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ABSTRACT
We present our results on the main task and subtask of the NTCIR-
18 RadNLP 2024 shared task on the English language. We tested to
what extent Large Language Models (LLMs) and Pretrained Lan-
guage Models (PLMs) can identify and classify tumor types and
subtypes. Our results for the main task showed that LLMs have
difficulties in understanding different subtypes of tumors. For the
tumor sentence segment classification subtask, we obtained com-
petitive overall score with pretrained language models with an
overall score of 0.83 for micro F2.0 metric. Our results showed that
in low amount of data setting, we have a better chance with clinical
PLMs in comparison to general and domain specific LLMs. Provid-
ing additional information such definitions in case clinical staging
classification can help LLMs achieve better scores on fine-grained
classification.

KEYWORDS
LLM, clinical PLM, radiology report, tumor identification and clas-
sification
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1 INTRODUCTION
Recently, the shift of NLP community towards LLMs has shown
how any language related task can be solved with generative lan-
guage modeling capabilities. Large Language Models (LLMs) have
shown effectiveness in various language understanding task, such
as summarization, sentiment classification or natural language un-
derstanding [13, 18, 21]. Traditional deep learning approaches are
data driven and therefore medical tasks such as radiology report
classification remains challenging for LLMs. Therefore, domain spe-
cific areas such as medical domain NLP tasks require fine-tuning
or domain adaptation [7, 17, 22].

Medical domain NLP tasks often suffer from low resource con-
straints because of the small amount of existing annotated data.
Therefore, the translation of existing effective language under-
standing benchmark becomes difficult. Existing approaches include
augmenting the available medical data set via text augmentation
techniques [3] or including other publicly available data set for
pre-training [20].

split → TRAIN DEV TEST

en 108 54 81
jp 108 54 81

Table 1: RR-TNM Dataset description

In spite of their capabilities, large language models are prone to
generate factually incorrect informationwhich can be very problem-
atic in risk based settings suchmedical domain. The phenomenon of
generating incorrect information is called hallucination. Recent ap-
proaches such as retrieval augmentation generation (RAG) [10] has
found to be effective to avoid hallucinations through self-reflection
for medical reasoning [2, 6].

In this work we investigated the performance of general and
medical pretrained Large Language Models performance on radiol-
ogy report identification and classification in English. Further, we
study this approach for its reliability in the medical domain. The
main contributions of this work are: 1) benchmarking pretrained
language models and LLMs for TNM clinical staging classification
and sentence segmentation classification task. 2) our proposed sys-
tem achieves an overall score of 0.76 on the classification subtask.

2 DATASET & TASK DESCRIPTION
The dataset is part of RadNLP challenge [14]. It contains two lan-
guages : en and jp, where the en version of the dataset in machine
translated version of jp dataset. The dataset statistics is shown in
Table 1. The RadNLP challenge involves two tasks, namely, one
maintask and one subtask. TheMain task aims to automatically
determine the clinical staging1 (i.e., the degree of progression) of
lung cancer from radiology reports and involves multi class classi-
fication for three tumor related questions (T, N, M) where T stands
for assessment of the size and/or extension of the primary lesion;
N denotes assessment of the extent of lymph node metastasis; and
M stands for assessment of the extent of distant metastasis. The
individual T,N, and M are subdivided into fine grain classes. T has
10 sub classes, N has 4 sub classes, and M has 4 sub classes. The Sub
task includes a multi-label sentence binary classification where the
aim is to identify up to eight spans related to the following topics:
Omittable (free of any positive findings or clearly unrelated to lung
cancer staging), Measure (the existence and diameter of the pri-
mary lesion), Extension (the range of the primary lesion’s extension

1The staging criteria is aligned with the 8th edition of the TNM Classification of
Malignant tumors by the Union for International Cancer Control (UICC)
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Model Joint Acc. (Fine) T Acc. (Fine) N Acc. (Fine) M Acc. (Fine) Joint Acc. (Coarse) T Acc. (Coarse) N Acc. (Coarse) M Acc. (Coarse)
Llama3.2+P 0.0556 0.1667 0.2407 0.3889 0.0926 0.3519 0.2407 0.5740

BioMedllama+P 0.0556 0.2037 0.3333 0.5000 0.1296 0.2593 0.3333 0.6111
Llama3.2+D 0.0185 0.2592 0.2592 0.4814 0.0555 0.3333 0.2592 0.5556

BioClinicalBERT 0.1481 0.2407 0.3704 0.4444 0.2778 0.3889 0.3704 0.5000
BioBERT 0.0185 0.0741 0.4444 0.4259 0.2037 0.2778 0.4444 0.4815

(a) Maintask; (P: Prompting, D: Definitions)

Model Overall Inclusion Measure Extension Atelectasis Satellite Lymphadenopathy Pleural Distant

BioBERT 0.7618 0.8643 0.8236 0.7409 0.6365 0.2692 0.8345 0.6267 0.6723
BioClinicalBERT 0.7239 0.8511 0.7378 0.6687 0.7425 0.0 0.8301 0.6266 0.6235
ClinicalBigbird 0.7530 0.8605 0.7940 0.7099 0.7426 0.5891 0.7896 0.5768 0.5410

(b) Subtask (Micro F2.0 Scores)

Table 2: Performance on VAL set.

outside the lung parenchyma), Atelectasis (atelectasis or obstruc-
tive pneumonia), Satellite (intrapulmonary metastasis or lymphan-
giomatosis carcinomatosa), Lymphadenopathy (enlarged regional
lymph nodes), Pleural (pleural/pericardial effusion/dissemination)
and Distant (distant metastasis outside the lung parenchyma).

3 RELATEDWORK
This section briefly discusses the systems submitted in the previ-
ous edition of this challenge. Three teams presented 7 systems,
from which the top three solutions included a ChatGPT based ap-
proach [15], an Open-Calm-7B model based approach [8], and a
pre-trained language model based approach [5]. Each of the three
teams worked only on Japanese language. Last year’s edition only
containedmaintask. Overall, the result showed that category N
andMwas better modeled by the different methods than category T.
Further, we noticed that the joint classification of tumor metastasis
still requires better modeling.

4 METHODOLOGY
We prompted different Large LanguageModels with a small number
of parameters to allow easy implementation in medical structures
and lower computational cost [16]. For both RadNLP tasks, we
tested two recent and efficient small language models (SLM): a
general language SLM llama3.2 (3B parameters) [4], and a clini-
cal/medical LLM BioMed-LLaMa3 (8B parameters) [19]. We also ex-
plored the performance of three pretrained clinical language models
(PLM), BioBERT [9], Bio-ClinicalBERT [1], and ClinicalBigbird
[11]. We detail our method for each task below.

4.1 Main Task (English Track)
The main task comprises of TNM clinical staging classification.
We considered the following candidates:

(1) Prompt-based LLM baseline, where we provide as an input :
prompt + radiology report to an LLM.

(2) Prompting LLMs with TNM classification tags (i.e. ’T0’, ’Tis’,
’T1mi’) and definitions, such as "𝑡𝑑𝑒𝑠𝑐 = "Assessment of the
size and/or extension of the primary lesion."

(3) Joint prediction with clinical PLMs using deep learning on
20 epochs.

4.2 Sub Task (English Track)
The sub task comprises of sentence segmentation classification.
We consider unsupervised clustering and most frequent labels as
our baseline for the validation set. Our submitted system includes
a collection of separate binary PLM classifier for each of the 8
categories. For the choice of PLM, we experimented with BioBERT
[9], Bio_ClinicalBERT [1], and ClinicalBigbird [11]. To train the
models, we use focal loss [12] to account for the class imbalance
between 8 categories :

𝐿fl = −𝛼𝑡 (1 − 𝑝𝑖,𝑦𝑖 )𝛾log(𝑝𝑖,𝑦𝑖 ) (1)

where 𝑝𝑖,𝑦𝑖 is the predicted probability for the true class; 𝛼𝑡 is
the weighting factor for the true class to address class imbalance;
𝛾 is the focusing parameter to reduce the contribution of "easy"
examples (default set to 2.0).

For the final submission on test set, for themaintask, we submit-
ted predictions from BioClinicalBERT which was jointly trained
for TNM clinical staging prediction simultaneously. For the sub-
task, we submitted an ensemble of three PLMs (BioBERT, BioClini-
calBERT, ClinicalBigbird).

5 RESULTS & DISCUSSION
In Table 2, we report the scores for the systems we submitted
for public leaderboard and in Table 3 we report the final scores
we obtain on test set in private leaderboard. The maintask re-
mains challenging for all language models tested. Our best re-
sults on the validation set were obtained with the clinical PLM
BioClinicalBERT were the fine-grained joint accuracy is 0.14 and
coarse joint accuracy is 0.27. The tumor size/extension classifica-
tion class (T) remains the most difficult task for the LLMs. The
best results on the T class fine and coarse accuracy were obtained
with llama3.2+definition on fine grained accuracy (0.2592), and
by BioClinicalBERT on coarse accuracy (0.3889). For the extent
of lymph node metastasis class (N class) we obtained the highest
accuracy score of 0.44 with BioBERT. The three clinical PLMmodels

NTCIR-18: Proceedings of the 18th NTCIR Conference on Evaluation ofInformation Access Technologies, June 10-13, 2025, Tokyo, Japan

355



Model Joint Acc. (Fine) T Acc. (Fine) N Acc. (Fine) M Acc. (Fine) Joint Acc. (Coarse) T Acc. (Coarse) N Acc. (Coarse) M Acc. (Coarse)
Best 0.6543 0.7037 0.9136 0.8889 0.6914 0.7407 0.9136 0.9136

Mean 0.4105 0.5277 0.7955 0.7646 0.4976 0.5972 0.7955 0.8202
Median 0.5247 0.6172 0.9012 0.8395 0.5617 0.6605 0.9012 0.8827

Ours 0.284 0.4815 0.7531 0.7654 0.4815 0.6296 0.7531 0.9012
(a) Maintask

Model Overall Inclusion Measure Extension Atelectasis Satellite Lymphadenopathy Pleural Distant

Best 0.9433 0.9719 0.844 0.7512 0.8407 0.8631 0.9886 0.9615 0.9122
Mean 0.8545 0.9208 0.7062 0.6677 0.7498 0.5734 0.8824 0.8313 0.7335

Median 0.9005 0.94 0.7748 0.7373 0.8212 0.6886 0.9677 0.9240 0.7990
Ours 0.8353 0.9332 0.6808 0.7005 0.7212 0 0.9387 0.9615 0.7317

(b) Subtask (Micro F2.0 Scores)

Table 3: Performance on TEST set.

were the most efficient on this class, while llama3.2, a general model,
achived lower accuracy scores (0.25). The M class (extent of distant
metastasis) was the easiest for all LLMs tested in terms of coarse
accuracy. The best model was BioMedllama+prompting, with a
coarse accuracy of 0.61, followed closely by the general language
LLM, llama3.2+prompting (0.57) and llama3.2+definition (0.55).
In terms of fine-grained accuracy on the M class, the best perform-
ing model remains BioMedllama+prompting (0.5). Our addition of
classes and subclasses definitions with llama3.2 helps improve
the fine-grained score with +0.10 on the M class (0.48) compared to
simple prompting (0.38).

Consequently, we noticed an improvement in the fine-grained
scores for the other two classes as well (N and T) when adding
definitions in the prompt. We see a +0.09 improvement in the score
for T, the most difficult class, and by +0.10 for the M class, when
using definitions. This shows the importance of giving textual
explanations and definitions of the class tags to the language model,
as these labels are very short and coded (M0, T2b, Tis). Lexical and
semantic matching with the definitions provided helped language
models perform better semantic disambiguation.

The subtask involving sentence segment classification was ef-
fectively handled by pre-trained language models. Inspite of class
imbalance across the 8 categories with less than 12% positive ex-
amples for ’extension’, ’atelectasis’, ’satellite’, ’lymphadenopathy’,
’pleural’, ’distant’. The models were able to obtain more than 60%
with an exception of ’satellite’. This was further consistent in test
set where our submitted ensemble obtained 0 score for ’satellite’
category.

6 CONCLUSIONS
We present in this work, our attempt to investigate the effectiveness
of LLMs and PLMs for TNM clinical staging and sentence segment
classification. Overall, we noticed that given low amount of data
setting, domain specific PLMs are better choice for modeling radi-
ology clinical staging and sentence segmentation in comparison to
LLMs despite of provided additional information such definitions
in case clinical staging classification.
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[INST]
Given this radiology report : [rr_text],

classify it to [var]-clinical staging based on [desc],
provided your options are as follows: option_list.
GIVE ONLY THE CORRECT ANSWER (Pick
only one option).
/[/INST]

Figure 1: Default prompt for TNM clinical staging
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APPENDIX
A PROMPT FOR DIFFERENT LLMS

Default prompt. The default prompt (denoted by P, in table 2a)
we use as below ( Fig 1), where, option_list can be 𝑡𝑜𝑝𝑡𝑖𝑜𝑛𝑠 = [’T0’,
’Tis’, ’T1mi’, ’T1a’, ’T1b’, ’T1c’, ’T2a’, ’T2b’, ’T3’, ’T4’] or 𝑛𝑜𝑝𝑡𝑖𝑜𝑛𝑠
= [’N0’, ’N1’, ’N2’, ’N3’] or𝑚𝑜𝑝𝑡𝑖𝑜𝑛𝑠 = [’M0’, ’M1a’, ’M1b’, ’M1c’].
The desc variable can be one of the following:

• 𝑡𝑑𝑒𝑠𝑐 = "Assessment of the size and/or extension of the pri-
mary lesion. "

• 𝑛𝑑𝑒𝑠𝑐 = "Assessment of the extent of lymph node metastasis."
• 𝑚𝑑𝑒𝑠𝑐 = "Assessment of the extent of distant metastasis."

Definition prompt. The definition prompt (denoted by D, in table
2a) we used with definition is shows in Figure 2.
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The TNM staging system is a method for classifying the extent of cancer spread. It stands for Tumor, Node, and Metastasis, and is
used to describe the size of the primary tumor (T), the extent of lymph node involvement (N), and the presence of distant metastasis
(M).

Tumor (T): Describes the size and extent of the primary tumor. The classes are:

[’T0|No primary tumor’, ’Tis|Ground-glass nodule without solid component with the total diameter ≤3 cm’, ’T1mi|Ground-glass
nodule with solid component ≤0.5 cm and the total diameter ≤3 cm’, ’T1a|Solid component diameter ≤1 cm’, ’T1b|Solid component
diameter >1 cm and ≤2 cm’, ’T1c|Solid component diameter >2 cm and ≤3 cm’, ’T2a|Solid component diameter >3 cm and ≤4 cm.
Otherwise, extension to main bronchus or visceral pleura, or atelectasis or obstructive pneumonia extending to hilum," with the
solid component diameter <3 cm or unknown’, ’T2b|Solid component diameter >4 cm and ≤5 cm’, ’T3|Solid component diameter >5
cm and ≤7 cm. Otherwise, solid component diameter ≤5 cm and either condition holds: direct invasion of parietal pleura, chest
wall (including superior sulcus tumor), mediastinal nerve, or pericardium; separate tumor nodule(s) in the same lobe’, ’T4|Solid
component diameter >7 cm. Otherwise, either condition holds: invasion of diaphragm, mediastinum, heart, great vessels, trachea,
recurrent laryngeal nerve, esophagus, spine, or carina; tumor nodule(s) in a different ipsilateral lobe’]

Node (N): Describes the degree of spread to regional lymph nodes. The classes are:

[’N0|No regional lymph node metastasis’, ’N1|Metastasis to ipsilateral peribronchial, hilar, or pulmonary lymph nodes, including
direct invasion of the primary tumor’, ’N2|Metastasis to ipsilateral mediastinal or subcarinal lymph nodes’, ’N3|Metastasis to
contralateral mediastinal, hilar, anterior scalene, or supraclavicular lymph nodes’]

Metastasis (M): Indicates whether the cancer has spread to distant parts of the body. The classes are:

[’M0|No distant metastasis’, ’M1a|Contralateral tumor nodule(s), pleural or pericardial nodule(s), malignant pleural effusion, or
malignant pericardial effusion’, ’M1b|Single extrathoracic metastasis’, ’M1c|Multiple extrathoracic metastases’]

I want you to read the radiology report and assess it for clinical staging. Give me an answer for T, one for N, and one for M only
using the classes mentioned above. Give only the answer, no additional text. Use this json format to answer ’T’:” , ’N’:” , ’M’:” ;
radiology report = ###

Figure 2: Prompt for TNM clinical staging with definitions
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