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Abstract

Lung cancer TNM classification from narrative radiology reports presents challenges
due to expression variability and complex relationships between findings. This study
develops an automated TNM classification system utilizing large language models
(LLMs) with supervised fine-tuning (SFT) and specialized prompting (SP) approaches.
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Prompt desig

Continuous Improvement  for Main Task: PDCA Cycle
1. Plan: Develop improvement plans based on error analysis
2.Do: Implement improvements
3.Check: Verify effectiveness.

4. Act: Reflect improvements in next cycle

Subgroup Analysis & Issues

Prompt Structure for Subtask (Sentence Classification)

The prompt for

1. System Prompt

“You are an expert in medical inaging diagnosis reports
Follow the instructions below and classify the specified text
into eight categories. The output must be in JSON format with
the following keys: onittable, measure, extension, atelectasis,

to T factor (lung cancer), N factor (hilar/mediastinal lynph node
metastasis)."

4. Error-Specific Few-shot Prompts

verror_specific_exanples”: {
ize_misinterpretation®: [

“error_case": nodute 40 right upper lober.
“incor’ “T2a.(lose to

“correct": “Tic (2-3ca)”,

‘explanation”: “2.5cm is clearly Tic, not borderline

Multiple 8m GGOs in both lungs",
“Tib (multiple lesions)”,
“Tia (each nodule), Mla (contralateral)”,

Performance Differences
1.By Tumor Size
Lower accuracy for borderline sizes (e.g. 3.0 cm, 5.0 cm)
Timi

2.Lymph Node Evaluation

Ambiguous expressions for lymph node metastasis

3.Language Dependency

Need to address language-dependent medical terms

2.User Prompt

"Classify the following text from the isaging report into
eight categorie

() "Onittable - Clearly pertains only to negative findings or
content irrelevant to lung cancer stagin

(i) Measure - Does not fall under Dvrunah\e and primarily
describes the size of the primary U

(1535 Eoteneion - boes not Toll vaderOetétable and describes

() Satellite — Does not Talt under Onittable and indicates malignant
lesions within the lung but separte fron the prinary lesion (e.g.,
intrapulaonary metastasis or cancerous ymhangitis).

(vi) - Does ot fall under Onittanie and indicates

support, with implications for

improving cancer staging p
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To automate pr
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ing (SFT)
. -shot
integration.

Overall Approach to Prompt Design

To automate TNM classification from radiology reports, we adopted two main prompt
design approaches:

1. Prompts for Supervised Fine-Tuning (SFT)
2.Prompts for Specialized Prompting (SP) Approach

Ineach h the prompt

serve a specific role.

Prompt Structure for Main Task (TNM Classification)

The prompt for

1.System Prompt

ISONI format

xt analysis assistant focused on lung cancer staging,
ask 15 to_analyze. the given sentences. and Qutput labels
(crresund ng to the following factors: T, N, M

Content™: “A tusor with a sajor axis of 12
of the ung, TnfEtiration of tne sortic arch and potsonery orvery 15
suspected, This is considered T4, Enlargesent of the left pulsonary hilum

Mo findings suggesting distant metastasis to the visualized bones.
in the visualized abdosen."},

enths T4, N2, WY

«
T Classification Instruction for a Fine-Tuned LU,

view the patient's clinical and iaging findings
regarding tunor size, local invasiveness, Lymph i
{nvolvenent, and presence of Gistant metastases.t,
2. Deternine the correct T, N, and M categories based on
above. ",
up\anauon for why each category

of (M. M1, 2
£ e, b, oy ey,
“Nau must provide thesé factors in a 50 forsat as shown
in'the example be
“lgnare Lesions that e difficult to evaluate, need further
evaluation, or are indeterninate.
“Renchper th Consider these rutes 1h confunction with the
standard Tt definitions o deterine the best fitcing T,
N, and M categories."]}

2.

For
results for eight categories (omittable, measure, extension, atelectasis, satelite,
ISONI format.

an example for sub_task:
Facszages
T

y:
Comtentes TAG a text analysis asststant focused on lung cancer staging,
your task is o amalyze the given sentences and output labels

Corresponding to the following categories: omi

e electasis, satetlice, Lyaphadensosthy, plesrat, snd distant.,

<o solid mass with a diaseter of 3 ca is abserved
i the \over obe of The eFt ngomhs
errolen: Tassltontr,
“Content able=d measure=1 extension=0 atelectasis=0 satellite=d
Unphadenopatny-s pleursice disant-p bl

Steps for Preparing the Dataset

1. Collection of Clinical Data: Obtain training, validation, and test data from the NTCIR-
18 RadNLP 2024 task dataset.

2.Preprocessing

hnical
Sentence splitting (for the subtask)
3.Conversion to JSONL Format:

Main task: Convert and
case into JSONL format.

JSONL
format

4.Data Splitting:
train sonl task: 108
valjsonk: task:54 btask

testisonl: Test data (Main task: 81 cases. Subtask: 568 sentences)
Features of the SFT Data

1

2.Diversity:
3. Clinical Validity: Accurate TNM classifications verified by radiologists.
4.1

Description of Training Procedure
Data Splitting

Main Task (TNM Classification)

* train jsonl: 108 cases

+ valjsonl: 54 cases

* testjsonl: 81 cases (final evaluation)
Subtask (Sentence Classification)

« train jsonl: 919 sentences

* valjsonl: 415 sentences

« testjsonl: 568 sentences (final evaluation)

“ton_defin; <
T Tactor (Tumor Size and Extent)": [

: No description of the size of a primary t

Tis: A pure ground-glass opacity/nodule (660 or GAN) with

nsolidated portion =

“Tini: A mixed ground-glass Dan!y/nudulz (660 or QY
idated portion = 0.5 ca,
and total ground-giass Lesion diameter s 5 ca.

T2b:
T2a or Tab: Tncludes tmors Ui certain invasive featu

(e.9., invasion of the main bronchus, visceral pleura .ms.om
or atelectasis/obstructive pneunonia not extending beyon

the carina).”,

T3: Tunor >'5'cm but = 7 cm, or any tusor with: Additional
tunor nodules in the same Lobe. Invasion of the chest wall,

“T4: Tumor > 7 cm, or any tumor with invasion of th
m, nmediastinum, heart,
vessels, trachea, esophagus, spinal Superior vena cava,
recurrent laryngeal nerve, ¢sophagus (listed again),
ertebral. body, or carinal”],

No_Lynph node metastasis.
N1 tasis in ipsilateral hilar (pulsonary) o
peribronchial Lynph nodes (including mzripu\manily ymph
fdes] or irectextension from the prinen
Metastasis in ipsilateral mediastinal or  bcarinal
Liagh nodes.
3t mamm in contralateral mediastinal o hilar lysph
nodes, supraclavicular lynph nodes."],
M_factor”
“M: No distant metastasis
Hia: Seporate tumor nodulcs' in the controtlateral ng, or
ssLignant pleurel/pericardial effu
"WIb? A single distant metastasis. in one organ.”
WL MUTtIote distamt metastases in one or mare’organs. 1}

Training Process
Supervised Fine-Tuning (SFT) Approach
1.Base Model Selection
GPT-40-2024-08-06 (latest version for fine-tuning)
2.Training Settings

Leaming rate: 2e-5

3.Units and Numbers

“units_numbers": {
“mn_cn': [

numerical processing accuracy in GPT-4o.

4.0utput Format Specification

etails": {
Deternine the nost appropr
for the given repo

o7your anower strictly in the following JSON format:¥,

“instruct
“goa

te T, N, and W categories

ormat”
"exampte 150
Tfactor: <7 valuext,
valuesr]
Mofactor: "1 value

n
*adaitional_note": *You may brietly explain your ressoning,

e final output nust be valid JSON with the keys
O pactors, W factar and W factor
¥
Role: Strictly specifies the output format for the model, ensuring consistent responses.
Explicitly atput, post-pr "
easier.

5.Example Usage

“example_usage": {
“inpit_text s a 2.2 cn mass in the right upper lobe.
N acatastinat. Lymhadenspethy 16 L6enciried: o matignant
pleural effusion. No distant lesions are detec
ut,_json
nel

regional lynph node enlargene
(iD) Pleurat - Does not fall under oaittable and indicates pleural
effusion, pericardial effusion, pleural disseaination,

pericardial dissenination.

(viii) Distant - Does not fall under Omittable and indicates distant
Text: \"{sentence]\"

Follow the fo ow and output in pure JSN format anly. Do not

rmat bel
nctisebeckticks: adi1tizcat{yabots, Lorlcoment
Example out,

Output:*

m nodule = Tia; contralateral = Mla."

“lynph_node_nisinterpretation”: [
<

“error_case": "Enlarged subcarinal lyaph node (12mm)",
sincorfect”; “NL (near hilum)"

“correct”: "N2 (mediastinal, station 7)"

eanation': *Suscarina - nediastinal (N2), not hilar (NI)."

“error_case": "Multiple lynph nodes in stations 4R and 10

“incorrect”: N3 (multiple stations)",

correct: N2 (1psilateral mediastin nat)"

‘explanation’ e ipsilateral nediastina
Contratateral/supractavicular.~

N2 unless

“metastasis_nisinterpretatior

Malignant pleural effusion and a single liver

5%,
“H1b (single distant metastasis)",
multiple organs)",
Teural effusion (M1a) + liver (another organ)

one destruction in two adjacent vertebrae",
sMic (ultiple bones)",
“MIb (adjacent = single site)"

- wAdjacent vertebrae < single site (M1b); Mic

Features and Innovations in Prompt Design
1. Modular Structure
Clear division of each component with a specific role
Easy to update individual components as needed
2. Detailed TNM Definitions
Faithfully reflects the criteria of the 8th edition of UICC/AJCC
‘Specific numerical criteria to eliminate ambiguity

3. Utilization of Few-shot Prompting

Clearly ponse p: y
Special examples for cases prone to errors
4.Strict Output Format Speci

ion

Ensures consistent output in JSON format

her Process for Improvement:

5. Expert Annotations by Radiologists

Key Clinical Points

iologist_annotations": {
itical_findings":

. Irregular borders/pleural indentation suggest invasiveness.
2. Heterogeneous enhancenent suggests necrosis and advanced
cancer.”

3. GG0 around tumor in adenocarcinona may indicate
preinvasive/microinvasive lesion.

“Contextual_considerations”.
1. Consider prior malignancy for new lesions."
“2. Post-treatnent: consider changes due to therapy/scarrin
3. Integrate PET-CT, MRI, etc. for comprehensive judgment.”

rinolooy_ guidance”: {
1. Mgy suspicious! = positive finding, even 11 not explicit.”,

format 'd system integration "2, 'SUight' = judge in context, evaluate with other findings.",

N ) "3 Cannot be Tuled out' = negitive unless other findings.

Clarifies relationships between categories in the subtask '

“omittable categ Role:
categories
design ! response
uracy, m . i
feports. 6. Stepwise Diagnostic Approach

Specialized Prompt for Main Task

Extended Definition C
(SP) Approach

f the Speciali pting

Overview of the Specialized Prompting (SP) Approach

« The SP approach complements Supervised Fine-Tuning (SFT).
« Incorporates TNM expertise and clinical context into prompts.

. 9 knowledge.

1.Extension of the Basic System Prompt

iled Clini tion of TNM ificati

"clinical_interpretation”: {
Tinical_nc

e L e e

Surrounding tissues."

“If invasion is :\)lu:a\ly suspected but oot explictt in saaping,

onsider rationale (e.., atelectasis, chest pain).”

“Far Lung cancer T factor, GoD interpretation is (ru:)al.

Pure GGO = Tis, part-solid GG (solid =5mm) =

“h_factor_clinical_not

es': [
'A::urat:\y e e {ipsitateral

ntaraTder. #1561 shupes s IetormaLl fosturaer: Shork] axts altem
s suspicious, but differentiate from inflanmation.",

“PET=CT SUV increase suggests metastasis, but can also be due
to inflamnation.

“m_factor_clinical notes": [
ssess not only presence but also number and organ distribution
of metastases.”
"Pleural dissenination, natignant effusion, pericardial effusion
Mia. Consider nature and anou:
“Distinguish Mib (single organ) and fiic (multiple). Consider
oligonetastasis."

evaluatio
onfirn prinary lesion and measure maxinun diameter.”,

sgepyise.diagnostic_approach; {
[

“h_factor_evaluation
ey = fheck Tor Lymphademopethy un Tocesoms™s
“Step 2: Evaluate size and chara
5tep 3t contdm relatsonship

prinery (pjtlateral/contratatars)
Assess metastasis possibility (PET T, features)."
TSEeD 8T Drteprare Finainge”vo determine N foc

actor_evaation”: |
tep 1: for pleural dissenination/malignant
erfumn/pmcamm effus

for contratateral’ lung nodules.”

ses,
Ste A e
Sinpte/miitinte organsi.”

) TStew 61 Integrate findings to deternine M factor.”
¥

Role:

T.N, and M evaluation, preventing
oversight of key findings.

Effects and Evaluation of the SP Approach
« Improved accuracy in borderline cases
Accurate classification near size thresholds (3.0cm, 5.0cm, 7.0cm)
Improved GGO and Tis/T1mi interpretation
+ Enhanced handling of complex cases

« Significant reduction in error pattems
and

2. Extension of Size Interpretation Rules

Uniform handling of *suspected”, “suggested”, negative/positive expressions

“size_interpretation_rules’
“measurenent_principles": [

. For borderline size, use lower subcategory (e.g., 3.0cn = Tlc).",
o maximn dismste? 1 multiple masuresets.

1an of borderline is equivalent (e. cn). ",

. Kaniouous expressions (obot') reaudre clinicat judsment.

 evalustion

e G e
art-sotid Go; WLth sovid conponent.”,

ectalconsiderations”t [
Bxclude inflanmatory changes around tunor from size.

. With a(e\sc(as)slnneumnma, evaluate tunor size as much
as possible.”,
. Use larger value if different in mediastinal/lung window."

“No" i
e
) Role:
Role: Provide and hel values, GGO,
Functions as a form of few-shot
prompting. 3. Definition and Interpretation of Special Cases

An application sample for TNM classification

EORCEL, BHETRT 3. TS,

Batchsize: 4 R E vl ORI > ATEA U, FRE LTHEL TR D, SBATE
¥
Epochs: 3 S )
Learning Curves Erﬂm BEERS,
pETCT WES, ZOf
Training & Validation Loss B TBLE B,
TN ueyh

TNMAEOREFET U Lo

TEF NEF MEF

ically Important Special Patterns.

with SP

and SFT
recognition and efficiency.

our feasibilty of automated cati LMs,
licati cancer

staging.

The dual hof SFT. D

scenarios,

Key benefits include:

(1) Efficiency Contriby

+ 80% reduction in physician work tine
+ Data entry standardization
Real-tine diagnostic support

(2) Accuracy Improvements

+ Enhanced inter-rater agreement
+ Ensured guideline compliance
+ Reduced classification errors

"spectal_case definitions”: {

iple_lesions”
‘Sant Taves Use targest tusor T factor, denote as (n)
(e.9., T3(m))."
“Different wsuama\ lobes: Use largest tumor T factor,
classify as 13."
“Cant ralateral Lun
"Differentiate xntrapu\mnnary metastasis vs. multiple prinaries
by histology or imaging.”

leural_involvenent":

leursl indentation alone: ot slyays invasion.
eural invasion >lon: T2a.",
"Parietal/chest wall invasion
Extenive pieurat disseairations Hia.

onchial_involvenent": [

"Main bronchus mamn =2cn from carina: T2; <2em: T3.",
"Carinal invasion:

"With obstructive pneunonia: Total atelectasis = T2,
partial =

i T4 N2 Mia “hediastinal_involvenent”:
/ “Mediastinal pleura: T3
\ . vEEERT vEEERT vEEERR “Nediastinal fat: T4.", .
\ AN VTSN ERPY I HBIESHOBTEED ":ﬁ‘:{,;:ﬁiﬁ;i,,‘“"“' o T,
3 3 HSERIC, B8 leveldL DRKFR Y >/ EBY, BEETRT Esophagus: T4.
103cmOEHTDS HEAL, EEELT 5. MatSEDNB. & pl
3. EEEEREI HMALTHD, WK Bk, BIEERES
L = = L ) EDRCEL. BHE TEENZ, NATED Role:
sanos - ey oo RS B TR Nz, TNM, such as
o " e oot 5. pleural, bronchial,

focus on multimodal integrati cancer types,

and further
on edge cases.

prompt engineering techniques
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