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MRI radiology reporting processes can be improved by exploiting structured and semantically labelled data 
that can be fed to artificial intelligence (AI) tools. AI-based tools assisting radiology reporting can help to 
automatically individuate cartilage grading in textual magnetic resonance imaging (MRI) reports, thus supporting 
clinicians’ decisions regarding medical imaging utilisation, diagnosis and treatment. In this study, we extracted 
information (clinical findings, observations, anatomical regions, etc.) and classified knee cartilage degradation 
from medical reports utilising transfer-learning techniques applied to the Bidirectional Encoder Representations 
from Transformers (BERT) model and its variants, pre-trained on an Italian-language corpus. To realise this 
objective, we used a dataset of 750 MRI knee reports written by three radiologists who contributed to a manual 
annotation process to perform text classification (TC) and named entity recognition (NER) tasks. The dataset 
was obtained from an internal database of the IRCCS SYNLAB SDN. Seventy percent of the dataset was used for 
training, 10% was used for validation and 20% was used for testing. The best-performing configurations for NER 
and TC tasks were based on the pre-trained BERT model. The macro F1-scores obtained with the NER and TC 
models are 0.89 and 0.81, respectively. The accuracies calculated on the test set for both tasks are 0.96 and 0.99, 
respectively.
1. Introduction

Degenerative joint disease of the knee is typically caused by the wear 
and tear and progressive loss of articular cartilage [33], resulting in 
severe knee pain that affects the ability to perform normal activities. 
Damage to the articular knee cartilage can cause pain, inflammation, 
clicking noise and a catching sensation and can reduce the motility of 
the joint. Cartilage injuries wider than a centimetre can increase in size 
over time, involving the subchondral bone and leading to prosthetic 
surgery. Traditional radiography shows some limitations in the diagnos-
tic stage: it is mainly limited to the bone assessment and articular ratio. 
The gold standard for assessing knee cartilage injury is MRI, which high-
lights early signs of knee cartilage degradation involving the subchon-
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dral bone [33,1]. Although radiology reports represent an important 
source of information on the patient’s health status, the high operator-
related variability and the lack of a standardised writing methodology 
make automated search for information complex [13]. Several studies 
have been conducted to improve the standardisation of the information 
present in reports by introducing structured reports. Structured report-
ing helps define a standard of quality in radiology, leading to greater 
homogeneity and consistency of reports using a concise lexicon, thus 
minimising errors, enhancing divisional and departmental branding, im-
proving interdisciplinary communications and encouraging the use of 
data mining [21] and Natural Language Processing (NLP) [37,28].

In their review, Sloan et al. [34] discuss how the increasing pressure 
on medical imaging departments, affects radiologists’ ability to produce 
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timely and accurate reports; highlighting how AI and Automatic Ra-
diology Report Generation (ARRG) may improve reporting processes. 
Therefore, applying NLP techniques to unstructured radiological reports 
can support the analysis and interpretation of medical imaging find-
ings. Some of the main challenges faced by deep learning systems for 
natural language analysis are related to the individuation of syntac-
tic structures, clearing of ambiguities and identifying the presence of 
synonyms or possible colloquialisms in the text [31]. This is especially 
true for the clinical domain, which has a higher degree of complexity 
with respect to common reading texts, mostly due to case-specific terms 
and abbreviations [29]. In the musculoskeletal imaging field, several au-
thors have used NLP on radiographic reports for fracture identification. 
Dai et al. [4] proposed an extraction system called BoneBERT (BERT 
= Bidirectional Encoder Representations from Transformers) that al-
lows retrieving labelled details of bone fracture from radiology reports 
written in English, outperforming the conventional rule-based labelling 
system. Wang et al. [38] validated NLP algorithms on radiology reports 
(in English), recognising 17 out of 20 fractures. Grundmeier et al. [16]
used NLP tools to identify paediatric long bone fractures from radiolog-
ical reports written in English, reaching accuracy values of up to 95.0%. 
Jungmann et al. [18] used NLP to automatically analyse the number 
and distribution of fractures before and during the COVID-19 pandemic 
by extracting information from major radiographic joint reports writ-
ten in German. The BERT model performed better than traditional ma-
chine learning (ML) approaches on Dutch radiology reports of graded 
orthopaedic trauma [30]. Relevant results were also obtained for Rus-
sian [20] and Chinese radiology reports using the BERT model [24].

As reported in the systematic review of Casey et al. [2], most of the 
NLP application are available in English due to the abundance of shared 
resources and tools. In contrast, there are very few Italian-language ap-
plications for structured reporting, mainly due to limited data sources 
and lower scientific interest and dissemination. Esuli et al. [8] exploited 
two approaches based on conditional random fields to extract informa-
tion from more than 500 breast radiology reports written in Italian. 
Galbusera et al. [12] used the BERT model to automatically diagnose 
spinal disorders from radiographic reports written in Italian, achieving 
an accuracy of 0.88 - 0.98 and a specificity between 0.84 - 0.99. To date, 
we are unaware of any work conducted on knee MRI reports written 
in Italian using transfer-learning techniques applied to BERT, allowing 
the classification of cartilage degradation. Based on previously reported 
findings, the aim of this work is twofold: 𝑖) to create a structured re-
port from free text and 𝑖𝑖) automatically classify possible osteochondral 
pathologies with related grading based on radiologist descriptions. Both 
the extraction of features and disease grading classification from the 
free-text report will be performed using transfer-learning techniques 
applied to the BERT model and its variants, pre-trained on an Italian-
language corpus.

2. Materials and methods

2.1. Dataset

Medical reports are textual documents containing patient data, ex-
amination details and physician observations. This study adheres to the 
Declaration of Helsinki and was approved by the ethical committee (pro-
tocol Big data number 1∕20). The dataset was obtained from the IRCCS 
SYNLAB SDN database, hosted on a Microsoft SQL Server virtual ma-
chine. Data entry follows the case report forms, with patient information 
anonymised. Reports from the last 5 years of clinical activities at the in-
stitute were stored in this database in free-text form.

The first step of our research activities has been the creation of the 
initial dataset considering all the unstructured medical reports related 
to knee pain stored in the database as sources of information. Several 
analyses have been performed on the database by the user interface and 
by implementing dedicated queries to prepare the dataset for the fol-
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lowing analysis. We filtered the collected medical reports using specific 
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keyword (e.g. ‘rotula’, ‘menisco’, ‘legamenti crociati’, etc.) to retrieve 
only those related to knee MRI. To ensure the generalizability of the 
NLP model, we included reports written by three radiologists, account-
ing for variations in writing style and maximising the dataset size. A 
manual check was conducted to ensure that the extracted reports met 
our criteria. At the end of the extraction and filtering procedure of the 
dataset, we obtained 250 reports by each of the three radiologists, af-
fording a total of 750 reports related to knee MRI. All these medical 
reports were then selected and exported in .csv format (an example is 
shown in Table 1).

The dataset was pre-processed to facilitate network learning by re-
moving leading/trailing spaces, special characters (e.g. carriage return), 
legal/administrative terms, administration of radioactive substances, 
extra punctuation and replacing dates with a generic pattern (e.g., 
dd/mm/yyyy). Once this process was completed, reports were saved as 
text files ready to be used in the annotation phase (see Subsections 2.3.1
and 2.4.1). Finally, after the annotation processes, we created datasets 
for learning, validation and evaluation of the models and subsequently 
used them as input for tokenisation and model learning (NER and TC 
models). To this end, the reports were divided by performing stratifica-
tion conducted by radiologists, and 70% of the samples were included 
in the training set, 10% in the validation set and the remaining 20% in 
the test set.

2.2. BERT and RoBERTa

At the core of BERT is the Transformer architecture, a novel neural 
network design that introduces the concept of attention. The attention 
mechanism, introduced by Vaswani et al. [36], was developed to move 
beyond traditional statistical methods by modelling the relationships be-
tween elements within a sequence. This approach allows the model to 
capture how different parts of the input interact with each other and as-
sess the influence that one part has on another. These interactions that 
reproduce the input context are represented numerically in an attention 
matrix [11]. BERT inputs are sentences in which words should be for-
matted with preliminary operations before being given to the model. In 
particular, words are chunked (by using WordPiece) and formatted (us-
ing a special classification and separation token) to recognise the end of 
a sentence or the separation between two sentences. Further embedding 
can be used for specific tasks, such as Next Sentence Prediction (NSP), 
to help the model distinguish between different segments within the 
same input sequence, like denoting two separate sentences [15]. The 
BERT framework is characterised by two steps: 𝑖) Pre-training and 𝑖𝑖)
Fine-tuning.

RoBERTa (Robustly Optimized BERT Pre-training Approach) is a 
more robust variant of BERT developed to optimise performance [5]. 
Specifically, the new model uses dynamic-type masks to improve text 
encoding and larger batch sizes in the training phase [23]. In addition, 
the model uses different hyper-parameters and a Byte-Pair Level “tok-
enization” and is not trained for the NSP task, thus improving results in 
specific tasks [25].

In this study, we compared the performances of pre-trained and 
trained BERT and RoBERTa models, by calculating precision, recall, and 
F1 measure [32] and accuracy [9].

2.3. Named entity recognition

One of the most widely performed tasks for analysing and extracting 
information from unstructured text is NER. NER identifies and classifies 
named entities mentioned in a text into pre-defined categories [39]; we 
see it as a multi-classification problem where each N word in a text is 
assigned to one of the T-identified categories [10]. In this study, we per-
formed NER using a supervised learning approach to extract information 
about knee lesions and their characteristics from medical reports. The 
model used to extract clinical information in a structured format com-

prises three entity groups according to Sugimoto et al. [35]: observation, 
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Table 1

Samples from medical reports.

Diagnostic Test Type of test Report (Italian) Report (English)

MRI ginocchio 
destro (right knee)

TSE DP su due piani 
sagittali (TSE DP on two 
sagittal planes)

Regolare morfologia della capsula articolare e 
delle strutture ligamentose di rinforzo capsulare. 
Fibrocartilagini meniscali di normale morfologia 
e segnale. Apprezzabili da inserzione ad 
inserzione i legamenti crociati esenti da 
alterazioni del segnale. Regolare morfologia e 
segnale delle strutture ossee articolari con 
fisiologica rappresentazione del rivestimento 
condrale femoro-tibiale e femoro-rotuleo. Minimo 
versamento intraarticolare.

Normal morphology of the articular capsule and 
the capsular reinforcing ligamentous structures. 
Meniscal fibrocartilages show normal morphology 
and signal. The cruciate ligaments are appreciable 
from insertion to insertion and are free from 
signal alterations. Normal morphology and signal 
of the articular bone structures with a 
physiological representation of the femorotibial 
and femoropatellar cartilage covering. Minimal 
intra-articular effusion.

MRI ginocchio 
destro (right knee)

TSE DP su due piani 
sagittali e TSE T2 su 
piani assiali (TSE DP on 
two sagittal planes and 
TSE T2 on axial planes)

Reperto RM limitato dalla presenza di protesi 
bicompartimentale che inficia la diagnosi. Con 
tali limiti si segnala Tendinosi del tendine del 
quadricipite e del tendine rotuleo. Ispessimento 
sinoviale anteriore. Usura condrale 
femoro-rotulea di III grado con lacune di 
riassorbimento. Discreto versamento. Legamenti 
crociati e menischi non valutabili.

MRI findings are limited by the presence of a 
bicompartmental prosthesis, which impairs the 
diagnosis. Within these limitations, quadriceps 
tendon and patellar tendon tendinosis is noted. 
Anterior synovial thickening. Grade III 
femoropatellar cartilage wear with resorption 
lacunae. Moderate effusion. Cruciate ligaments 
and menisci are not assessable.

MRI ginocchio 
destro (right knee)

TSE DP su due piani 
sagittali e TSE T2 su 
piani assiali (TSE DP on 
two sagittal planes and 
TSE T2 on axial planes)

Esiti di frattura dell’apofisi tibiale anteriore 
consolidata in vizio parziale con tendinosi del 
rotuleo in sede inserzionale Fibrocartilagini 
meniscali di normale morfologia e segnale. 
Apprezzabili da inserzione ad inserzione i 
legamenti crociati esenti da alterazioni del 
segnale. Lieve versamento intraarticolare. 
Moderato ispessimento sinoviale anteriore. 
Fibroma al terzo distale di femore e terzo 
prossimale di tibia di circa 25 mm di diametro 
craniocaudale In via collaterale si segnalano 
fibromi al terzo distale di femore e tibia sinistra 
ripettivamente di 26 e 22 mm.

Results of a fracture of the anterior tibial 
tuberosity, consolidated with partial malunion, 
with tendinosis of the patellar tendon at the 
insertion site. Meniscal fibrocartilages show 
normal morphology and signal. The cruciate 
ligaments are appreciable from insertion to 
insertion and are free from signal alterations. 
Mild intra-articular effusion. Moderate anterior 
synovial thickening. Fibroma in the distal third of 
the femur and proximal third of the tibia, 
approximately 25 mm in craniocaudal diameter. 
Collaterally, fibromas are noted in the distal third 
of the left femur and tibia, measuring 26 and 22 
mm, respectively.
clinical finding and modifier entities. Starting from an observation, char-
acterised by different “modifier entities” (i.e. size, change and anatomic 
location entities), a radiologist can define the clinical findings.

2.3.1. Annotation process

The text was annotated manually by a clinical expert of the IRCCS 
SYNLAB SDN, associating the words of each medical report with the cor-
responding tag. To achieve proper NER, we defined all the keywords and 
their possible combinations, which were then used as references during 
the annotation and training phase. Pre-processed data (Section 2.1) has 
been annotated to identify the relationships between the words in the 
input medical reports and the specified entities. To better disclose the in-
formation model for the NER task, we first defined the entities to extract 
the above-mentioned observations, clinical findings and modifiers and the 
tags to use. In particular, we have identified the following tags:

• OBS (Observation). Represents a clinical observation and refers to 
measuring, questioning, evaluating or otherwise observing a patient 
or a specimen. Observations are typically characterised by terms 
describing specific test results, allowing clinicians to formulate a 
diagnosis.

• CLI (Clinical Finding). Represents a specific pathological condition, 
typically defined by a particular name with no further terms char-
acterising it other than related to certainty, extent and anatomical 
location.

• LOC (Anatomical Location). Represents an adjective or noun modi-
fier of anatomical location and is used to denote the area where an 
observation is made or a disease is found.

• CER (Certainty). Represents a certainty modifier that determines 
whether an entity is absent.

• CHG (Change). Represents a modifier of change in the status of an 
624

entity typically in the form of an adjective.
• CHS (Characteristics). Represents a feature modifier typically char-
acterising observation entities by adjectives.

• SIZ (Size). Is a size modifier and mostly identifies numerical values 
and reported units of measurement.

Fig. 1 shows an example of structured information extraction from a 
medical report in our dataset.

2.4. TC

The second goal of this study has been the automatic classification of 
cartilage injury by associating each medical report with a severity class. 
To this aim, we have developed a model to solve a TC task by exploiting 
the same dataset described in Section 2.1. TC is an NLP technique that 
assigns a classification label or category to pieces of unstructured text. 
TC solves a multiclass classification problem by taking a tokenised sen-
tence as input and assigning a category to it. In this study, we solved the 
classification problem of medical reports by using a model trained with 
a supervised learning approach. Another annotation process has been 
necessary to create a dataset containing pairs of sentences∖grade (read: 
medical report∖severity).

2.4.1. Annotation process

The manual annotation phase for TC has consisted of labelling the 
medical reports with different severity of cartilage impairment, includ-
ing the class indicating the disease absence. The following annotation 
classes are reported:

• 𝐼 . Chondral softening;
• 𝐼𝐼 . Second Grade superficial lesions extending down to < 50% of 

cartilage depth;
• 𝐼𝐼𝐼 . Third grade cartilage defects extending down to 50% of depth 
but not through subchondral bone;
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Fig. 1. Example of report annotation in a structured format: in Italian (𝑎); and its corresponding interpretation in English (𝑏).
Table 2

Training intervals and optimal values identified for 
hyper-parameters in NER and TC tasks.

Training Parameters

Hyper-parameter Intervals Optimal Value

[NER] [TC]

epochs 5, 8, 13 13 13
batch-size 4, 8, 16 4 8
initial learning rate 1e-3, 1e-4, 1e-5 1e-5 1e-5

• 𝐼𝑉 . Fourth grade ulceration through subchondral bone;
• 𝑁𝐶 . For sentences not referring to cartilage assessment.

The annotated dataset was divided into 70% for the training set, 10% 
for the validation set and 10% for the testing set.

2.5. Fine-tuning of language models

As shown in Table 2, for each hyper-parameter, we report the inter-
vals of the search area and the optimal values identified for both NER 
and TC tasks.

To mitigate the effects of the limited availability of labelled data 
for the TC task, we fine-tuned the hyper-parameters during the training 
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phase, focusing on class balancing and adjusting specific parameters of 
the BertForSequenceClassification model, such as attention probabilities 
and dropout rates (probs_dropout_prob and dropout_prob). Starting with a 
default value of 0.1, we incrementally adjusted both parameters by 0.1 
steps, ultimately setting them to the optimal value of 0.4. During the 
training phase, we exploited the following configurations:

1. n=64 is the size of the tokenised sentences used as input to the 
models;

2. Adam optimisation algorithm for the training functions;
3. Gradient clipping technique with a threshold value of 10 to prevent 

exploding gradient in the training functions.

2.6. Software pipeline

In this section, we describe the computation pipeline to process the 
medical report, shown in the flow diagram in Fig. 2. The first stage of 
the pipeline, common to both tasks performed in this study, has been in-
dicated as data acquisition in Fig. 2. The data acquisition stage included 
all the preliminary activities required to get the information of interest 
from the SDN database. In detail, medical reports from the SDN database 
were filtered to obtain the subset of interest, then extracted, cleaned and 
stratified (as described in Section 2.1) considering the different writing 
styles of radiologists. At this point, we performed the annotation pro-
cess, which was done manually for the two tasks under the supervision 

of an experienced radiologist. The output of the data acquisition and 
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Fig. 2. Software pipeline implemented for the execution of NER and TC tasks.
annotation process stage allowed the creation of the dataset serving as 
input to the models.

The final stage, called classification, was characterised mainly by the 
implementation of neural networks. Although both the tasks are based 
on the same BERT model, different final neural network layers have 
been developed to handle each stage (Fig. 2). In fact, for NER, the clas-
sification has been performed by identifying individual words as inputs. 
For TC, the inputs consist of whole sentences. Therefore, before imple-
menting the models, different tokenisation operations were performed 
for the BERT-based NER model, BERT-based TC model, RoBERTa-based 
NER model and RoBERTa-based TC model. The pipeline ends with the 
training, validation and evaluation of the neural networks.

The proposed AI solution was implemented using the programming 
626

language Python. During the development phase, we exploited PyCharm, 
an IDE with an interactive console integrated with the IPython Note-
book supporting Anaconda, a system used for managing virtual envi-
ronments. At the following we have uploaded the models used dur-
ing the experimental validation. At the following GitHub link (https://

github .com /marilena -baldi /text -mining -mri), you can find the AI models 
that have been developed for the TC and NER tasks.

3. Results

An important component in the design of neural networks is the 
determination of their structure and parameters. However, these ele-
ments depend on the particular problem, and their value considerably 
influences performance. Typically, these parameters are chosen using 

heuristic rules or are manually tuned [7].

https://github.com/marilena-baldi/text-mining-mri
https://github.com/marilena-baldi/text-mining-mri
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Table 3

Experimental results for NER and TC. Metrics are macro averaged.

Task Model Language Model Precision Recall F1 score

NER BERT pre-trained 0.91 0.88 0.89
BERT trained 0.84 0.89 0.86
RoBERTa trained 0.81 0.82 0.81

TC BERT pre-trained 0.86 0.81 0.82
BERT trained 0.83 0.80 0.81
RoBERTa trained 0.83 0.64 0.60
Table 4

Experimental results for single categories and the classification stage.

Task Class Precision Recall F1 score Accuracy

NER CER 0.93 0.98 0.95 0.96
CHG 0.95 0.58 0.72
CHS 0.89 0.90 0.89
CLI 0.90 0.94 0.92
LOC 0.92 0.92 0.92
OBS 0.91 0.91 0.91
SIZ 0.89 0.95 0.92
micro average 0.91 0.91 0.91
macro average 0.91 0.88 0.89

TC I 0.75 0.80 0.77 0.81
II 0.76 0.79 0.78
III 0.80 0.80 0.80
IV 0.81 0.79 0.80
NC 0.90 0.86 0.88
micro average 0.81 0.81 0.81
macro average 0.80 0.81 0.81

Different configurations have been analysed to solve the two tasks 
(NER and TC) by varying the implemented network model or using dif-
ferent types of models (pre-trained and trained). For both tasks, different 
models based on BERT and RoBERTa have been implemented. BERT has 
been used for transfer-learning utilising a pre-trained language model 
on an Italian-language corpus and a model directly trained on the cor-
pus of medical reports relevant to this study. RoBERTa has been directly 
trained on the corpus of medical reports relevant to this study. To reduce 
any bias (depending on the order of the training samples) and speed up 
the convergence of the algorithms, the training dataset was subjected 
to shuffling at each iteration. The validation datasets have been used 
to search the optimal hyper-parameters for both tasks with respect to 
each model (models pre-trained∖trained from scratch based on BERT 
and models trained from scratch based on RoBERTa). For both tasks, 
the optimal model was based on pre-trained BERT.

Table 3 shows the results obtained for NER and TC, considering the 
best hyper-parameter configurations. We evaluated the performance of 
NER and TC models by calculating precision, recall, F1 score and ac-
curacy. Our experiments show that the best-performing configurations 
were those based on the pre-trained BERT model. The macro F1-scores 
obtained with the NER and TC models were 0.89 and 0.82, respectively.

In particular, considering the configuration that achieved the best 
performance (i.e. BERT pre-trained on an Italian corpus), the results for 
the two tasks are given in Table 4. The accuracy calculated on the test 
set for NER was 0.96, whereas it was 0.81 for TC.

Despite the challenges posed by the clinical domain’s specific seman-
tic structures and terminologies, our system achieved good results. This 
highlights the effectiveness of pre-training on large-scale corpora in cap-
turing relevant contextual information for accurate classification tasks.

4. Discussion

MRI is the gold standard for knee joint assessment, detecting early 
cartilage degradation and subchondral bone involvement. Furthermore, 
coupling the MRI information with the clinical outcomes in large 
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databases can promote the development of ML models, which can help 
support the diagnosis. However, subjective variability in radiological 
reports and lack of standardisation hinder automated information ex-
traction of clinical outcomes. Structured reporting using AI and NLP 
tools aims to improve consistency and data mining, aiding clinical de-
cision making. To date, all recent state-of-the-art models in NLP appear 
to rely on Transformer-based architectures [14]. The use of Transformer 
allowed addressing the NLP problems without the use of recurrent neu-
ral networks (RNNs), thus achieving benefits in terms of computational 
parallelism, time efficiency and model robustness [19]. One of the most 
commonly used frameworks for generating language models for NLP 
tasks is BERT [6]. In contrast to directional models, which sequen-
tially read the text input (left-to-right or right-to-left), the Transformer 
encoder at the base of the BERT architecture allows reading the en-
tire sequence of words at once, indicating its bidirectional nature. The 
advantage of BERT is its ease of use, which involves adding just one out-
put layer to the existing neural architecture to obtain text models that 
surpass the inaccuracy of all existing ones (like Word2Vec and Glove) 
on several natural text processing problems [22]. Furthermore, López-
Úbeda et al. [27] compared the effectiveness of RoBERTa, convolutional 
neural networks (CNNs) and ChatGPT in detecting unexpected find-
ings in radiology reports. They reported that RoBERTa achieved the 
highest accuracy and F1 score, outperforming CNN and ChatGPT in 
identifying critical, unexpected findings from the radiology text. In an-
other study, López-Úbeda et al. [26] addressed the critical problem 
of accurate summarisation in radiology reports by comparing various 
large language model–based approaches for automatic summary gen-
eration. They employed two language models—Text-to-Text Transfer 
Transformer (T5) and Bidirectional and Auto-Regressive Transformers 
(BART)—and compared them with an Recurrent Neural Network (RNN) 
on a dataset of 15,508 retrospective knee MRIs. Summaries produced by 
the T5 model were similar to those produced by a radiologist, with ap-
proximately 70% similarity in fluency and consistency.

This study used NER and TC techniques to analyse knee medical re-
ports, extracting keywords and classifying cartilage severity using ML 
models to propose a general method to yield labelled datasets from clin-
ical radiological repositories. BERT and RoBERTa configurations were 
tested, with BERT (pre-trained on an Italian corpus) affording the best 
performance.

Optimal hyper-parameters were identified for epochs, batch sizes 
and learning rates. The pre-trained BERT model achieved good perfor-
mance: for NER, a macro F1-score of 0.89 (precision = 0.91 and recall 
= 0.88); for TC, a macro F1-score of 0.82 (precision = 0.86 and recall 
= 0.81).

Results were further divided into specific categories (CER, CHG, 
CHS, CLI, LOC, OBS and SIZ), with the NER task reporting an accuracy 
of 0.96 on the test set. To characterise the cartilage degradation staging, 
for the TC task, different classes (I, II, III, IV and NC) were evaluated, 
with an overall accuracy of 0.81 on the test set.

To the best of our knowledge, few studies in the literature have fo-
cused on applying NLP to knee clinical reports. In knee imaging, Chen 
et al. [3] presented promising results of a BERT model trained on radio-
logical reports to identify cartilage lesions in patients with osteoarthritis 
(OA). Hassanpour et al. [17] evaluated the performance of an NLP model 
on two testing datasets, classifying English-language knee MRI reports 

with excellent accuracy (with an F1 score of >77.0%) even on an inde-
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pendent untrained dataset. Our work presented a substantially different 
approach and different outcomes with respect to previous studies aim-
ing to specifically apply NLP in classifying knee radiology reports [3,17]. 
Chen et al. [3] used a pre-trained BERT model fine-tuned on knee radi-
ology reports, while Hassanpour et al. [17] developed an SVM model for 
free-text knee MRI reports. All studies aimed to identify cartilage lesions 
in patients with OA. In our study, we classified lesion severity into five 
classes. Chen et al. [3] employed the WORMS system for binary clas-
sification, whereas Hassanpour et al. [17] used a manual classification 
scheme. Overall, all these studies achieved comparable performance: 
our model achieved a 0.81 accuracy, [3] achieved a 0.89 accuracy and 
[17] achieved a 0.84 accuracy.

Our study demonstrated the suitability of pre-trained models, espe-
cially BERT, in processing radiological reports. Despite limited labelled 
data, these models performed well, showcasing the potential of trans-
fer learning for medical TC and entity recognition. Results highlight the 
importance of large-scale pre-trained models in capturing contextual in-
formation for accurate medical tasks.

Additionally, we achieved satisfactory results in structuring medical 
reports and identifying knee cartilage disease severity, suggesting that 
even with data scarcity of labelled data, state-of-the-art models such as 
BERT can excel with minimal expert labelling. Although our findings 
are promising, some limitations are present and further investigations 
are needed. Firstly, the dataset is relatively small, which may limit the 
generalizability of the findings to larger or datasets. Additionally, all re-
ports were written by only three radiologists, which could introduce a 
bias based on individual reporting styles. A larger number of annotators 
would likely improve the robustness of the model and reduce any poten-
tial variability in the manual annotation process. Expanding the dataset 
and incorporating domain-specific knowledge could improve the perfor-
mance of the models and enable better recognition of complex medical 
conditions.

5. Conclusion

We explored the application of the NER and TC techniques in the 
analysis of medical reports related to knee osteoarticular pathologies 
to extract keywords and classify the corresponding severity degrees. 
Our study demonstrates that the combination of advanced models and 
proper training techniques allows accurate information extraction for 
structuring reports and identifying clinical conditions.
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