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Abstract. Spinal radiology reports serve as crucial resources for medical decision-
making for patients experiencing low back and neck pain. Additionally, physician-
completed questionnaires evaluating patients’ conditions offer valuable insights for
shaping medical care plans. However, the imbalance between the number of physi-
cians and patients often slows the processing of these data, delaying referrals or
medical decisions. This can result in individuals with severe conditions experienc-
ing a deterioration in their health before receiving professional care. In this work,
we propose an ensemble transformer-based framework built on top of pre-trained
BERT-based models which can classify patients on their need for surgery given
their different data modalities including radiology reports and questionnaires. We
conducted our experiments using data collected from the Kaye Edmonton Spine
Assessment Clinic. Our results show that our approach effectively leverages the di-
verse information across multiple data modalities, achieving an F1 score of 76.09
and surpassing the performance of competing methods.
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1. Introduction

Radiology is a branch of medicine focused on diagnosing and treating diseases through
imaging technologies such as X-rays, computed tomography (CT), and magnetic res-
onance imaging (MRI). These images are typically accompanied by radiology reports,
which are written by radiologists based on their interpretation of the medical images.
In addition to imaging, tabular data such as physician-completed questionnaires is an-
other common format in the medical field. Radiology reports and questionnaires are crit-
ical for guiding medical interventions and tracking treatment progress. However, man-
ual processing of the medical records for decision-making is time consuming and labor-
intensive. Additionally, the variability in data style and format across healthcare centers,
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as well as changes over time, presents significant challenges in developing an automated
classification system for patient triage.

Machine learning has significantly advanced decision-making in precision health,
particularly in the processing of radiology reports for various applications. While early
approaches would mainly focus on rule-based methods [1], the advent of deep learning
and the Transformer architecture marked a substantial step forward in automating these
processes [2, 3, 4]. Leveraging these architectures, several studies have proposed pre-
trained models by utilizing the vast amounts of biomedical texts available [5, 6], while
others have developed models that incorporate radiology-specific texts into their training
data to better capture the specialized vocabulary of radiology reports [7, §].

Another line of work puts focus on processing tabular data in the medical domain, by
utilizing feature selection methods such as information gain at each decision [9] or atten-
tion mechanisms [10]. However, the dynamic nature of medical questionnaires presents
challenges for these approaches, as feature selection becomes less effective when the
dataset’s features change over time.

Moreover, while machine learning applications in radiology report processing have
been extensively studied in areas like disease and abnormality detection [11], includ-
ing the assessment of thyroid nodule malignancy scores [9], their application to patient
triage systems remains comparatively underexplored. Developing an effective triage sys-
tem requires a deeper understanding of key features influencing decision-making, as the
data often lacks explicit answers. A related study examined the use of natural language
processing (NLP) techniques, such as TF-IDF and word2vec embeddings, in combina-
tion with machine learning classifiers to automate the triaging of textual radiology re-
ports [12]. However, their results suggested that simple clinical variables outperformed
the NLP models in predictive accuracy.

This study aims to bridge the gap between decision-making based on different data
modalities in the medical domain by developing an ensemble of expert models trained
on a variety of data sources, including the impression and findings sections of radiology
reports, as well as tabular questionnaires. By using the unique information from each
modality, the individual models function as medical assistants, providing complementary
insights that enhance the final decision-making process.
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Figure 1. The overview of the classification pipeline



2. Methods

This study aims to develop a classification model to automatically categorize spinal in-
jury patients into two groups: those requiring surgical referral and those who do not.
Specifically, we propose a binary classification system that leverages both textual radi-
ology reports and medical questionnaires. The radiology reports consist of unstructured
free-text summaries detailing MRI findings of the spine, while the physicians’ assess-
ments are captured in tabular format through questionnaires, providing insights into the
patient’s primary issues. Each radiology report can be broken down into different sec-
tions [13], including the scan type, comparisons to the previous scans, techniques and
the procedure used during the imaging, findings detailing observations from the patient’s
image, and impression summarizing all the information gathered by the radiologist. In
this study, we focus on extracting the impression and the findings sections of the reports,
as they provide the most clinically relevant information for determining the need for a
surgical referral.

2.1. Data

The data used in this study was obtained from the electronic medical records of patients
at the Kaye Edmonton Spine Assessment Clinic. It includes records for 880 patients
collected between 2020 and 2024. Out of all the patients, 487 were classified as needing
surgical consultation, while 393 were determined to be non-surgical cases. Missing data
accounted for 5.56% of the radiology reports and 36.47% of the physicians’ assessments.
Previous studies showed a positive correlation between a non-surgical case and missing
data, meaning the patients are more likely not to be referred to a surgeon if some parts
of their records are missing [12]. As a result, we only removed the patient where no data
was available and kept partially missing data in the dataset.

After preprocessing the data, the impression and the findings sections of the reports
are extracted. Furthermore, the tabular data from the physicians are serialized into textual
format to match the pre-training data distribution of the BERT models. For serialization,
we use a text template in the format of either “column name is value” or “has column
name” for categorical and binary features, respectively.

2.2. Model Architecture

All models used in the experiments are variations of the BERT architecture [14]. How-
ever, we report results only for the best-performing pre-trained BERT model. Figure 1
illustrates the overall architecture of our ensemble system. For each data modality, a pre-
trained BERT-based model with a dedicated linear classification head is utilized. For the
textual reports, we train separate BERT models for the findings and the impression sec-
tion as previous research has demonstrated that each provides a distinct perspective, im-
proving the final performance [3]. In each model, the [CLS] token output from BERT is
passed to the classification head, generating class probabilities based on the data modal-
ity it processes. The final class prediction is determined by averaging the probabilities
from the predictions made by each model.



2.3. Training

We train three BERT-based models, one for each of the three data modalities: radiology
impression, radiology findings and serialized tabular data. We train the models using the
AdamW optimizer with a learning rate of 1e —5 and cross entropy loss. Early stopping is
applied to ensure that the best-performing model is selected after each training iteration.
All model parameters are fine-tuned during the training process.

3. Results

In order to get robust results despite having a small dataset, we perform S5-fold
cross-validation. Experiments are done on a number of BERT-based models including
BERTy,ase [14], RadBERT [7], BioBERT [5], BioClinicalBERT and BioDischargeSum-
mary [8]. However, we only report results on RadBERT, which outperformed other
BERT-based models on our dataset. We evaluate our pipeline against the publicly avail-
able pre-trained BERT-based model. We also compare our results to the word embedding
averaging method combined with logistic regression, as explored in a previous study
on the same surgical referral task [12]. As depicted in Table 1, our ensemble system
achieves an F1 score of 76.09 and ROC AUC of 68.03, outperforming the baselines.

Table 1. Performance comparison of the proposed ensemble model and the baselines

Model Variation F1 Score | ROC AUC
Word Embedding + Logistic Regression Impression 66.84 58.28
Findings 67.65 58.38
RadBERT + Logistic Regression Impression 67.53 62.51
Findings 64.43 60.73
Fine-tuned RadBERT Impression 74.46 63.09
Findings 72.34 65.11
Tabular 70.46 64.80
Our Fine-tuned RadBERT Ensemble Model | Impression + Findings + Tabular 76.09 68.03

4. Discussion

Comparing the results of our ensemble approach with those of individual BERT-based
models demonstrates that incorporating multiple modalities of medical data leads to more
informed and accurate decisions than relying on a single data source. Furthermore, mod-
els trained on the impression section of the radiology reports on average showed better
performance than those trained on the findings section. This implies that the impression
section provides more critical information for the task of determining surgical referrals.

5. Conclusions

In this study, we proposed an ensemble system that averages the class probabilities ob-
tained from three fine-tuned BERT-based models, each trained on a different data modal-



ity. Our approach demonstrated improved performance compared to using isolated fine-
tuned BERT-based models. Additionally, when compared to a previous study on similar
data from the Spine Assessment Clinic, our method showed a significant performance
improvement.
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