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Abstract

Background: Online medical information in colon surgery, particularly in robotic-assisted procedures, is frequently inconsistent,
outdated, or misleading, which can hinder patient education and informed decision-making. Large Language Models (LLMs)
have shown promise in complex text analysis, but their potential for assessing the quality of medical web content has not been
systematically explored. The Ensuring Quality Information for Patients (EQIP) 36 criteria offer a standardized framework for
evaluating patient-facing materials, but manual assessments are time-consuming and resource-intensive.

Objective: To systematically evaluate the ability of multiple transformer-based LLMs to classify the quality of online
information on robotic colon surgery according to the EQIP 36 criteria, and to determine whether embedding-oriented or
generative models provide better performance for this task.

Methods: English-language web pages on robotic colon surgery were collected in December 2023 via automated searches on
Google, Bing, and Yahoo using predefined keywords. From 450 retrieved URLs, duplicates, irrelevant content, and
professional/academic sites were removed, resulting in 47 unique patient-targeted websites with expert EQIP ratings. Due to
input length limitations, texts were split into overlapping 512-token chunks (50-token overlap) before embedding extraction.
Models evaluated included base BERT, custom pre-trained BERT, BiomedBERT, pre-trained BiomedBERT, SBERT, LLaMA-2
(concatenated and averaged embeddings), and Longformer. Chunk embeddings were concatenated into document-level
embeddings and classified via a feedforward multilabel neural network predicting 19 EQIP items. Hyperparameters (batch size,
learning rate, dropout) were optimized via grid search. Performance was assessed using stratified 5-fold cross-validation, with
accuracy, precision, recall, F1-score, and ROC-AUC as metrics.

Results: SBERT achieved the highest performance (F1-score = 80.16, accuracy = 79.05%, AUC = 0.79), outperforming all other
models. Pre-trained BiomedBERT and custom pre-trained BERT performed comparably well (F1 ? 0.79), indicating benefits
from domain-specific adaptation. LLaMA-2 with concatenated embeddings (F1 = 0.784) outperformed the averaged embedding
version (F1 = 0.765) but remained below SBERT. Longformer, despite handling longer contexts, had the lowest performance (F1
= 70.07). Across models, those optimized for generating semantically meaningful embeddings consistently surpassed generative
architectures.

Conclusions: Transformer-based models optimized for embedding generation, particularly SBERT, are more effective than large
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generative models in automated EQIP-based quality assessment of online medical content. Domain-specific adaptation improves
performance, but embedding quality is a more critical determinant than model size. These findings support the integration of
embedding-focused LLMs into scalable, AI-driven tools for medical content evaluation, potentially enhancing the accessibility
and reliability of online patient education. Future research should expand datasets, explore ensemble approaches, and address
regulatory and ethical considerations for deployment in healthcare contexts.
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Abstract

Background:
Online  medical  information  in  colon  surgery,  particularly  in  robotic-assisted  procedures,  is  frequently  inconsistent,
outdated, or misleading, which can hinder patient education and informed decision-making. Large Language Models
(LLMs) have shown promise in complex text analysis, but their potential for assessing the quality of medical web content
has  not  been  systematically  explored.  The  Ensuring  Quality  Information  for  Patients  (EQIP)  36  criteria  offer  a
standardized  framework  for  evaluating  patient-facing  materials,  but  manual  assessments  are  time-consuming  and
resource-intensive.

Objective:
To systematically evaluate the ability of multiple transformer-based LLMs to classify the quality of online information on
robotic colon surgery according to the EQIP 36 criteria, and to determine whether embedding-oriented or generative
models provide better performance for this task.

Methods:
English-language web pages on robotic colon surgery were collected in December 2023 via automated searches on
Google,  Bing,  and Yahoo using predefined keywords.  From 450 retrieved URLs,  duplicates,  irrelevant content,  and
professional/academic sites were removed, resulting in 47 unique patient-targeted websites with expert EQIP ratings.
Due to input length limitations, texts were split into overlapping 512-token chunks (50-token overlap) before embedding
extraction.  Models  evaluated  included base BERT,  custom pre-trained BERT,  BiomedBERT,  pre-trained  BiomedBERT,
SBERT, LLaMA-2 (concatenated and averaged embeddings), and Longformer. Chunk embeddings were concatenated into
document-level  embeddings  and  classified  via  a  feedforward  multilabel  neural  network  predicting  19  EQIP  items.
Hyperparameters (batch size, learning rate, dropout) were optimized via grid search. Performance was assessed using
stratified 5-fold cross-validation, with accuracy, precision, recall, F1-score, and ROC-AUC as metrics.

Results:
SBERT achieved the highest performance (F1-score = 80.16, accuracy = 79.05%, AUC = 0.79), outperforming all other
models.  Pre-trained  BiomedBERT  and  custom pre-trained  BERT  performed  comparably  well  (F1  ≈  0.79),  indicating
benefits  from domain-specific adaptation. LLaMA-2 with  concatenated embeddings  (F1  =  0.784)  outperformed the
averaged embedding version (F1 = 0.765) but remained below SBERT. Longformer, despite handling longer contexts, had
the  lowest  performance  (F1  =  70.07).  Across  models,  those  optimized  for  generating  semantically  meaningful
embeddings consistently surpassed generative architectures.

Conclusions:
Transformer-based  models  optimized  for  embedding  generation,  particularly  SBERT,  are  more  effective  than  large
generative models in automated EQIP-based quality assessment of online medical content. Domain-specific adaptation
improves performance, but embedding quality is a more critical determinant than model size. These findings support
the integration of embedding-focused LLMs into scalable, AI-driven tools for medical content evaluation, potentially
enhancing the accessibility and reliability of online patient education. Future research should expand datasets, explore
ensemble approaches, and address regulatory and ethical considerations for deployment in healthcare contexts.

Keywords: Large Language Models (LLMs); Medical Text Classification; Online Health Information Quality; Transformer-
Based Models; EQIP 36 Criteria
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1. Introduction

In the past two decades, the internet has become a pivotal platform for patients seeking medical information. The
various health-related data offered by the digital revolution has significantly transformed how patients interact with
healthcare services (1, 2). Notably, the field of robotic colon surgery, introduced with the deployment of the da Vinci
robot in 2001, represents an area where online information plays a crucial role in patient education (3). Despite the
technological  advancements  and  benefits  of  robotic  surgery  in  enhancing  surgical  precision  and  outcomes,
disseminating reliable, high-quality patient information online remains a challenge.

The study conducted by Taha et al., 2023, underscores a critical issue: the quality of online information concerning
robotic  colon  surgery  is  predominantly  low,  with  a  substantial  portion  of  available  content  being  inaccurate  or
misleading (4). This finding shows a pressing need for healthcare providers and medical institutions to actively engage in
the creation and curation of content that accurately reflects the current standards and procedures of robotic colon
surgery (5,  6).  The disparity  in  the quality  of  online  patient information not only  complicates  the decision-making
process for patients but also poses a risk of misinformation, potentially influencing patients' perceptions and choices
regarding their treatment options (4, 7).

In the broader context of colon surgery, patients and healthcare professionals face a challenging information landscape,
with  the internet  serving as  a  pivotal  resource  for  understanding health  options and staying  updated  on medical
advancements (8, 9, 10, 11). However, despite the benefits of widespread access, a significant portion of online medical
information remains misleading, outdated, or outright false, complicating informed decision-making and posing risks to
patient safety and clinical  outcomes (12).  This challenge is particularly critical  in colon surgeries, where procedural
complexity and patient variability demand precise and accurate medical knowledge (13). Patients exposed to flawed
information  may  develop  misconceptions  about  their  treatment  options,  leading  to  poor  choices  or  unrealistic
expectations, while healthcare providers must navigate vast quantities of online content to identify trustworthy and up-
to-date resources.

Given these challenges,  there is  a need for tools capable of  evaluating available information with both speed and
accuracy.  Large  Language  Models  (LLMs),  such  as  those  based  on  the  Generative  Pre-trained  Transformer  (GPT)
architecture, offer a promising solution (14, 15). These advanced neural networks excel in analyzing and interpreting
large sets of unstructured text (16). By leveraging their extensive training on diverse datasets, LLMs can differentiate
between reliable and dubious information with a level of precision that traditional methods, hindered by rigid rule-
based systems and limited adaptability, cannot match (17).

This research endeavors to harness the potential of LLMs to assess online medical information and its alignment with
expert evaluations. The overarching research question probes whether LLMs, with their deep understanding of language
and context, can reach an expert level in evaluating the quality of medical texts aimed at patients.
This study compares the classification performance of various transformer-based LLMs in evaluating online medical
texts against the Ensuring Quality Information for Patients (EQIP) 36 criteria (18). Specifically, it seeks to determine how
well  models such as BERT (the base variant as well  as a custom-pretrained variant),  domain-adapted BiomedBERT,
LLama-2, SBERT, and Longformer can classify website content based on the EQIP framework (19, 20, 21, 22, 23).
By  leveraging  a  document  chunking  approach  for  models  with  token  limitations  and  concatenating  the  chunk
embeddings,  this  investigation  will  assess  the  accuracy  and  F1-score  of  these  models  in  capturing  expert-level
discernment in quality assessment. The goal is to develop a robust methodology for automated evaluation of health-
related web content, thereby enhancing the reliability and accessibility of high-quality medical information through AI-
driven analysis.

2. Methods

This study employed a quantitative research design to assess the quality of online medical information using LLMs.
Transformer-based models, including BERT, BiomedBERT, LLama-2, SBERT, and Longformer, were evaluated as multilabel
classifiers  to  determine  their  effectiveness  in  assessing  medical  website  content  based  on  the  EQIP  36  criteria.
Furthermore, the study adhered to Strengthening the Reporting of Observational Studies in Epidemiology (STROBE)
guidelines (24).
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The dataset  focused on online information regarding robotic colon surgery.  Website  content was assessed using a
modified Ensuring Quality  Information for  Patients  (EQIP)  scale  that  evaluated both  content quality  and structural
integrity as rated by medical experts.

A web scraping algorithm using Python libraries Beautiful Soup (Version 4.10) and Selenium (Version 4.0) was executed
in December 2023 (25,  26).  Beautiful  Soup facilitated parsing HTML and XML documents,  while Selenium enabled
automated browsing of interactive web content.
Data were collected across major search engines—Google, Bing, and Yahoo—using specific search phrases such as ‘Da
Vinci Colon-Rectal Surgery,’ ‘Colon Robotic Surgery,’ and ‘Robotic Bowel Surgery.’ The algorithm retrieved the first 150
unique URLs per search engine, based on the assumption that users rarely consult results beyond this range. After initial
retrieval  of 450 English-language web pages, 163 duplicates were identified and removed via a customized Python
script. Bilingual experts then excluded 39 irrelevant pages and 41 academic or professional sites, focusing on retaining
websites with coherent, patient-relevant content.

Following manual verification by two investigators, the dataset included 207 websites, which were further refined based
on structural consistency, yielding 159 suitable text samples. Only records with a single set of EQIP labels were retained
to ensure unique labeling per document, resulting in a final dataset comprising 47 unique websites. The final flow of
dataset construction is depicted in Figure 1, and the EQIP questionnaire items are detailed in Table 1.

# EQIP Item Positive
(count)

Positive
(percentage)

1 Initial definition of subjects will be covered 47 87.0
3 Description of the medical problem 46 85.2
4 Definition of the purpose of the surgical intervention 42 77.8
5 Description of treatment alternatives 40 74.1
6 Description of the sequence of the surgical procedure 32 59.3
7 Description of the qualitative benefits to the recipient 22 40.7
8 Description of the quantitative benefits to the recipient 6 11.1
9 Description of the qualitative risks and side effects 15 27.8

10 Description of the quantitative risks and side effects 0 0.00
11 Addressing quality-of-life issues 16 29.6
12 Description of how complications are handled 10 18.5
13 Description of the precautions that the patient may take 37 68.5
14 Mention of alert signs that the patient may take 43 79.6
15 Addressing  medical  intervention  costs  and  insurance

issues
11 20.4

17 Specific details of other sources of reliable information 35 64.8
18 Coverage of all relevant issues for the topic 12 22.2
30 Clear information (no ambiguities or contradictions 52 96.3
31 Balanced information on risks and benefits 6 11.1
32 Presentation of information in a logical order 42 77.8

Table 1. EQIP Questionnaire Items

Nineteen quality indicators from the EQIP scale were assessed as binary outcomes (present or absent).

Due  to  the  input  length  limitations  of  standard  transformer  architectures,  a  document  chunking  strategy  was
implemented. Website texts were split into overlapping segments, each with a maximum length of 512 tokens (aligned
with typical model constraints). To maintain semantic coherence, a 50-token overlap was applied between consecutive
chunks. Tokenization was performed using the default tokenizer of each respective LLM, and chunk boundaries were
aligned with  sentence endings  where  possible  to  minimize  context  disruption.  Each chunk was  converted  into  an
embedding  via  the  respective  LLM.  Subsequently,  all  chunk  embeddings  belonging  to  the  same  document  were
concatenated  to  form a  comprehensive  document-level  embedding  representation,  enabling  effective  downstream
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multilabel  classification.  To  expand  the  dataset  and  evaluate  potential  performance  gains,  data  augmentation
techniques  were  applied.  A  paragraph-level  dataset  was  constructed  by  deconstructing  websites  into  discrete
paragraphs  and  applying  transformations  before  recombining  them  into  coherent  documents.  The  augmentation
methods included backtranslation (27), summarization (28), and paraphrasing (29), aiming to preserve content integrity
while broadening the training corpus. Through this process, the dataset expanded from 47 to 79 records.

Rather  than  fine-tuning  a  single  generative  model  (e.g.,  GPT-4),  this  study  focused  on  evaluating  document-level
embeddings  derived  from chunked  website  texts.  These  embeddings,  obtained  from  BERT,  BiomedBERT,  LLama-2,
SBERT,  and  Longformer,  were  concatenated  and  fed  into  a  lightweight  feedforward  neural  network  for  multilabel
classification, predicting the 19 EQIP items.

It is important to note that the classification model primarily served as a probe: the core evaluation centered on the
quality  and  consistency  of  the  embeddings  generated  by  each  LLM.  To  ensure  fair  assessment,  classifier
hyperparameters—hidden  layer  size,  learning rate,  and dropout  rate—were  optimized through  a  grid  search,  with
settings detailed in Table 2. Stratified 5-fold cross-validation was employed throughout the training process to maintain
robust model evaluation.

Model Batch
Size

Learning Rate Epochs Weight
Decay

Masked
Token

Probability

Base BERT 8 1e-5 2000 0.001 NA
PreTrained BERT – Pretraining 32 2e-5 3 0.01 0.15
PreTrained BERT – Classification 8 1e-5 2000 0.001 NA
BioMed BERT 8 1e-5 2000 0.001 NA
PreTrained BioMed BERT – Pretraining 32 2e-5 3 0.01 0.15
PreTrained BioMed BERT – Classification 1e-5 2000 0.001 NA
Llama2 (Concatenated) 8 1e-5 2000 0.001 NA
Llama2 (Averaged) 8 1e-5 2000 0.001 NA
S-BERT 8 1e-5 2000 0.001 NA
Longformer 2 2e-5 50 0.01 NA

Table 2. Hyperparameter Grid Search

Performance metrics included accuracy, precision, recall, and F1-score, with particular emphasis on F1-score to account
for potential label imbalance.
An  experimental  setup  was  established  where  each  LLM’s  embeddings  were  tested  via  the  classifier,  comparing
performance against expert-rated EQIP labels. In contrast to approaches solely relying on generative inference, this
method  directly  optimized  downstream  classifiers  using  pre-trained  embeddings  for  better  generalizability  (30).  A
dataset split of 70% training, 10% validation, and 20% test was employed. Hyperparameter tuning was conducted using
the  validation  set,  and  final  evaluation  was  performed  on  the  unseen  test  set  to  ensure  unbiased  performance
reporting. While recent universal embedding models such as nomic-embed-text or OpenAI’s text-embedding-ada-002
offer strong general-purpose representations, our comparison focused on benchmarking models with varying domain
specialization and architectural types (31,32). Future studies could explore how these universal embeddings perform on
EQIP-based medical information evaluation tasks.

3. Results

A comprehensive analysis  was conducted to evaluate the ability of multiple transformer-based models to generate
meaningful  semantic  embeddings  to  assess  the  quality  of  online  medical  information  against  the  EQIP  criteria.
Embeddings extracted via chunked document processing were used for multilabel classification with a feedforward
neural network.

The experimental results revealed substantial differences in model performance. The SBERT model outperformed all
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others, achieving the highest F1-score of 80.16 and accuracy of 79.05%, demonstrating its strength in meaningfully
converting text into representative embeddings. This aligns with its architecture, which is designed for a training goal of
converting text into its representational embeddings while retaining its semantic meaning (similar texts have similar
embeddings  and  vice  versa,  unlike  other  LLMs,  which  are  trained  using  either  MaskedLanguageModelling  or
CausalLanguageModelling  approaches.  Among  the  BERT-based  models,  the  Pre-trained  BiomedBERT  model
demonstrated  comparative  performance  to  our  custom Pre-trained  BERT,  particularly  in  capturing  domain-specific
information. The fine-tuned BiomedBERT model showed an increase in the F1-score by 0.82%, reflecting its ability to
better identify quality indicators in medical texts.

For the LLaMA-based approaches, the concatenated embedding method showed a notable performance (of an F1 score
of 0.784) improvement over the averaged embedding approach (F1 score of 0.765), suggesting that retaining a richer
representation of segmented text provides a more informative document-level embedding. However,  both versions
underperformed in comparison to SBert, custom-pretrained BERT and BiomedBERT, likely due to the lack of domain-
specific pre-training  and challenges  in  creating  meaningful  and  consistent  embeddings  effectively.  The  Longformer
model, despite its ability to process longer pieces of text, exhibited lower recall and precision, struggling in comparison
to the other models. This resulted in an F1-score of 70.07, which was surpassed by models better suited for handling
medical texts.

Hyperparameter optimization through grid search focused on encoder learning rates, batch sizes, and dropout rates,
aiming to balance model generalization and overfitting prevention. The final configurations optimized for each model
resulted in performance improvements,  particularly for custom pretrained BERT and BiomedBERT, where increased
domain-specific adaptability and hidden layer sizes proved beneficial respectively.

The best-performing models showcased a balance between precision and recall, with the SBERT model achieving the
highest average precision across 5 runs of 77.4, signifying its ability to identify true positives while minimizing false
positives effectively. Results are shown in Table 3. The corresponding ROC-AUC figure can be seen in Figure 2 (Fig.2).
The classification results of the best performing model are further summarized through normalized confusion matrices
in Figure 3, illustrating the extent to which each model captured positive and negative instances across the EQIP items
(Fig. 3). These findings indicate that domain adaptation and meaningful embeddings of the texts are critical factors in
improving the automated evaluation of medical information quality.

Model Accuracy F1 Score AUC-ROC

Base BERT 0.77 0.78 0.77
PreTrained BERT – Pretraining 0.78 0.79 0.78
PreTrained BERT – Classification 0.78 0.79 0.78
BioMed BERT 0.78 0.79 0.78
PreTrained BioMed BERT – Pretraining 0.79 0.8 0.79
PreTrained BioMed BERT – Classification 0.78 0.79 0.78
Llama2 (Concatenated) 0.77 0.78 0.77
Llama2 (Averaged) 0.76 0.76 0.77
S-BERT 0.79 0.80 0.79
Longformer 0.68 0.70 0.68

Table 3. Metrics for the multilabel classifiers. The accuracy, f1-score and the AUC-ROF are shown on the test set

4. Discussion

The evaluation of various transformer-based models for assessing the quality of online medical information against the
EQIP criteria has demonstrated notable differences in performance. Unlike previous studies that relied on a single model
like GPT-4, this study systematically compared multiple models, including BERT, Pre-trained BERT,  BiomedBERT, Pre-
trained BiomedBERT,  LLaMA concatenated,  LLaMA averaged, SBERT,  and Longformer,  to identify the most  effective

https://preprints.jmir.org/preprint/82400 [unpublished, non-peer-reviewed preprint]



JMIR Preprints Ochs et al

approach for this classification task.

Among  the  tested  models,  the  SBERT  exhibited  the  highest  accuracy  (79.05%)  and  F1-score  (80.16),  significantly
outperforming the others in  creating meaningful  embeddings from medical  texts.  As shown in our results,  models
optimized for generating coherent and semantically meaningful embeddings, such as SBERT, consistently outperformed
larger generative models (33). Additionally, Pre-trained BERT outperformed standard BERT-based model and matched
the performance of BioMedBERT, reinforcing the importance of domain-specific adaptation in medical text analysis (34).
The  LLaMA-based  approaches  showed  mixed  results,  with  the  concatenated  embedding  method  achieving  higher
classification  performance  compared  to  the  averaged  approach.  However,  both  struggled  in  capturing  semantic
representational embeddings as effectively as SBERT or BiomedBERT. The Longformer model, despite its longer context
window, demonstrated lower recall, indicating challenges in maintaining creating meaningful embeddings (35).
Overall,  LLMs  like  SBERT,  which  were  explicitly  trained  to  generate  coherent  and  logical  semantic  embeddings,
outperformed larger models like Llama2 (which is trained with the objective of text generation) since the latter fails at
consistently converting text into meaningful embeddings. This highlights how the training objective plays a large role in
deciding an LLM’s performance in a downstream task as opposed to its massive size and/or complexity (36).

Hyperparameter tuning, including grid search for batch sizes, dropout rates, and learning rates, played a crucial role in
optimizing classifier performance. While models trained with pre-trained domain-specific encoders exhibited improved
F1 scores, class imbalance remained challenging for EQIP items with sparse positive instances.

Given the evolving nature of LLM-based medical text assessment, these findings must be interpreted with caution. The
inherent token limitations of LLMs necessitate document chunking, as described previously, which may introduce slight
noise but is  currently unavoidable.  The inconsistency in grading partially present items indicates  that transformers
require more sophisticated reasoning capabilities to accurately assess nuanced medical quality indicators (37).

Several limitations were observed, including the challenge of class imbalance for some labels, the complexity of multi-
label  classification,  and  computational  constraints  associated  with  processing  long  texts  across  multiple  models.
Although Llama2 and BiomedBERT demonstrated strong classification capabilities, these models' high computational
cost and memory requirements highlight the need for more efficient architectures tailored for medical NLP tasks (38).
Additionally, newer domain-specific models such as MedLLaMA3 could not be included due to limited availability of
embedding APIs or fine-tuning interfaces at the time of analysis. Future research should evaluate the performance of
such specialized models once they become more accessible for downstream applications

Despite these challenges, this study lays the foundation for future research in leveraging transformer-based models for
medical information assessment. 
The results emphasize the necessity for open-source, fine-tuned models that align with regulatory requirements and
ethical  considerations in healthcare AI. As LLMs continue to evolve, it is imperative to integrate them into medical
quality assessment frameworks while ensuring their alignment with human expert evaluations. Future work should
explore larger, more balanced datasets, improved domain-specific fine-tuning strategies, and ensemble approaches to
further enhance the reliability of AI-driven medical information evaluation.
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ROC-AUC plot for the multilabel classifier.
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Normalized sum of the confusion matrices for the multilabel classifier.
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