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Introduction (B Comparison of Training Source for Google Notebook LM
B The TNM classification of lung cancer plays an important role in diagnosis (1) 108 train data in Japanese
and treatment planning. (2) 108 Japanese train data + 164 English data
(3) 108 Japanese train data + text mining (®)
®m Radiologists classify TNM using mainly CT images. (4) 108 Japanese train data + 164 English data + text mining (®)
M |n Japan, the number of thoracic radiologists is limited. While the Japanese The simple prompt (@)
Radiological Society has approximately 10,500 members [1], the Japanese Use 56 Japanese validation data for compare models.
Society of Thoracic Radiology comprises only around 400 members [2]. 1.00
0.72 - 0.69
B An Al model that automatically applies TNM classifications from radiology ~ 0.63
reports would be valuable for radiologists and many clinicians. i‘;‘/ 0.50
=
@ Data i
From task organizers 0.00
............................................................................ source(ja) source(ja+en) source(ja) source(ja+en)
108 training data (with TNM 8th) . fictional reports textmining(-) textmining(-) textmining(+) textmining(+)
56 validation data (with TNM 8th) . both in Japanese and English Japanese and English data without text mining analysis was better.
216 test data (without TNM) _
®Final Model
From Nagoya University Hospital 2017_2024
876 clinical data (with TNM 8th) - classified by a single radiologist rompt: the simple prompt ((2)
Model : Google Notebook LM (@)
In this study, the accuracy was evaluated using the following indicators. Data : Japanese and English data (®)
*TNM (fine): Exact match accuracy for all T, N, and M factors. Final Japanese train data: Fnglish data:
*TNM (coarse): Accuracy allowing for differences prompt 108 cases 164 cases
among Tis/T1mi/T1la/T1b/T1lc, T2a/T2b, and Mla/M1lb/Mlc. l
2 Make Prompt >| Google Notebook LM |<

_ * |f a prediction was not enough, asked only one more time.
Compare with 3 prompts

Made base Prompt on 30 training data

* |Incomplete predictions were answered as TX or MX.

- 3 data use for instruction ! “Final
Final Prompt
- 21 data use for compare prompts P
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Made three types of prompt “© 0.56 0.56 Tis : (LA (carcinoma in situ) AIS : B TR L EE AR S BB
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<1> SlmIO'e prompt = 0.37 0.41 0.37 ESEX LY DEAOBENSELE LR SHAL HBEBY v /5m BRI v PV TATEALNENE, BEBRE, Inputs h/oXE%
E O 3 (FhARHOLEREXICKATLEL) MR oo { LEREEE ) o5 MERTY VoNE. SERY v BYUBRBLEALABEWTLIEZL,
<2) Step—by—step prompts ' ' EoI, BEOAE SICL Y UTOIDIHEEND, NE FERREH U SH KBRS KBIREY o )
Timi: {2 EERE B9 ERERL, K[EPIETY /81 BEfFEY v/ E
<3) Detalled prompt 015 FERDE=05 cmh DHELELMEE=3 cm} s |~/ $Ef)
Tla : {FEMHE=1 cmTHDTis - TImilZIZMAY LA L) FiPTY > B {(EREXEEY /88 EREXEY /]
. Tlb : {ERPE>1 cmTH D=2 cm) INOLDYYAREIZOWT, UTOXSICHELET,
. . . Tle : {(RERAE>2cmTh D=3 cm}] NO : {FTEY v/ Eneni s L}
Short prompt is better in TNM(fIﬂG). 0 T2 [FEMHE>3 cmTHD=5 cm N : (Al O REXAEA 2/ % 7= IEFEEMPI, 5 >/ EA 0k
Llama-3-ELYZA-JP-8B Llama3.2-90B Gemini 2.0 FRERRMAESI cmTOUTLZ2ONTANTHEHD BTRREEOERERES0 )
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B 876 clinical cases were used to text-mining analysis using KHCoder.[3] VR, 18 (superior sulcus tumor &) | MIb : (FRCBIE. 8% RSN O— Rl 0 8 SSIES)
o _ BIEE, DR LT BB, Mlc : (LU D—RiSR % /= 13 SR~ D 5 RRIBET)
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TH4E N/MBEE | #ETH SR 0.00 The TNM (fine) score
hHHEE H 3R (B 24 \_/vord frequency E [ ”Word”: HEIZL?\&S%”, E TNI\/I(fme) T(flﬂ@) N(fme) M(flﬂe) y 093 fOI’ the Va|ldatIOI’1 data
203 11297 Ei&m 28;2(2) . "frequency": 11297}, i
= = o g | L word" ", 5 1.00 - 0.54 for the test data.
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(1) Llama-3-ELYZA-JP-8B4 with fine-tuning (flne—tuned model) 108 training data TNM(coarce) | T(coarce)  N(coarce) M (coarce)
(2) GPT-01 prol® (commercial model) 876 clinical data
: 7
(3) Google Notebook LM + source (commercial model) Use LLAMAFACTORY! : :
Discussion
Data source for Google Notebook LM Japanese train data : 108 | [Japanese value data : 56 B T stage of invasive mucinous adenocarcinoma (IMA) was difficult for our model.
oormsemneneass Fomsas . T ; We need to update prompt for consideration of difficulty of IMA.
e - «
~ Use system prompt
i_____;__' o ___L'_':I ] . . ]
i 27 cases : « B Our model partly failed to classity TNM when diagnostic reports lack a
. Use value model v v . . iy
T e ] | 134 cases : Google Notebook LM description of TNM precisely(e.g. “T2").
@ Model comparison B The fine-tuning model with our clinical data resulted in decreased performance.
b aino (@) 1 It may be because our clinical data differ from the task organizer’s data in their
e simple promp
description of findings suggestive of invasion or metastasis.
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Use 30 training data APPENDIX
- 3 data use for instruction =
27 d : del \i 0.5 1) Japan Radiological Society https://www.radiology.jp/jrs_about/outline.html| Accessed February 25, 2025.
ata use tor compare models = 2) Japanese Society of Thoracic Radiology https://www.jstr.jp/english Accessed February 25, 2025.
= 0.26 0.26 3) KH Coder. Kouichi Higuchi. https://khcoder.net/ Accessed February 11, 2025.
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