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Abstract. We present an NLP web-based tool to help users understand consent 

forms (CFs) and clinical trial announcements (CTAs) in Spanish. For complex word 

identification, we collected: 1) a lexicon of technical terms and simplified synonyms 
(14 465 entries); and 2) a glossary (70 547 terms) with explanations from sources 

such as UMLS, the NCI dictionary, Orphadata or the FDA. For development, we 

extracted entities from 60 CTAs, 60 CFs and 60 patient information documents 
(PIDs). To prepare definitions for new terms, we used ChatGPT and experts 

validated them (28.99% needed to be fixed). We tested the system on 15 new CTAs, 

15 CFs, and 15 PIDs, and we achieved an average F1 score of 82.91% (strict match) 
and of 94.65% (relaxed). The tool is available at: http://claramed.csic.es/demo. 
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1. Introduction and Background 

Improving health literacy has a positive impact on patients’ outcomes across a wide range 

of conditions [1]. Enhancing the accessibility of health texts can avoid disinformation 

and promote patients’ engagement in procedures and care [2]. This is highly relevant at 

present, since patients can access their Electronic Health Records (EHRs), but these may 

not be understandable to them [3]. EHRs, consent forms (CFs) and clinical trial 

announcements (CTAs) abound with jargon, acronyms/abbreviations and medical terms, 

which need to be explained by clinical professionals [4]. Simplification helps patients 

understand such types of texts [5], also when simplified by healthcare providers [6]. 
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However, practitioners are not usually trained on the how to provide easy-to-understand 

information [7]. Readability formulas have not proved accurate for medical texts either 

[8]. Therefore, a solution is complementing human expertise with automatic methods [6]. 

Current endeavours resort to developing consumer health vocabularies or natural 

language processing (NLP) to perform automatic simplification [9-11]. NLP tools have 

been designed to improve patients’ comprehension of EHRs and journal articles, or help 

content-creators produce simpler and more accessible texts [12-16]. Still, most tools are 

available for English, with few exceptions for other languages [7,13,17,18]. 

Herein we present an NLP web-based tool to help users understand CTAs and CFs 

in Spanish. After the user inputs a text, the system highlights difficult-to-read terms; 

when clicking on a word, a simpler synonym or explanation is shown. We next describe 

the development methods (§2), report our results (§3) and discuss our outcomes (§4). 

2. Methods 

We designed the system considering the features of available tools for English [12-16]. 

We collected a lexicon and glossary for Spanish and integrated them in an NLP pipeline. 

2.1. Linguistic Resources 

We first collected a patient lexicon (SimpMedLexSp) gathering technical terms (inclu-

ding acronyms/abbreviations) and their simplified synonym or paraphrase aimed at 

patients. The current version has 14 465 entries and we used these sources to create it: 

� Eugloss: we used the Spanish terms from this glossary of technical and popular 

terms prepared by the Heymans Institute of Pharmacology.2 

� Abbreviations/acronyms and full term forms in the MedLexSp lexicon [19].  

� Colloquialisms included in the Dictionary of Medical Terms by RANME [20]. 

� Pairs of terms from a parallel (technical/laymen) corpus [21], which were 

extracted using paraphrase patterns adapted from [22]. 

Second, we compiled a medical glossary of 70 547 entries with not-simplified 

definitions from reliable sources, including the FDA.3 Most term entries come from: 

� Unified Medical Language System [23]: we extracted 43 822 term definitions. 

� National Cancer Institute Dictionaries: we collected definitions from        

cancer-related and genetics-related terms4 (respectively, 9181 and 251).  

� Orphadata:5 it contains definitions about rare diseases and is updated regularly 

(16 424 entries); we only used 2195 entries without too technical definitions.  

� Dictionary of the Colombian Academy of Medicine (7025 entries).6 

We updated the glossary with drug names from CTAs in the EudraCT clinical trials 

register7 dating between 2010-2024. We then used a 60 CTAs from EudraCT, not used 

 
2 http://users.ugent.be/rvd-stich/eugloss/ES/lijsth.html [Accessed on 2021; the resource is not available now]  
3 www.fda.gov/patients/clinical-trials-what-patients-need-know/glosario-de-terminos [Accessed 5/3/2024] 
4 www.cancer.gov/publications/dictionaries/ [Accessed 5/3/2024] 
5 https://www.orphadata.com/ [Accessed 5/3/2024] 
6 http://www.idiomamedico.net/ [Accessed 5/3/2024] 
7 https://www.clinicaltrialsregister.eu/ [Accessed 5/3/2024] 
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for system development, and downloaded in January 2024 (41 080 tokens, avg. 673.76 

per text). We also employed 60 CFs from organizations such as Fundación Rioja Salud 

and other medical societies (39 472 tokens, avg. 669.02 per text); and 60 patient informa-

tion documents (PDIs) about grafts and chronic disorders (50 184 tokens, avg. 821.06).8 

We input these 180 texts in the tool and output the recognized entities. Four co-

authors of this work checked the annotations using BRAT [24] (Figure 1) to fix false po-

sitives, false negatives and scope errors (i.e., if the tool annotated multi-word entities in 

a wrong way: e.g., severe pain vs. pain). Two annotators revised each text, and the inter-

annotator agreement (IAA) was computed using the F-measure. We thus selected the un-

recognized entities from the revised annotations and included them in the glossary. We 

obtained definitions using OpenAI ChatGPT vs. 3.5 and this prompt: Please, simplify 
or explain the following term: {}. A medical doctor, a lexicographer and two 

documentalists validated the definitions. 1376 term entries were included in this way.  

 

 

INTERVAL SURGERY AFTER 

NEOADYUVANT CHEMO-THERAPY IN 

OVARIAN CANCER TREATMENT 

Purpose: Excision of remaining and/or persistent 

tumor masses after administration of neoadjuvant 

chemotherapy (Number of cycles:)  

Type of procedure and approach:                     1. 

Exploratory laparoscopy of surgical resectability 

in cases of doubt of being able to complete the 

cytoreduction  

Figure 1. Sample of consent form revised with BRAT (left) and English translation (right). 

2.2. NLP Pipeline 

Firstly, SimpMedLexSp is used for complex word identification (CWI) and terms with 

a simple synonym for patients are given preference. Secondly, the medical glossary is 

used to detect the rest of terms and display term definitions. To avoid flagging too fre-

quent words, we exclude terms above the 5000 frequency threshold using a word 

frequency list from the CORPES corpus.9 A tailored exception list avoids flagging false 

positives (e.g., tooth). Figure 2 describes the workflow and Figure 3 shows a screenshot. 

 
         Figure 2. System components and workflow. 

 

Figure 3. Screenshot of the current version. 

2.3. Preliminary Evaluation 

When fine results were obtained with the development sets (180 texts), 45 texts were 

used to measure the NLP system performance: 15 CTAs (6854 tokens, avg. 456.9 per 

 
8 www.ont.es/informacion-al-ciudadano-3/, www.saludcastillayleon.es/AulaPacientes [Accessed 2/4/2024] 
9 Available at: https://www.rae.es/corpes/ [Accessed 2/4/2024] 
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text), 15 CFs (9461 tokens, avg. 630.7 per text) and 15 PDIs (14 376 tokens, avg. 958.4). 

The evaluation metrics were precision, recall and F1-score (strict and relaxed settings).  

3. Results 

In the development set, we annotated 6294 entities (avg. 104.90 per text) in CTAs; 4053 

entities (avg. 67.55 per text) in CFs; and 3330 entities in PIDs (avg. 55.5 per text). For 

all texts, the average IAA was of 84.42% (strict) and of 91.58% (relaxed), i.e., almost 
perfect agreement. After updating the lexicon, the pipeline achieved an average F1 score 

of 82.91% (strict) and of 94.65% (relaxed) on the held-out texts (Table 1). 

 

Table 1. Evaluation results of the NLP pipeline on the test set (avg.: average; P: Precision; R: Recall).  

 Reference Strict Relaxed 
entities (avg.)              P     R     F1   P   R  F1 

    CTAs (n=15)    1114 (74.27) 76.80 73.92 75.33 99.30 89.22 93.99 
 CFs (n=15)            851 (56.73) 92.05 91.19 91.62 98.70 95.52 97.08 

 PIDs (n=15) 1169 (77.93) 81.55 82.04 81.79 94.22 91.57 92.88 

Total (n=45)           3134 (69.64)   Avg.:   83.47 82.38 82.91 97.41 92.10 94.65 

 

In our analysis, 17.3% of errors were due to missing items in the lexicon, especially 

acronyms and drugs names in CTAs. Few errors were due to misspellings and tokeniza-

tion (0.3%; e.g., *nacubatam, *intra abdominal) or polysemy (0.2%; e.g., appendix must 

be flagged if it refers to a body part, not a text section). Coordinated entities (0.3%) were 

partly matched (e.g., small intestine in large and small intestine). The frequency filter 

caused 4.8% of false negatives; and the rest were mostly scope errors. A secondary 

outcome is the analysis of ChatGPT 3.5 for providing definitions of 1376 terms, out of 

which 399 needed to be amended (28.99%; that is, more than 2 out of 3 were suitable). 

4. Discussion 

In our data, CFs achieved higher scores, may be due to their repetitive structure and lower 

lexical variety. A limitation of our work is the need to regularly update the lexicons with 

new terms. We plan to explore transformer-based models [25] for the CWI task and 

detecting out-of-vocabulary items. Besides, we did not develop modules for lexical 

substitute generation or selection; ambiguous words or acronyms are not disambiguated 

(e.g., mg stands for ‘myasthenia gravis’ or ‘milligram’). Moreover, our evaluation is 

limited: we need to test the tool with more texts (especially, EHRs), and assess the quality 

and correctness of the term definitions and synonyms. Evaluating the system with         

end-users would show its strengths and weaknesses and provide valuable feedback. 

5. Conclusions 

We introduced a new system to help patients understand trial protocols and consent forms 

in Spanish. In addition, it can assist healthcare professionals in improving the writing of 

these texts. Our evaluation needs to be improved with more text types (e.g. EHRs) and 

potential users. A demonstration system is available at: http://claramed.csic.es/demo. 
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