these challenges through its foundation
on fictional cases created by domain experts, offering an approach to
data accessibility issues.

Yet, the ongoing development of increasingly potent LLMs, such as

Generative Pretrained Transformer (GPT) presents an alternative
approach to generating synthetic radiology reports. By prompting
frontier models, like GPT-01 [22], researchers could potentially create
artificial datasets tailored to specific use cases. However, this approach
may introduce subtle errors that can be difficult to detect, especially for
those without domain expertise. Shumailov and colleagues recently
showed that Al-generated synthetic data contains subtle differences with
genuine human-generated content that induces to models to collapse
after recursive training [23]. Our differentiation study examined this
potential issue on radiology reports, assessing the existence of potential
domain-specific differences between synthetic and human-generated
radiology reports. Participants achieved 53.9 % accuracy overall in
distinguishing between human-authored PARROT reports and
Al-generated alternatives. Radiologists performed statistically signifi-
cantly better (56.9 %, p < 0.05) than other healthcare professionals
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Table 2
Word count of reports across languages.

Language Median length (Interquartile Range)
Afrikaans 36.5 (IQR: 12.75)
Chinese 182.5 (IQR: 137)
Croatian 67 (IQR: 41)
Dutch 39.5 (IQR: 15.25)
French 172 (IQR: 130)
German 71.5 (IQR: 79.25)
Greek 86 (IQR: 72)
Italian 94 (IQR: 87)
Korean 43 (IQR: 28)
Polish 112 (IQR: 145)
Spanish 196 (IQR: 136.5)
Swedish 73 (IQR: 73)
Turkish 328 (IQR: 154.75)

(48.3 %) or non-healthcare participants (49.7 %), meaning domain
expertise is necessary to detect subtle stylistic changes in Al-generated
reports. This observation has methodological implications, as com-
puter scientists, who likely conduct most research on natural language
processing, might not identify domain-specific errors in Al-generated
reports [24]. PARROT provides reports crafted by experts who incor-
porate clinical reasoning patterns that current language models may not
fully replicate. Because radiologists performed only marginally better
than chance in differentiating AI- and human-generated reports, LLMs
seem already be able to mimic the reporting style of radiologists suffi-
ciently well to pass for radiologists style wise. However, whether the
LLMs are able to integrate medical authenticity and reasoning is not

Accuracy heat-map by occupation and confidence level
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known. A recent study by Hager et al. [25] showed that LLMs had lim-
itations in medical reasoning. As such, the value of the human author-
ship of PARROT may reside in the medical logic contained in the report,
in addition to their phrasing and reporting style.

Still, PARROT has several limitations that warrant consideration. A
primary limitation is the current imbalance in geographic representa-
tion, with a predominance of reports originating from Europe, including
31.5 % of reports from Poland, and comparatively sparse representation
from Africa, South America, and extensive regions of Asia. Approxi-
mately 19 % of reports originate from the Global South. This geographic
distribution affects the dataset's coverage of global diversity in lan-
guages, dialects, and regional reporting practices. Specifically, the high
prevalence of central European reports generates imbalance and may
bias the aggregate evaluation metrics. As such, we advise for stratified
evaluation when using PARROT, including evaluation metrics per lan-
guage. Additionally, while advantageous for addressing privacy bar-
riers, the fictional nature of the reports means they lack connection to
real patient imaging data and clinical outcomes, preventing its use in
applications requiring image-text correlation or multimodal model
training. We acknowledge that the fictional nature of PARROT reports
may also distance them from the reality of clinical reports, particularly
regarding noise and dictation errors. Consequently, PARROT reports
could rather serve as a clean baseline rather than an exact representation
of the reports written in a clinical context. Recruitment strategies relying
on social media platforms and professional networks may also introduce
selection bias, potentially favoring contributions from individuals active
in academic circles, which could influence the range of clinical sce-
narios, terminology, and reporting styles represented within the dataset.

Tendency to label reports as Al-generated
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Fig. 3. Analysis of human vs. Al report differentiation performance A) Accuracy heat-map by occupation and confidence level, showing percentage accuracy for each
combination with sample size indicated. Radiologists generally achieved higher accuracy across confidence levels compared to other groups. B) Tendency to label
reports as Al-generated by occupation group, showing similar bias patterns across all groups with approximately 42-44 % of reports identified as Al-generated,
indicating a slight bias towards labeling a report as human generated. C) Effect sizes from logistic regression model analyzing factors associated with discrimina-
tion accuracy. Non-healthcare professionals (Non-HCP) and other healthcare professionals (Other HCP) showed significantly lower accuracy compared to radiologists
(p =0.018 and p = 0.008 respectively), while confidence levels had varying but generally non-significant effects on performance.
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Table 3
Overview of ICD-10 codes.

Chapter % of
Codes

3 Digit ICD-10 Codes

I 0.4 A15, A18, A40, A41, BOO, B16, B25, B37, B44, B58, B69,

B9

C16, C18, C19, C20, 22, C23, C24, C25, C32, C34, C37,

C41, €45, C50, C53, C54, C61, C64, C67, C69, C70, C71,

€73, C74, C77, C78, C79, C81, C85, €90, C91, C92, DO5,

D10, D11, D13, D16, D17, D18, D24, D25, D28, D30, D31,

D32, D33, D34, D35, D37, D41, D43, D45, D48

D50, D57, D62, D64, D73, D76, D82, D86

EO03, E04, E06, EO7, E11, E14, E22, E23, E27, E34, E46,

E66, E78, E84, E85, E87

107, 110, 111, 112, 115, 121, 125, 126, 127, 128, 131, 133, 134,

135, 136, 137, 140, 142, 146, 148, 149, 150, 151, 160, 161, 162,

163, 164, 165, 166, 167, 169, 170, 171, 172, 173, 174, 177, 178,

180, 181, 182, 183, 187, 189, 195

FO1, F03, F10, F33, F41, F79

GO0, G06, G20, G23, G25, G30, G31, G35, G36, G37, G40,

G41, G43, G45, G50, G51, G54, G56, G57, G70, G81, G83,

G90, G91, G93, G96, G97

HO2, H04, H11, H20, H21, H27, H33, H35, H43, H44, H47,

H53, H54

H61, H65, H66, H70, H71, H83, HO0, H92, H93

Jo1, J11, J12, J15, J18, J20, J21, J31, J32, J33, J34, J35,

J36, J38, J39, J40, J42, J43, J44, J45, J47, J68, J69, J80,

J81, J84, J86, J9O, J92, J93, J94, J96, J98

K02, K04, K08, K09, K11, K21, K22, K25, K26, K31, K35,

K38, K40, K41, K42, K43, K44, K50, K51, K52, K55, K56,

K57, K58, K59, K60, K63, K65, K66, K70, K74, K75, K76,

K80, K81, K82, K83, K85, K86, K91, K92

L59, L72

MO6, M07, M11, M13, M15, M16, M17, M18, M19, M21,

M22, M23, M24, M25, M34, M35, M40, M41, M43, M45,

M46, M47, M48, M50, M51, M53, M54, M61, M62, M65,

M67, M70, M71, M75, M76, M77, M79, M80, M81, M84,

M85, M87, M89, M93, M94, M96, M99

N10, N11, N13, N15, N17, N18, N19, N20, N21, N28, N30,

N32, N39, N40, N41, N42, N43, N44, N50, N60, N61, N63,

N64, N80, N82, N83, N84, N85, N89, N91, N92, N93, N94,

N97

00, S02, S03, S05, S06, S12, S13, $20, S22, $26, S27, S32,

$33, 36, S42, $43, S52, 53, $62, 70, S72, S73, $82, 83,

$90, S92, $93, T17, T18, T44, T78, T80, T81, T82, TS3,

T88, T91, T92

000, 007, 043, 045

P07, P21, P22, P24, P29, P35, P36, P78

Q00, Q01, Q02, Q04, Q07, Q17, Q18, Q21, Q24, Q25, Q26,

Q27, Q28, Q39, Q40, Q43, Q44, Q53, Q61, Q62, Q63, Q65,

Q67, Q74, Q75, Q76, Q78, Q79, Q82, Q85, Q86, Q89, Q90

ROO, R04, RO5, R06, R07, R10, R11, R13, R16, R17, R18,

R19, R20, R21, R22, R23, R25, R26, R27, R29, R30, R31,

R33, R35, R40, R41, R42, R45, R47, R50, R51, R52, R55,

R56, R58, R59, R60, R63, R64, R70, R74, R90, R93, R94

XX 0.0 V99

XXI 9.5 200, Z01, Z03, Z04, Z08, Z09, Z31, Z34, Z42, 745, Z47,
772, 780, 85, 290, 792, 793, 794, 795, 796, Z98, Z99

XXII 0.1 Uo7

NA 0.0 U09

I 7.7

111 0.4

X 17.9

VI 1.5

VII 1.3

VIII 0.2

X 13.8

XI 8.9

XII 0.0
XIII 9.8

XIV 7.4

XIX 5.2

XV 0.1
XVI 0.2
XVII 2.2

XVIII 11.7

This recruitment bias may also explain the lack of nuclear medicine
reports, which may be a priority for the future additions. Another lim-
itation is that reports were not peer-reviewed in their original language
and only their translation was assessed during the ICD-10 coding review.
Their authenticity is thus ensured by the credentials of their writers, who
are all board-certified physicians. Finally, the only medical ontology
included in the current version of PARROT is ICD-10. Future studies
could assess how domain-specific ontologies such as RadLex could be
included in PARROT.

In conclusion, PARROT provides an open-access, multilingual
collection of radiology reports addressing some of the linguistic and
accessibility constraints in the evaluation of NLP tools for non-English
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contexts. By offering fictional yet radiologist-authored reports across
multiple languages, PARROT serves as a research resource for testing Al
applications that can function across different healthcare systems and
languages.
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Fig. 4. Treemap of ICD-10 Codes in the PARROT dataset, grouped by the chapter number and 3 digit ICD-10 code. Refer to Table S1 for a detailed overview of each

code and its subcodes.
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