
ORAD at NTCIR-18 RadNLP 2024 Shared Task 
 

 

 

Keisuke Hidaka 
Department of Radiology 

 Osaka Red Cross Hospital 
 Osaka, Japan 

 hida1211@gmail.com 

 

 

 

ABSTRACT 

Here, we report our approach to the NTCIR-18 RadNLP2024 
Shared Task (Japanese Track, Main Task). In this study, we 
developed a system to determine the TNM classification from 
lung cancer using Japanese radiology reports. Specifically, we 
provided Google DeepMind’s Gemini 2.0 Flash Experimental 
(gemini-2.0-flash-exp) with a prompt that combines Chain-of-
Thought (CoT) and Many-Shot In-Context Learning (ICL), 
enabling automatic prediction of the T, N, and M factors for each 
case. Besides accuracy, interpretability is crucial in the medical 
domain; thus, having the model output the rationale for its TNM 
classification ensures a degree of transparency. Moreover, by 
including numerous examples of CoT-based reasoning—written 
by a radiologist with 5 years of dedicated experience in diagnostic 
radiology—to explain how the TNM classification is derived, we 
achieved improved inference accuracy. 

Furthermore, to address privacy concerns and the need for local 
inference without network connectivity in clinical settings, we 
performed Supervised Fine-Tuning (SFT) using Gemma2-9b-it, a 
comparatively lightweight open-source model. By providing the 
model with CoT-based reasoning steps leading to TNM 
classification as training data, we observed improved inference 
accuracy. 

These findings demonstrate that additional data and prompt 
strategies to support large language model (LLM)-based inference 
can be highly effective in automating TNM classification while 
also indicating the feasibility of realizing interpretability in LLM-
based medical applications.  
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Medical Natural Language Processing, Radiology Reports, Lung 
Cancer, Cancer Staging, TNM Staging, Gemini, Gemma2, In-
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1 Introduction 

Because radiology reports are unstructured data written in natural 
language, direct analysis and automated processing are 
challenging. In recent years, rapid advancements in large language 
models (LLMs) have made it feasible to automatically analyze 
unstructured reports. Consequently, there is growing anticipation 
for systems that can automatically extract crucial information 
from clinical sources, such as medical records, radiology reports, 
and pathology reports, and for their use in clinical practice and 
research. 
 
1.1 NTCIR-18 RadNLP 2024 Shared Task 
In the Japanese Track, Main Task of the NTCIR-18 RadNLP 2024 
Shared Task, participants were provided with a dataset of 
radiology reports related to lung cancer. The challenge was to 
estimate the TNM classification (tumor size and extent (T), 
metastasis to nearby lymph nodes (N), and presence or absence of 
distant metastases (M)) from each report [1]. The RadNLP2024 
dataset was constructed based on lung cancer cases obtained from 
the open-access radiology reference site 
Radiopaedia(https://radiopaedia.org/) with all personal 
information completely removed. 
 
1.2 TNM staging system and radiology reports 
Although the incidence and mortality rates of lung cancer are 
trending downward—thanks to factors such as declining smoking 
rates and advancements in immunotherapy—it remains the most 
common cancer worldwide and continues to have the highest 
mortality rate [2, 3]. Imaging-based diagnosis is indispensable in 
lung cancer care, where the stage is typically classified based on 
TNM, guiding prognostic predictions and treatment planning. The 
lung cancer staging criteria used in RadNLP 2024 follow the 
“General Rules for Clinical and Pathological Record of Lung 
Cancer, 8th edition” by the Japan Lung Cancer Society [4, 5], 
which is essentially equivalent to the 8th edition of the TNM 
classification issued by the Union for International Cancer Control 
(UICC) [6]. The inclusion of the TNM classification in radiology 
reports is recommended because it can accelerate patient care and 
help avoid unnecessary diagnostic interventions [7]. 
However, there is currently no absolute criterion for determining 
the presence or absence of pleural invasion in CT images. Reports 
indicate that sensitivity ranges from 46% to 87%, and specificity 
ranges from 59% to 91%, depending on the radiologist’s 
experience and knowledge [8]. As a result, it is unclear whether 
radiologists must consistently perform a detailed TNM 
classification for lung cancer in everyday practice [9]. Moreover, 
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unlike in fields such as pathology—where a standardized format 
for cancer reporting is well established—many radiologists prefer 
free-text reports. A study in the UK showed that for lung cancer 
cases, there was substantial variability (25%–100%) among 
radiologists in how comprehensively their free-text reports 
included the information required for clinical treatment decisions 
[10]. 
Given this lack of standardization and the variability in the 
completeness of information in such reports, an automated system 
for extracting staging information, such as TNM classification 
from imaging reports, could facilitate smoother communication 
between radiologists and clinicians, enabling faster and more 
accurate development and implementation of appropriate 
treatment plans [11]. 
 
1.3 Related works 
Several prior studies have used LLMs to determine TNM 
classifications or cancer staging based on medical documents. 
Before this shared task, the NTCIR-16 Real-MedNLP [12] and 
NTCIR-17 MedNLP-SC Radiology Report TNM Classification 
Subtask (RR-TNM) [13] were conducted. Notably, the NTCIR-17 
RR-TNM also aimed to determine TNM classifications from 
radiology reports, similar to the present study. The labels were 
aggregated for the T category (T0, T1, T2, T3, or T4), N category 
(N0, N1, N2, or N3), and M category (M0 or M1). A solution 
using GPT-3.5 turbo exceeded 80% accuracy for N and M 
classification but achieved less than 40% accuracy for T 
classification [14]. Other solutions have also faced the challenge 
of specifically low accuracy for T classification compared to N 
and M. One reason for this is that the T classification criteria 
require consideration of both tumor size and anatomical features, 
thus demanding more complex reasoning than N or M 
classification [13]. In the current task, the TNM classification 
system includes more detailed suffixes (e.g., “T1a” and “T1b”), 
increasing the task’s difficulty while making it more practical. 
Lee et al. compared the accuracy of ChatGPT with that of 
physicians in determining the clinical stage from radiology reports 
of CT and FDG PET/CT for non-small cell lung cancer [11]. 
GPT-4o achieved an overall staging accuracy of 74.1%, which 
was significantly higher than those of GPT-4, GPT-3.5, and one 
radiology resident. However, its accuracy was significantly lower 
than that of a fellowship-trained radiologist and statistically 
equivalent to that of a radiology fellow and another resident. 
In a task to determine TN classification from breast cancer 
pathology reports, Chang et al. investigated an ensemble approach 
called EnsReas [15]. They used an LLM derived from Llama2-
70B—fine-tuned with medical knowledge datasets (Med42-
70B)—and applied Chain-of-Thought (CoT) prompting to 
generate multiple inferences and predictions. If those predictions 
were consistent, the result was used as-is; otherwise, the 
predictions were grouped, and the LLM was asked to re-predict. 
They reported that this method achieved an F1-score of 0.800 for 
T classification and 0.838 for N classification, outperforming both 
simple CoT prompting and majority-vote strategies for self-
consistency. 

Kim et al. conducted CoT fine-tuning on the Llama, Mistral, and 
Orca2 (a fine-tuned version of Llama-2) datasets to generate 
rationales for TN classification and evaluated their performance 
[16]. They used exact match ratio (EMR) and semantic match 
ratio (SMR) as metrics to measure the classification accuracy and 
contextual consistency of the generated rationale, respectively. 
The Orca2_13b model achieved the best performance, with an 
EMR of 0.934 and SMR of 0.864. 
 

2 Methods 
2.1 Dataset 
Details on how the RadNLP2024 dataset was constructed can be 
found in the overview paper [1]. A total of 108 documents (12 
cases) created by nine radiologists, along with correct TNM 
classification labels, were provided as the training set, and 54 
documents (6 cases) were provided as the validation set. Later, a 
test set of 216 documents (24 cases), for which the correct labels 
were not disclosed, was released. The dataset was divided into 
cases to prevent data leakage. 
 
2.2 Reasoning data 
To teach the model how to apply the TNM classification 
definitions to actual reports, one board-certified radiologist (with 
5 years of full-time experience) created detailed reasoning 
processes (Reasoning data) illustrating how to arrive at the TNM 
classification from a subset of the training reports. These 
reasoning data were delineated in the format <T 分類>...</T 分類

> <N 分 類>...</N 分 類> <M 分 類>...</M 分 類> 
<answer>...</answer>, allowing the model to learn how each 
category is reasoned. Next, these reasoning data were provided as 
Few-Shot examples for the remaining training data to GPT-4o 
(accessed via a browser) [17] to generate new reasoning 
processes. The same radiologist manually revised the generated 
reasoning. Ultimately, we created corresponding reasoning–
process data for all 108 documents in the training set (Fig. 1). 
 
2.3 Overview of the system 
In this study, we developed a simple system in which each 
radiology report (on a case-by-case basis) is provided to an LLM 
to automatically determine the TNM classification for lung 
cancer. Two main approaches were explored. 
2.3.1 Inference using Gemini 2.0 Flash Experimental.  
We used gemini-2.0-flash-exp [18], a Gemini 2.0 multimodal 
model family developed by Google DeepMind, via API from 
December 2024 to February 2025. The Gemini series can 
accommodate more context input than competing models and was 
relatively affordable as of 2024. The Gemini 2.0 series was 
unveiled in December 2024, with gemini-2.0-flash-exp being the 
first model made available. It offers fast response times and 
outperforms previous models in benchmark tests. The following 
prompt strategies were used for inference with the validation and 
test data of gemini-2.0-flash-exp: 
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Figure 1. Overview of the reasoning process. 
 
Definition of TNM classification 
We included the definition and cautionary notes of the TNM 
classification in the prompt so that the LLM would strictly follow 
the established criteria and fully understand the rules specific to 
this task (e.g., “TX” does not exist). 
 
In-Context Learning (ICL) 
It is known that LLMs can learn patterns and make appropriate 
predictions when given few input–output examples within a 
prompt [19]. Traditionally, Few-Shot prompting has been the 
most common method, typically involving only a few samples. 
However, with the recent extensive expansion of context 
windows, it has become possible to provide several hundred to 
thousands of samples to the model, drawing attention to Many-
Shot ICL [20]. In Many-Shot ICL, studies have shown that 
increasing the number of examples can improve task performance 
and inference stability. 
 
Chain-of-Thought (CoT) 
CoT is a method for crafting input prompts so that the model 
outputs its intermediate reasoning steps, which has been shown to 
improve the accuracy of the results [21]. In this study, instead of 
using a common instruction like “think step by step” or generating 
a thought process with <think></think> tags, we employed the 
same approach as in our creation of the reasoning data. 
Specifically, we segmented the answer into the format <T 分類

>...</T 分類> <N 分類>...</N 分類> <M 分類>...</M 分類> 
<answer>...</answer>, allowing the model to systematically 
consider T, N, and M classifications in turn and then produce a 
final output. Because we instructed the model to output the 
rationale first, we treated this broadly as a CoT prompt. 
 
By combining these elements, the classification performance of 
the validation data was compared using the following four 
methods: 

1. Zero-Shot: Provides only the target radiology report 
and TNM classification definition, and the model 
directly outputs the TNM classification. 

2. Many-Shot (non-reasoning): In addition to the target 
report and TNM classification definition, training 
reports and their correct TNM classifications are 
included, and the model directly outputs the TNM 
classification. 

3. CoT prompt + Zero-Shot: Provides the target report 
and TNM classification definition, generates a rationale 
using a CoT prompt, and then the model determines the 
TNM classification. 

4. CoT prompt + Many-Shot (reasoning): In addition to 
the target report and TNM classification definition, the 
training reports, reasoning processes, and correct TNM 
classifications are included; a rationale is generated via 
a CoT prompt; and then the model determines the TNM 
classification. 

 
2.3.2 Supervised Fine-Tuning of Gemma2-9b-it. From the 
perspective of real-world clinical implementation, local inference 
within a hospital system may be preferable for privacy reasons. 
We evaluated the performance of the Gemma2-9b-it model, a part 
of the Gemma2 [22] family from Google DeepMind—which is 
relatively lightweight and open—by performing supervised fine-
tuning (SFT) using the training data. 
We adopted Quantized Low-Rank Adaptation (QLoRA) [23], a 
type of parameter-efficient fine-tuning, as our SFT method. 
 
LoRA and QLoRA 
LoRA is a technique that maintains fixed weights of a pretrained 
model while inserting low-rank approximation matrices into 
certain layers, thereby reducing the number of trainable 
parameters. QLoRA further optimizes LoRA by combining 4-bit 
quantization (NF4) and double quantization to reduce memory 
usage. 
 
unsloth library 
We utilized the “unsloth” library [24], which facilitates faster 
fine-tuning and inference and reduces memory usage for LLMs. 
We adopted the 4-bit quantized model (unsloth/gemma-2-9b-it-
bnb-4bit) of gemma2-9b-it made available by this library and 
trained it on Google Colab (mainly using an A100 GPU). The 
training parameters, such as batch size and learning rate, were as 
follows: 
per_device_train_batch_size=1, 
gradient_accumulation_steps=8, warmup_steps=5, 
num_train_epochs=7, learning_rate=2e-4, fp16=not 
torch.cuda.is_bf16_supported(), 
bf16=torch.cuda.is_bf16_supported(), logging_steps=10, 
optim="adamw_8bit", weight_decay=0.01, 
lr_scheduler_type="linear", seed=3407 
During inference, we set temperature=0.2 and 
repetition_penalty=1.2. 
We then compared classification performance on the validation 
data under three methods:  

1. Raw model + CoT prompt: No fine-tuning; at 
inference time, provide the target report and TNM 
classification definition, use a CoT prompt to generate 
the rationale, and finally determine the TNM 
classification. 

2. SFT (non-reasoning) + Zero-Shot: Perform SFT 
using pairs of training data reports and their correct 
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labels. At inference time, the target report and TNM 
classification definition are provided, and the model 
directly outputs the TNM classification. 

3. SFT (reasoning) + CoT prompt: Perform SFT using 
pairs of training data reports and their reasoning data. 
At inference time, provide the target report and TNM 
classification definition, and then use a CoT prompt to 
generate the rationale and determine the TNM 
classification. 

 
2.3.3 Prompt design. In this study, a standardized base prompt 
was used to provide input to the LLM (Fig. 2). After clarifying the 
role of the model, we gave it a text that included detailed 
definitions and cautionary notes on the TNM classification. For 
cases without a CoT prompt, we instructed the model to produce 
no output other than<answer>...</answer>. If a CoT prompt was 
included, we instructed the model to output rationale in the format 
<T 分類>...</T 分類> <N 分類>...</N 分類> <M分類>...</M分

類> <answer>...</answer>. 
 
For inference with Gemini 2.0 Flash Experimental, we either 
placed the target report directly after this base prompt or under the 
heading “TNM classification and radiology reports, and the 
thought process leading to classification” and sequentially 
appended the training data’s reports and their associated 
reasoning, followed by the target report. The final prompt for each 
strategy was structured as shown in Fig. 3. 
 
2.3.4 Pre-processing and Post-processing. The radiology reports 
were input into the model without any pre-processing, in their 
original form. 
For post-processing, we extracted <answer></answer> tags from 
the model output using regular expressions and separated them 
into T0/Tis/T1mi/T1a/T1b/T1c/T2a/T2b/T3, N0/N1/N2/N3, 
M0/M1a/M1b/M1c. No post-processing was performed, such as 
replacing failed extractions with alternative categories. 
 
2.3.5 Evaluation Metrics. The metrics conform to those employed 
by the organizer: 
Joint accuracy (fine): Proportion of radiology reports with 
accurate predictions for all T, N, and M factors. 
T accuracy (fine): Proportion of radiology reports with accurate 
predictions for the T factor. 
N accuracy (fine): Proportion of radiology reports with accurate 
predictions for the N factor. 
M accuracy (fine): Proportion of radiology reports with accurate 
predictions for the M factor. 
Joint accuracy (coarse): Joint accuracy ignores distinctions 
between Tis/T1mi/T1a/T1b/T1c, T2a/T2b, and M1a/M1b/M1c. 
T accuracy (coarse) T accuracy ignores the distinctions between 
Tis/T1mi/T1a/T1b/T1c and T2a/T2b. 
N accuracy (coarse) Identical to N accuracy (fine). 
M accuracy (coarse) M accuracy ignores the distinctions among 
M1a/M1b/M1c. 

3 Results 
3.1 Validation Results with Gemini 2.0 Flash Experimental 
Tables 1 and 2 show the accuracy of the inference results for the 
validation and test data, respectively. 

Accuracy Zero-
Shot 

Many-Shot 
(non-

reasoning) 

CoT prompt 
+ 

Zero-Shot 

CoT prompt 
+ 

Many-Shot 
(reasoning) 

fine 

Joint 0.685 0.667 0.722 0.963 
T 0.833 0.796 0.833 0.981 
N 0.963 0.889 0.944 1.000 
M 0.833 0.981 0.944 0.981 

coarse 

Joint 0.815 0.815 0.833 0.981 
T 0.944 0.926 0.889 1.000 
N 0.963 0.889 0.944 1.000 
M 0.889 1.000 1.000 0.981 

Table 1. Results on validation data using Gemini 2.0 Flash 
Experimental. 
 

Accuracy CoT prompt + Many-Shot 
(reasoning) 

fine 

Joint 0.741 
T 0.833 
N 0.958 
M 0.907 

coarse 

Joint 0.806 
T 0.861 
N 0.958 
M 0.944 

Table 2. Results on test data using Gemini 2.0 Flash 
Experimental. 
 
While Gemini 2.0 Flash Experimental demonstrated high Zero-
Shot performance for N classification (N accuracy (fine): 0.963), 
its performance for T and M classification was relatively lower 
(M accuracy (fine): 0.833). Under Many-Shot ICL (Many-Shot 
(non-reasoning)), where we directly included the training data in 
the prompt, the accuracy for M classification improved (M 
accuracy (fine): 0.833 → 0.981), but T and N classification 
accuracy showed a slight decline (T accuracy (fine): 0.833 → 
0.796, N accuracy (fine): 0.963 → 0.889). Introducing CoT 
prompts led to a modest accuracy increase, even with Zero-Shot 
(Joint accuracy (fine): 0.685 → 0.722). Moreover, providing 
multiple inference examples through Many-Shot (reasoning) 
resulted in near-perfect classification accuracy, including T 
classification (Joint accuracy (fine): 0.963). 
On the test data, the accuracy decreased (Joint accuracy (fine): 
0.741), with a particular drop in T classification (T accuracy 
(fine): 0.833). Nevertheless, this was the second-highest joint 
accuracy among the participants in the Japanese main task. 
Below, the misclassifications that occurred in the validation data 
when using the CoT prompt/Many-Shot (reasoning) method are 
highlighted. 
In the validation data, there was one case where T classification 
was incorrect.  
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「左肺門部に長径 37mm 大の腫瘤を認め、スピクラと内部

空洞がみられます。肺癌を疑います。腫瘤は上葉に位置し

ていますが、葉間胸膜をまたいで、下葉にも浸潤していま

す。また、肺門部リンパ節転移と一塊となっている可能性

があります。 両肺に数 mm 大の結節が散見されます。肉芽

腫や肺内リンパ節を疑いますが、転移の除外目的に経過フ

ォローください。 有意な縦隔リンパ節腫大や腹水なし。」 
The correct answer for this report was “T2aN1M0.” The output 
was 
「<T 分類>まずは T 分類を検討します。性状とサイズを考

えます。左肺門部に長径 37mm の腫瘤があり、スピクラと

内部空洞を伴うと記載されています。この腫瘤は「腫瘤」

と記載されているため、充実成分であると仮定します。径

が 37mm であり、30mm より大きく 40mm 以下であるため、

T2a に該当します。浸潤や副条件を考えます。腫瘤は上葉

に位置していますが、葉間胸膜をまたいで下葉にも浸潤し

ていると記載されています。これは T2b の条件を満たしま

す。性状・サイズ・浸潤を総合的に評価して、T 分類は

T2b と判断します。</T 分類> <N 分類>次に N 分類を検討し

ます。レポートには「肺門部リンパ節転移と一塊となって

いる可能性がある」と記載されています。これは同側肺門

リンパ節への転移を示唆しており、N1 に該当します。縦隔

リンパ節腫大は認められないため、N2 以上には該当しませ

ん。N 分類は N1 と判断します。</N 分類> <M 分類>最後に

M 分類を検討します。レポートには「両肺に数 mm 大の結

節が散見される」と記載されていますが、「肉芽腫や肺内

リンパ節を疑う」とあり、転移の可能性は低いと判断でき

ます。また、有意な縦隔リンパ節腫大や腹水は認められず、

遠隔転移を示唆する所見はありません。したがって、M 分

類 は M0 と 判 断 し ま す 。</M 分 類> 
<answer>T2bN1M0</answer>」 
The model identified infiltration crossing the interlobar pleura as 
T2b. Despite correctly extracting the relevant description from the 
report, its conclusion did not align with the TNM classification 
criteria. This is an inference error. 
There was also one case where M classification was incorrect. 
「左肺門部に⻑径 103mm の腫瘤を認め、原発性肺癌を疑い

ます。左主気管支は腫瘍浸潤による閉塞を認めます。左肺

野は虚脱しています。左肺動脈にも腫瘍が浸潤、狭小化し

ています。縦隔腫瘍浸潤を疑います。左肺門部、左縦隔リ

ンパ節と腫瘍は一塊となっています。右側縦隔リンパ節も

腫大、転移を疑います。 右肺野には副腫瘍結節を疑う結節

が散見されます。 左胸水貯留を軽度認めます。 撮像範囲の

上腹部臓器に明らかな異常は認めません。」 
The correct answer for this report was “T4N3M1a.” The output 
was 
「<T 分類>まずは T 分類を検討します。性状とサイズを考

えます。左肺門部に長径 103mm の腫瘤を認めます。この腫

瘤は「腫瘤」と記載されているため、充実成分であると仮

定します。径が 103mm であり、70mm を超えるため、T4 に

該当します。浸潤や副条件を考えます。左主気管支は腫瘍

浸潤により閉塞しており、左肺野は虚脱しています。また、

左肺動脈にも腫瘍が浸潤、狭小化しており、縦隔腫瘍浸潤

も疑われます。これらの所見は T4 副条件を満たします。性

状・サイズ・浸潤を総合的に評価して、T 分類は T4 と判断

します。</T 分類> <N 分類>次に N 分類を検討します。左

肺門部、左縦隔リンパ節と腫瘍は一塊となっており、同側

肺門および縦隔リンパ節転移を示唆します。また、右側縦

隔リンパ節も腫大しており、転移が疑われるため、対側縦

隔リンパ節転移を示唆し、N3 に該当します。N 分類は N3
と判断します。</N 分類> <M 分類>最後に M 分類を検討し

ます。右肺野に副腫瘍結節を疑う結節が散見されると記載

されていますが、対側肺転移とは断定できません。左胸水

貯留を軽度認めますが、悪性胸水との記載はありません。

撮像範囲の上腹部臓器に明らかな異常は認められないため、

遠隔転移を示す所見はありません。M 分類は M0 と判断し

ます。</M分類> <answer>T4N3M0</answer>」 
Despite recognizing the presence of suspected metastatic nodules 
in the contralateral lung field, the model failed to identify this as 
contralateral lung metastasis. This can also be considered an 
inference error. 
 
3.2 Results of Gemma2-9b-it Fine-tuning 
The results for the validation data are shown in Table 3. 
Without fine-tuning, using a CoT prompt yielded only limited 
accuracy (Joint accuracy (fine): 0.241). In particular, the exact 
match accuracy for T classification was low (T accuracy (fine): 
0.426), following the same trend reported in NTCIR-17. Even 
without providing a reasoning process, simply using the reports 
and correct TNM classifications as training data for SFT 
improved the Zero-Shot accuracy for N classification and also 
improved T classification accuracy (T accuracy (fine): 0.426 → 
0.463, N accuracy (fine): 0.778 → 0.963). 
When SFT (reasoning) was performed and a CoT prompt was 
used, T classification accuracy increased markedly (T accuracy 
(fine): 0.426 → 0.648), and overall accuracy improved (Joint 
accuracy (fine): 0.241 → 0.463). However, the N and M 
classification accuracies were slightly higher under SFT (non-
reasoning) + Zero-Shot (N accuracy (fine): 0.926 vs. 0.963, M 
accuracy (fine): 0.796 vs. 0.833). 
 

Accuracy 
Raw model 

+ 
CoT prompt 

SFT 
(non-reasoning) 

+ 
Zero-Shot 

SFT 
(reasoning) 

+ 
CoT prompt 

fine 

Joint 0.241 0.370 0.463 
T 0.426 0.463 0.648 
N 0.778 0.963 0.926 
M 0.759 0.833 0.796 

coarse 

Joint 0.519 0.741 0.778 
T 0.722 0.796 0.852 
N 0.778 0.963 0.926 
M 0.944 0.963 0.944 

Table 3. Results on validation data using Gemma2-9b-it. 
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4 Discussion 
In this study, we attempted to automatically extract TNM 
classifications from radiology reports using Gemini 2.0 Flash and 
a relatively lightweight open model, Gemma2. 
Compared to NTCIR-17 MedNLP-SC RR-TNM, LLMs have 
progressed significantly, and Gemini 2.0 Flash demonstrated 
relatively good Zero-Shot accuracy (Joint accuracy (fine): 0.685). 
Because T classification was anticipated to be particularly 
challenging, a dataset showing the reasoning process up to the 
determination of the TNM classification from the training data 
was created before building our system. Consequently, using 
Many-Shot ICL with CoT and reasoning data suggests that we can 
improve the accuracy of T classification, which requires complex 
reasoning regarding tumor size, internal characteristics, and 
additional conditions. In contrast, for classifications of N and M, 
where relatively simple anatomical knowledge or the 
presence/absence of distant metastases are the main determinants, 
overly verbose reasoning in the model output sometimes leads to 
misclassifications, underscoring the intriguing differences in 
model behavior. It may be necessary to adjust the amount of detail 
or verbosity in the model’s reasoning according to the complexity 
of each classification task. 
 
Furthermore, examining examples where the model failed in 
TNM classification revealed that it generally extracted the 
relevant portions of the report correctly but likely experienced 
hallucinations during inference. However, because CoT prompts 
allow humans to inspect the intermediate reasoning output by the 
model, there is potential to correct or supplement erroneous logic 
as needed [15]. In the medical domain, safety is paramount, and 
not only accuracy but also interpretability and the possibility of 
human intervention are highly valued. Therefore, methods that 
make the rationale visible are considered extremely valuable [25, 
26]. 

5 Limitations 
This study has the following limitations: 
Data Privacy Challenges: While the system using Gemini 2.0 
Flash Experimental performed best in this study, employing the 
Gemini API requires network transmission. Although future 
solutions, such as anonymizing input data and connections, may 
emerge, sending actual reports to external APIs is currently 
difficult from a privacy perspective. 
Lack of Evaluation of the Latest Version: At the time of 
writing, the official version of Gemini 2.0 Flash [27] had been 
released; however, our study only evaluated the Experimental 
version. Additionally, models such as Gemini 2.0 Flash Thinking, 
which have been trained to perform inference even without CoT 
prompts, are gaining attention [28]. Therefore, it may also be 
necessary to evaluate other models. 
Insufficient Fine-Tuning Optimization: We did not adequately 
tune the hyperparameters in our SFT of Gemma2-9b-it, and the 
training data were limited. Thus, there is likely room for further 
performance improvements. 

Quantity and Quality of Reasoning Data: The reasoning data in 
the training set were created by a single specialist, and their 
objective quality was not assessed. Additionally, because the 
radiology reports and reasoning processes were in Japanese, we 
did not evaluate the performance in English or other languages. 
We also did not investigate how varying the number of examples 
included in the prompt affects the performance in Many-Shot ICL. 
Although thousands of examples are reported to be effective [20], 
there are practical limitations to manually creating reasoning data, 
making synthetic data a promising option. Because the context 
window in Gemini 2.0 Flash can be as large as 100M [27], there is 
ample opportunity for data augmentation. 

6 Conclusion 
In this study, we developed a method for automatically 
determining lung cancer TNM classifications from Japanese 
radiology reports and validated it using the NTCIR-18 RadNLP 
2024 Shared Task. By providing the reasoning process created by 
a radiologist to an LLM through Many-Shot ICL or fine-tuning, 
and thereby emulating the reasoning process using CoT, we 
demonstrated the potential to improve overall accuracy, including 
T classification. This is particularly relevant in the medical field, 
where the interpretability of the system’s output and opportunities 
for human intervention are crucial. CoT-based reasoning data 
appear to be highly beneficial in this regard. Future work will 
require evaluating generalizability across more extensive and 
diverse clinical datasets and performing more precise parameter 
tuning for SFT. 
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Figure 2. The base prompt with and without CoT prompt. 

 
Figure 3. Prompts for each strategy when using Gemini 2.0 Flash 
Experimental. 
 

 
Figure 4a. Overview of the proposed system with Gemini 2.0 
Flash Experimental. 
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Figure 4b. Overview of the proposed system with Gemma2-9b-it. 
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