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Abstract

Background: Traditional rule-based natural language processing approaches in electronic health record systems are effective
but are often time-consuming and prone to errorswhen handling unstructured data. Thisis primarily dueto the substantial manual
effort required to parse and extract information from diverse types of documentation. Recent advancements in large language
model (LLM) technology have made it possible to automatically interpret medical context and support pathologic staging.
However, existing LLMs encounter challenges in rapidly adapting to specialized guideline updates. In this study, we fine-tuned
an LLM specifically for lung cancer pathologic staging, enabling it to incorporate the latest guidelines for pathologic TN
classification.

Objective: This study aims to evaluate the performance of fine-tuned generative language models in automatically inferring
pathologic TN classifications and extracting their rationale from lung cancer surgical pathology reports. By addressing the
inefficiencies and extensive parsing efforts associated with rule-based methods, this approach seeks to enable rapid and accurate
reclassification aligned with the latest cancer staging guidelines.

Methods: We conducted a comparative performance evaluation of 6 open-source LLMs for automated TN classification and
rationale generation, using 3216 deidentified lung cancer surgical pathology reports based on the American Joint Committee on
Cancer (AJCC) Cancer Staging Manual 8th edition, collected from atertiary hospital. The dataset was preprocessed by segmenting
each report according to lesion location and morphological diagnosis. Performance was assessed using exact match ratio (EMR)
and semantic match ratio (SMR) as evaluation metrics, which measure classification accuracy and the contextual alignment of
the generated rational es, respectively.

Results:  Among the 6 models, the Orca2_13b model achieved the highest performance with an EMR of 0.934 and an SMR of

0.864. The Orca2_7b model also demonstrated strong performance, recording an EMR of 0.914 and an SMR of 0.854. In contrast,
the Llama2_7b model achieved an EMR of 0.864 and an SMR of 0.771, while the Llama2_13b model showed an EMR of 0.762
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and an SMR of 0.690. The Mistral_7b and LIama3_8b models, on the other hand, showed lower performance, with EMRs of
0.572 and 0.489, and SMRs of 0.377 and 0.456, respectively. Overall, the Orca2 models consistently outperformed the othersin
both TN stage classification and rational e generation.

Conclusions: The generative language model approach presented in this study has the potential to enhance and automate TN
classificationin complex cancer staging, supporting both clinical practice and oncology data curation. With additional fine-tuning

based on cancer-specific guidelines, this approach can be effectively adapted to other cancer types.

(JMIR Med I nform 2024;12:e67056) doi: 10.2196/67056
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Introduction

Pathologic staging is a crucial part of cancer management
because it provides vital information about the extent of the
disease through histopathological examination [1]. Lung cancer
continues to be the leading cause of cancer-related mortality
globally, surpassing the combined deaths from colon, breast,
and prostate cancers, underscoring its poor prognosis [2].
Therefore, pathologic staging is particularly important for
tailoring treatment strategies and accurately predicting patient
outcomes [3,4]. Accurate staging is essential in high-mortality
cancers like lung cancer, as it enables clinicians to select the
most appropriate and effective treatment strategies based on the
tumor’s specific characteristics and extent of spread. This
precision ensuresthat treatment istailored to the cancer’s stage,
significantly influencing survival outcomes and improving
prognosis. It is typicaly performed manually in accordance
with the American Joint Committee on Cancer (AJCC) Cancer
Saging Manual specific for each cancer type. This manual
process is prone to human error and requires considerable time
and effort to ensure accuracy and compliance with the latest
AJCC guidelines. Data-entry errors can result in inaccurate
patient records, potentially affecting treatment decisions and
research outcomes. Manual staging hasthe drawback of potential
inconsistenciesin interpretation among pathol ogists, which can
impact reliability. Leveraging automated staging methods can
improve consistency and reliability, particularly in large-scale
studies. Additionally, the AJCC staging guidelines have
undergone multiple updates since the rel ease of the 6th edition
in 2003, including the 7th edition in 2010, the 8th edition in
2018, and the forthcoming Sth edition. Each update introduces
the potential for inconsistencies when integrating data from
previous versions. Therefore, updating or verifying the staging
datato align with the current AJCC guidélinesislabor-intensive
and can cause delaysin clinical decision-making.

These challenges necessitate the development of automated
technologies that can directly classify pathologic stages from
textual pathology reports. These technol ogieswould streamline
the staging process, reduce human errors, and ensure consistent
application of the latest guidelines. Thus, automated data
extraction systems can enhance the efficiency and reliability of
clinical and research processes.

Theautomation of thisprocess has primarily relied on rule-based
natural language processing (NL P) techniques [5,6]. However,
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these approaches have inherent limitations, as they require the
manual creation of rulesto extract information, followed by an
additional step to map the extracted data to TN classification
criteria. This process is prone to errors and inefficiencies, and
slight variationsin the context or expressions used in pathol ogy
reports can hinder these methods from effectively handling
complex linguistic features. To address these challenges,
advanced techniques, such as large language models (LLMs),
hold the potential to automatically comprehend context, infer
pathologic staging, and provide transparent rational es.

Recent studies have actively explored the application of
language modelsin medical and clinical information extraction
[7-11]. In particular, research has been conducted using
Bidirectional Encoder Representations from Transformers
(BERT) [11,12], a language model based on the transformer
architecture [13]. For example, Hu et al [11] developed asystem
to extract information from lung cancer computed tomography
reports according to the 8th edition TNM classification. To
establish lung cancer staging, they selected 14 key entities,
including tumor shape, density, and invasion, embedded the
computed tomography reports using word2vec [14], and
performed named entity recognition (NER) for each entity using
a combination of BERT and bidirectional long short-term
memory. In the study, NER with BERT demonstrated excellent
performance in information extraction, achieving a macro
F,-scoreof 0.901 and amicro F;-score of 0.946. Zhou et a [12]
aso finetuned Blue-BERT [15] with cancer-specific
terminology to develop CancerBERT, defining eight key
phenotypes, such astumor size, cancer grade, histological type,
and cancer stage, to support clinical decision-making in patients
with breast cancer. CancerBERT was trained to automatically
recognize these phenotypes in clinical and pathology reports,
achieving a micro—F;-score of 0.909 in NER performance for

these eight phenotypes, demonstrating superior performance.

While deep learning—based methods show effective results in
information extraction using NER, they still have limitations
in extracting implicit information embedded in sentences.
Additionally, NER-based approaches often require further
postprocessing, such as relationship classification between
extracted entities, and are less robust to typos and synonyms,
making dictionary creation time-consuming and costly.

Recent advances in LLMs have demonstrated strengths in
understanding various contexts and handling diverse
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expressions, making them suitable for information extraction
[16]. In particular, prompt engineering enablesLL Msto generate
more accurate outputs when specific outputs are needed [17],
and zero-shot prompting allowsthe model to flexibly solve new
problems, making it advantageous for application across
different domains [18]. However, studies leveraging LLMs to
provide TN classification and rational es based on specific cancer
staging guidelines remain limited.

Advances in prompt engineering have paved the way for the
chain-of-thought (CoT) prompting approach [19]. CoT prompts
enable complex reasoning by incorporating intermediate
reasoning steps. Furthermore, CoT fine-tuning canimprovethe
zero-shot learning performance of language models [20-22].
Models that have been fine-tuned using the CoT method can
provide their “rationale” by describing the intermediate
reasoning steps involved in solving a problem. This not only
demonstrates the results but also aids in understanding and
interpreting the decisions of themodel. Providing the“rationale”
is particularly beneficial in fields where evidence-based
decisions are crucial, such as health care, because it facilitates
the review and acceptance of the decisions of the model by
health care professionals. TN classification in pathologic staging
requires the integration of various clinical factors and aclearly
defined logical process. However, traditional rule-based NLP
approaches are limited by their inability to explicitly perform
complex reasoning, relying instead solely on predefined rules
for information extraction. CoT prompting addresses this
limitation by enabling the model to explicitly present
intermediate reasoning steps and logical justifications during
the problem-solving process. This approach enhances both the
consistency and interpretability of the pathologic TN
classification task.

This study proposes a method for automatically inferring TN
classification and its rationales based on the AJCC Cancer
Saging Manual 8th edition [23] using a generative language
model (GLM) and evaluates its performance in lung cancer
surgical pathology reports. We focused on demonstrating the
applicability of lightweight GLMs for addressing inferential
tasks, such as predicting pathologic TN classification, in
environmentswith limited computing resources, such asmedical
institutions. Lightweight models, with their lower memory and
processing requirements, provide faster inference speeds and
minimize the need for expensive hardware upgrades. These
characteristics make them well suited for real-time clinical use
and deployment across diverse medical ingtitutionswith varying
levels of technical infrastructure.

This study aims to develop a generative LLM-based approach
for automated pathologic TN classification that also provides
interpretable rationales, potentially transforming pathology
report analysisin lung cancer care.

Methods

Data Description

This is a retrospective observational study using electronic
health records (EHRS). The retrospective EHR data were
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selected for their extensive dataset availability and their capacity
to provide detailed clinical information, facilitating the
evaluation and validation of LLMs for TN classification and
rationale extraction. We used EHRs obtained from Seoul
National University Bundang Hospital (SNUBH) between May
2003 and December 2021 in this study. These records were
extracted from the Observational Medical Outcomes Partnership
Common DataModel data[24,25]. The Observational Medical
Outcomes Partnership Common Data Model database contains
comprehensive data, including basic patient information, health
care records, family history, diagnoses, drug exposure, test
results, biomarkers, surgeries, and procedures. All reportswere
stored in text format within the NOTE table, from which we
selected deidentified 7832 surgical pathology reports from
patients with lung cancer (International Classification of
Diseases, Tenth Revision diagnhosis code: C34). To ensure high
reliability in dataextraction from lung cancer surgical pathology
reports, validation was obtained from a pathologist at SNUBH
rather than relying on external data. As SNUBH data can be
verified by internal domain experts and originatesfrom atertiary
genera hospital that adheres to international guidelines and
standards, this data source was chosen to ensure high-quality
data

Ethical Consider ations

This study was approved as exempt by the institutional review
board of Seoul National University Bundang Hospital because
of the use of deidentified patient data in a secure environment
(X-2404-897-902).

Data Preprocessing

Figure 1 showstheflowchart of the data preprocessing. A single
surgical pathology report of lung cancer typically contains at
least one lesion. In this study, a dataset of lung cancer surgical
pathol ogy reportswas constructed using the following separation
process.

First, we selected 7831 surgical pathol ogy reports from patients
who had undergone surgery and were diagnosed with lung
cancer, as indicated by the International Classification of
Diseases, Tenth Revision code C34. Second, since the lung
cancer surgical pathology reports contained information on
multiplelesion locations, we separated the report for each lesion
individually. For example, areport containing two parts—"[A]
Lung, right upper lobe, lobectomy” and “[B] Lung, left lower
lobe, lobectomy” —was separated into individual lesions. Third,
the reports, now separated by lesion location, were further
divided based on the diagnosis of morphology, resulting in a
total of 11,667 reports. For example, the “[B] Lung, left lower
lobe, lobectomy” part included subparts such as “1.
ADENOCARCINOMA, acinar predominant” and “2. Atypical
alveolar pneumocytic hyperplasia” These subpartsweredivided
according to the diagnosis of morphology. The pathology reports
used in this study did not include patient names or identification
numbers, and identifiers such as pathology numbers were
removed to ensure the data was deidentified. Consequently,
personal information, such as patient names, was also not
included in the sections containing lesion information.
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Figure 1. Datapreprocessing flow. AJCC: American Joint Committee on Cancer; |CD-10: International Classification of Diseases, Tenth Revision.

's )
Patients diagnosed with lung cancer (ICD-10 code C34):
7831 surgical pathology reports (2003-2021)

Separated by tumor site and morphology into a total of
11,667 surgical pathology reports

\ y

Extracted only surgical pathology records with
pathology stage recorded according to AJCC Cancer
Staging Manual 8th edition, totaling 3216 reports

. o
Training set Validation set Test set
(60%): (20%): (20%):

1929 reports 643 reports 644 reports |

Reports compiled prior to 2017 were excluded from the final
dataset, asthey were based on the AJCC Cancer Saging Manual
6th and 7th edition criteria, which do not align with the AJCC
Cancer Saging Manual 8th edition criteria used in this study.
Due to differences in TN classification criteria across AJCC
Cancer Saging Manual editions, the same malignant tumor
may be assigned different TN classifications depending on the
version, potentialy leading to discrepancies. We then
constructed a final dataset from 3216 reports compiled in
accordance with the AJCC Cancer Saging Manual 8th edition,
an internationally recognized guideline for systematic cancer
staging that undergoes regular reviews and revisions[26]. This

manual isused to classify the extent of cancer progression based
on factors such as tumor size, location, invasion of adjacent
tissues, lymph node metastasis, and distant metastasis.

L abel Assignment

Overview

Figure 2 shows the labeling process, which is divided into two
parts. First, we label ed rational e sentences containing evidence
for TN staging. We then identified the TN staging results from
the lung cancer surgical pathology reports and labeled the TN
classifications accordingly.

Figure 2. Label assignment and structure of prompt. (A) Identified and labeled both the recorded pathologic TN stage and the rationale sentences
determining TN classification, (B) Removed sentences containing the recorded TN stage, (C) Included the preprocessed pathol ogy report in the prompt,

(D) Included the labeled elements from (A) in the prompt.

Lung cancer surgical pathology report

[B] Lung, left lower lobe, lobectomy :

ADENOCARCINOMA, acinar predominant [by 2015 WHO classification]
- other subtypes : papillary (25%), lepidic (< 5%)
1) Preoperative / Previous treatment: not done

5) Size of tumor:
a) Invasive component only: 2.4 x 1.7 x 1.7em
b) Including CIS (=former BAC) component: 2.4 x 1.7 x 1.7¢cm

15) Lymph node: submitted
a) no metastasis in 18 regional lymph nodes

®

Rationale Pathologic stage

Max tumor size is less than
or equal to 3 cm and larger than 2 cm.

pT1cNO
No regional lymph node metastasis.

| ! ®

Structure of prompt

System
“You are a pathologist who specialized in lung cancer...
Here are some abbreviations and synonyms for your reference...
- Location terms
- 'RUL": 'right upper lobe'
- 'RML": ‘right middle lobe’
- 'RLL" right lower lobe’
- 'LUL" 'left upper lobe’
- 'LLL" 'left lower lobe’ ...
- Lymph node terms
- 'LN#1": "'supraclavicular’, "neck level 5(V)' and 'SCN’
- 'LN#14" 'subsegmental’ *
User
“Based on the lung cancer pathology report provided below, please determine the
primary tumor (T) and regional lymph node (N) stage and provide a reason for your
decision in JSON format.”

[Pathology Report]

—p [B] Lung, left lower lobe, lobectomy :

ADENOCARCINOMA, acinar predominant [by 2015 WHO classification]
- other subtypes : papillary (25%), lepidic (< 5%)
1) Preoperative / Previous treatment: not done

5) Size of t.u.mor.
a) Invasive component only. 24 x 1.7 % 1.7ecm
b) Including CI$ (=former BAC) component: 2.4 x 1.7 x 1.7cm

15) Lymphrnorde submitted
a) no metastasis in 18 regional lymph nodes

Assistant

{
"Reasoning 1" "Max tumor size is less than or equal to 3 cm and larger than 2 cm ",
“Reasoning 2" “No regional lymph node metastasis.”,
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“Answer”: "pT1cNO"
}
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Rationale Labeling

We identified rationale sentences in the lung cancer surgical
pathology reports that determine the TN classification
(Multimedia Appendix 1), and these sentences were classified
according to the AJCC Cancer Saging Manual 8th edition
criteria. The identified rationale sentences were then used as
labelsfor model training. Thisprocesswascrucial for generating
sentences that reflected a deep understanding of the TN
classification decision and were included in the dataset.

Pathologic TN Classification Labeling

We identified sentences from lung cancer surgical pathology
reports in which the TN pathologic stage was recorded. The
pathologic stage was determined based on the identified data.
Next, we removed sentencesin which the TN stage was recorded
from the reportsto prevent that information from being used to
train the model. For example, as shown in Figure 2, we
identified the TN stage “pT1cNQ” from a sentence in a lung
cancer surgical pathology report, constructed the label, and
deleted that sentence.

Two health care professionals constructed a gold standard for
the labeling process through an in-depth review and validation
based on their clinical experience.

Train Data

Figure 2 shows the prompt for fine-tuning using the CoT
approach. The initial section of the prompt structure provides
an explanation of thetask, along with alist of abbreviationsand
synonyms related to lung lobes and lymph nodes. The middle
section contains the lung cancer surgical pathology report,
whereas the fina section contains the pathologic stage and
rational e data obtained through labeling. The LLM used these
structured promptsto identify crucia information from thelung
cancer surgical pathology reports and perform the necessary
logical reasoning for generating TN classification. The model
wastrained to usethe JSON structureinits output format during
fine-tuning. This enabled the automatic evaluation of
experimental results, asit standardized the varied forms of the
output generated by the model.

The dataset used in this study consisted of 3216 reports, with
1929 alocated to the training set, 643 to the validation set, and
644 to the test set. Stratified random sampling was used to
ensure a balanced representation across TN classifications.
Reports were stratified by specific TN classifications, and each
subset (training, validation, and test) was constructed to reflect
the proportional distribution of these classifications. This
approach aimed to include diverse casesfromall TN categories,
enabling the model to generalize effectively across various
classifications.

Model Selection

The primary objective of this study was to evaluate the
applicability and performance of relatively lightweight GLMs
in environments with limited computing resources, such as
medical institutions. To achieve this, we selected two
representative open-source GLMs, Llama and Mistral, which
arefreely available and facilitate flexible deployment in clinical
settings without licensing constraints. Additionally, the Orca2
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model, a fine-tuned version of Llama-2, was included. Orca2
isenhanced with robust reasoning capabilities, devel oped using
a synthetic dataset filtered and fine-tuned from the FLAN-v2
Collection [27]. Optimized with various reasoning techniques,
Orca2 demonstrates excellent performance in generating
step-by-step responses to complex questions. Models with
parameter sizesranging from 7B to 13B were chosen to examine
lightweight options suitable for resource-constrained clinical
environments and the demands of complex cancer staging. The
selected models were Orca2_ 7 B [22], Orca2_ 13 B [22],
Mistral_ 7 B [28], LIama2_ 7 B [29], LIama2_ 13 B [29], and
Llama3_8h.

Modée Fine-Tuning

The training process comprised 6000 steps, with each graphics
processing unit processing a batch size of 2. Gradient
accumulation was performed every four steps, and thelearning
rate was set to 1.5e-5. We implemented a low-rank adaptation
to use the fine-tuning technique [30]. Low-rank adaptation isa
part of parameter-efficient fine-tuning [31] that preserves the
overall model structure and learned patternswhile substantially
reducing the number of parameters required for training in
specific areas of the model. Based on initia testing results, we
selected aconfiguration with yand o values set to 32, effectively
balancing training efficiency and model performance.
Additionally, through preliminary experiments evaluating
various configurations, we determined that a dropout rate of
0.05 was optimal for maintaining model stability while
preventing overfitting. We used the cross-entropy loss function
and AdamW 32-hit optimizer during training. The model with
the lowest validation loss was selected. We minimized
randomness by setting the top k to 1 and restricting the beam
search to 1 during the evaluation phase. For a summary of the
experimental setup for LLM training, see Multimedia A ppendix
2.

Evaluation

Overview

In this study, we evaluated the performance of a fine-tuned
GLM inthe automatic prediction of TN classifications and their
rational e sentences for lung cancer surgical pathology reports.
We used precision, recall, and F;-score, focusing on the
accuracy of the sentences produced to assess the performance
of the GLMs. Additionally, weintroduced the exact matchratio
(EMR) and semantic match ratio (SMR) as evaluation metrics.
These metrics were chosen because they are more appropriate
for clinical text generation than conventional NLP metrics like
bilingual evaluation understudy or recall-oriented understudy
for gisting evaluation. In clinical contexts, even small
differencesinterms, numbers, or classifications can significantly
impact the medical interpretation of a sentence. Since metrics
like bilingual evaluation understudy and recall-oriented
understudy for gisting evaluation measure surface-level
similarity, they could give high scores even if critical clinical
information, such as tumor size or stage, differs. Therefore,
EMR and SMR were selected to assess whether the generated
sentences precisely match the AJCC Cancer Saging Manual
8th edition criteria and maintain consistent clinical meaning.
To this end, we used the following evaluation metrics:
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EMR

EMR represents the ratio of sentences generated by a model
that perfectly matches the standard answer. This was defined
asfollows:

1 —~
EMR = -, I(5, = 1)

where N represents the total number of samples, 1(°) is an
indicator function that equals 1 if the condition inside the

parentheses is true and O if false, v represents the model’s
prediction, and y; represents the actual value.

SMR

The SMR represents the ratio of sentences generated by the
model that have the same contextual meaning as the standard
answer, even if they are not a perfect match. For example, if
the standard answer is “Regional lymph node metastasis
information is missing or not submitted” and the generated
rationadle sentence is “Regional lymph node metastasis
information is missing or not insufficient,” an expert would
validate whether it matches in context. SMR is defined as
follows:

1 -~
SMR =~ XiL I (%, = »)

wherel,(°) represents expert validation, which assesseswhether
the generated sentence and standard answer match in context.
The validation process was carried out by two domain experts.
They assessed whether the generated rationale sentences
contextually matched the TN classification criteria according
to the AJCC Cancer Saging Manual 8th edition for determining
the stage. To ensure consistency, the experts followed a
standardized validation protocol based on the AJCC guidelines
and verified the contextual alignment of each rational e sentence
with the corresponding TN classification.

We excluded cases that did not fit the definition of the patient
cohort as confirmed patients with lung cancer, such as those
with TO (no tumor) and Tx (uncertain tumor presence). The T
classifications included Tis, T1mi, Tla, T1b, Tlc, T2a, T2b,
T3, and T4 whereas N classificationsincluded Nx, NO, N1, and
N2. The Nationa Comprehensive Cancer Network (NCCN)
guidelines (version 5.2024) for nonsmall cell lung cancer [32]
recommend definitive concurrent chemoradiation asthe standard
treatment for N3 disease, not upfront surgery. Because N3
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disease is not an indication for surgery, it was not observed in
the lung cancer surgical pathology reports.

Cases that did not align with the TN classification criteria of
the AJCC Cancer Staging Manual 8th edition were identified
as out-of-scope (0O0S) and excluded from the study.
Specifically, cases corresponding to TN categoriesfrom the 6th
or 7th editions were classified as OOS. For instance, in the
AJCC Cancer Staging Manual 8th edition, the T2 category is
subdivided into T2a and T2b, whereas such subdivisions were
absent in earlier editions. During the evaluation process, if the
model provided only the answer “T2" without further
subdivision, it was deemed inconsistent with the study’s
objectives, which adhereto the 8th edition criteria, and was thus
classified as OOS. In addition to the subclassification issue of
T2,the TN classification criteriain previous editions differ from
those of the AJCC Cancer Staging Manual 8th edition. For
example, a5 cm lung cancer that has not invaded surrounding
tissues is classified as “T2d" in the AJCC Cancer Staging
Manual 7th edition but as “T3” in the 8th edition, potentially
leading to misinterpretation of test results. Furthermore, cases
in which the model failed to provide any TN classification
answer were also categorized as OOS. This OOS identification
method was verified by cross-referencing the AJCC Cancer
Saging Manual 8th edition guidelines and classification results,
ensuring that only relevant cases were included in the analysis.
The number of OOS cases and the OOS ratio for the test set
wererecorded, providing aquantitative measure of the model’s
ability to adhere to the current classification criteria.

Results

Overview

We evaluated the performance of different GLMs fine-tuned to
infer the TN classification and rational e sentencesin this study.
Six models (Orca2_7b, Orca2_13b, Mistral_7b, Llama2_7b,
Llama2_13b, and LIama3_8b) were evaluated. We partitioned
the dataset into training, validation, and test sets to assess the
performance of each model.

Dataset Distribution

The distribution of data per set is presented in Table 1. Model
training and evaluation were conducted based on this
distribution.
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Table 1. Distribution of TN categories across training, validation, and test sets, showing the count and percentage of each category in each dataset.

TN categories Training set (n=1929), n (%) Validation set (n=643), n (%) Test set (n=644), n (%)
Tis 20 (1.04) 6 (0.93) 12 (1.86)
Timi 175 (9.07) 64 (9.95) 51(7.92)
Tla 219 (11.35) 66 (10.26) 76 (11.80)
Tib 476 (24.68) 154 (23.95) 154 (23.91)
Tic 257 (13.32) 94 (14.62) 94 (14.60)
T2a 468 (24.26) 145 (22.55) 149 (23.14)
T2b 91 (4.72) 36 (5.60) 34(5.28)
T3 165 (8.55) 63 (9.80) 66 (10.25)
T4 58 (3.01) 15(2.33) 8 (1.24)

NXx 210 (10.89) 80 (12.44) 81 (12.58)
NO 1389 (72.01) 436 (67.81) 452 (70.19)
N1 154 (7.98) 64 (9.95) 50 (7.76)
N2 176 (9.12) 63 (9.80) 61 (9.47)

Performance on Pathologic TN Classification

Table 2 presents the EMR for the TN classification prediction
of each model. To evaluate TN classification, we considered
cases in which both the T and N classifications were accurate,
as well as those in which either the T or N classification was
accurate. The Orca2_13b model demonstrated the highest
performance, with EMRs of 0.934, 0.936, and 0.998 for TN, T,
and N classifications, respectively. The Orca2_7b model also
exhibited competitive performance, with EMRsof 0.914, 0.917,
and 0.996 for TN, T, and N classifications, respectively.

Multimedia Appendix 3 shows the performance of each model
for TN classification, along with the count for each class. For
the T classification, the Orca2_13b model achieved high
F,-scores of 1.000, 0.990, 0.987, 0.977, 0.974, and 0.903 for
Tis, T1mi, T1a, T1b, T1c, and T2a, respectively. The F;-scores
for T2b and T3 were 0.786 and 0.842, respectively, whereas
that for T4 was 0.545, indicating the highest precision but
markedly low reproducibility. Figure 3 shows the confusion
matrix of the Orca2_13b model. Confusion matrices for the
other models are provided in Multimedia Appendix 4.

Table2. EMR?results for each model in predicting T and N classifications independently, aswell as combined TN classification.

Model T category EMR N category EMR TN categoriesEMR
Orca2_13b 0.936 0.998 0.934
Orca2_7b 0.917 0.996 0.914
Mistral_7b 0.577 0.788 0.572
Llama2_7b 0.872 0.973 0.864
Llama2_13b 0.765 0.869 0.762
Llama3_8b 0.538 0.883 0.489

3EMR: exact match ratio.
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Figure 3. Confusion matrices for Orca2_13b model. (A) Confusion matrix for T stage results (Orca2_13b). (B) Confusion matrix for N stage results

(Orca2_13b).
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The Orca2_7b model achieved F;-scores of 0.781, 0.698, and

0.714 for T2b, T3, and T4, respectively, indicating low
reproducibility for T4. The Llama2_13b model showed ahigher
F,-score for T4 than the other models; however, considerably

low F,-scores were observed for Tisand T1mi.

The Orca2_13b model achieved F;-scores of 1.000, 0.998,
0.989, and 1.000 for N classification. Thiswasfollowed by the
Orca2_7b model, which yielded F;-scores of 0.987, 1.000,
0.990, and 0.991. Thismodel performed slightly better than the
Orca2_13b model for NO and N1. In contrast, the Llama3_8b

Orca2_13b (N stage)

True labels
~
E

ML

Nz
o
2

model performed worse than the other models for N1 and N2,
with F;-scores of 0.531 and 0.584, respectively.

OOS Analysis

Table 3 presents the OOS results for TN classification. Both
the Orca2_13b and Orca2_7b models achieved OOS ratios of
0% for the T and N classifications. In contrast, the Mistral_7b,
Llama2_7b, Llama2_13b, and Llama3 8b models had OOS
ratios of 19.88%, 2.17%, 12.58%, and 12.73% for the T
classification, as well as 20.34%, 1.40%, 12.42%, and 2.64%
for the N classification, respectively.

Table 3. OOS? ratios for pathologic TN classification for each model, showing the number and percentage of cases classified as OOS for T and N

categories.
Model T category N category
OOS cases, n OOS ratio (%) OOS cases, n OOSrratio (%)

Orca2_13b 0 0.00 0 0.00
Orca2_7b 0 0.00 0 0.00
Mistral_7b 128 19.88 131 20.34
Llama2_7b 14 217 9 1.40
Llama2_13b 81 12.58 80 12.42
Llama3_8b 82 12.73 17 2.64

300S: out-of-scope.

Perfor mance on Rationale Generation

Table 4 shows the performance evaluation of the GLMs,
considering both the pathologic TN classification and rationale
parts generated by the model. This evaluation was used as a
measure of the ability of the model to accurately and logically
present TN classification predictions and their rationale. The
rationale part was measured when a sentence was completely
consistent with the reference answer and when it had the same
meaning in context. The Orca2_13b model achieved the best

https://medinform.jmir.org/2024/1/e67056

RenderX

performance, with an EMR of 0.863 and an SMR of 0.864. The
Orca2_7b model aso performed well, achieving EMR and SMR
of 0.84. These results highlight the consistent and accurate
predictions of TN classification and the presentation of evidence
by the Orca2 model. The Llama2_7b model achieved an EMR
of 0.636 and an SMR of 0.771, whereasthe Llama2_13b model
achieved an EMR of 0.681 and an SMR of 0.690. In contrast,
the Mistral_7b model had an EMR of 0.262 and an SMR of
0.377. TheLlama3_8b modd exhibited thelowest performance,
with an EMR of 0.187 and an SMR of 0.456.
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Table 4. Performance of each model in pathologic TN classification prediction and rationale generation, showing EMR® and SM RP.

Model EMR SMR
Orca2_13b 0.863 0.864
Orca2_7b 0.854 0.854
Mistral_7b 0.262 0.377
Llama2_7b 0.636 0.771
Llama2_13b 0.681 0.690
Llama3_8b 0.187 0.456

3EMR: exact match ratio.
PSMR: semantic match ratio.

Discussion

Principal Findings

This study proposes amethod that leverageslightweight GLMs
to automatically infer pathological TN classification from lung
cancer surgical pathology reports and provide corresponding
rationalesfor these classifications. The high performance of the
Orca2 model demonstrates its potential to reduce the human
effort and errors associated with complex cancer staging tasks.
Additionally, by generating rationales, the model provides
interpretable results that enhance human trust. Furthermore,
this study confirms the feasibility of fine-tuning these models
to update and apply the latest cancer staging guidelines in
environmentswith limited computing resources, such asmedical
institutions, enabling accurate staging and effective cancer data
curation.

In this study, CoT fine-tuning played a crucial role in enabling
the GLMsto clearly generate therationalefor TN classification.
CoT fine-tuning allowed the model to generate intermediate
reasoning steps in a step-by-step manner, reflecting logical
thought processes for complex clinical texts. This enabled the
model to provide rationale based not only on simple
classification results but also on considering various clinical
factors such as tumor size and lymph node status. In contrast
to traditional rule-based NLP approaches, which rely on
predefined rulesfor information extraction and fail to explicitly
present complex reasoning steps, CoT’s automated processing
of these steps allows for a clear presentation of the rationale.
This step-by-step methodology enhances the interpretability of
predictions, making the advantages of CoT fine-tuning
particularly evident in complex clinical decision-making tasks,
such as TN classification.

Determining T and N classifications based on lung cancer
surgical pathology report information can prove difficult in the
prediction of TN classification. Surgical pathology reports
contain disparate information that must be integrated and
inferred to derivea TN classification. The T classification must
be derived based on overall judgments of the maximum tumor
size, multiplicity (expressed in terms of satellites and separate
nodules), location, and scope of invasion. The N classification
is based on the precise position of lymph node metastases (eg,
mediastinal or hilar) and the presence or absence of contralateral
lymph node metastases. According to the recently suggested

https://medinform.jmir.org/2024/1/e67056

TNM classification, Sth edition [33], further subclassification
as N2a or N2b can be performed depending on whether N2
lymph node metastases are present in asingle station or multiple
stations. This indicates the importance of the precise location
of lymph node stations showing tumor involvement.

All models poorly predicted T4, which is typically caused by
invasion of adjacent organs such as the esophagus, heart, or
aorta. Surgery may not be feasible in these cases, resulting in
an absence of surgical pathology reports. Additionally, cases
classified as T4 may haveipsilateral lung metastasis; however,
information regarding this metastasis is often omitted from
surgical pathology reportsin patients who only undergo partial
surgery for diagnostic purposes. Therefore, we concluded that
the chalenges in predicting T4 were due to T4
classification-related factors that were not described in the
surgical pathology reports. Furthermore, the NCCN guidelines
recommend definite concurrent chemoradiation as an initia
treatment for T4 cases, except for clinically resectable tumors.
Asthisstudy only included patientswho had undergone surgery,
the ratio of T4 patients was relatively low. T4 cases accounted
for only 2.51% of the total dataset in this study, which was
insufficient compared to the other stages. Consequently, it was
challenging to make generalizations during model training.

For T2b, which exhibited somewhat lower performance, all
predictions except the correct oneswere classified as T2ainstead
of T2b. In al 10 failed predictions (Figure 3), the models
extracted the phrase “invasion to visceral pleura” which is
evidence that is common to both T2a and T2b. However, the
maximum tumor size that differentiates T2a from T2b often
caused ambiguity in this study. T classification was performed
through consultation with a pathology expert based on the size
of the tumor bed and that of the invasive component for
mucinous- and nonmucinous-type lung cancer, respectively.
However, the actual dataset revealed that T classification was
often derived based on the invasive component size for both
lung cancer types, which caused several nonmatches. Thus,
confusion regarding the use of the maximum tumor size criterion
may have caused problems with generadization when
differentiating between T2a and T2b. Model performance was
better for T2athan for T2b because T2a accounted for 23.69%
of the total dataset, which is approximately four times higher
than that of T2b (5.03%). Therefore, T2a appeared more
generalized during training. N1 and N2 are at the same lung
cancer stage for either T2a or T2b of I1b (T2aN1, T2bN1) or
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1A (T2aN2, T2bN2). Therefore, they have no clinical effect
on the treatment plan or prognosis. For NO, the stage differs
between T2aand T2b (1B and 11 A); however, the recommended
primary treatment in the NCCN guidelines is surgery for both.
Therefore, the poor performance in differentiating T2b has
relatively little clinical impact. Although the poor performance
in distinguishing between T2aand T2b hasalow clinical impact,
the differentiation of T categoriesremainsclinically significant.
The study [34], following the AJCC Cancer Staging Manual
8th edition criteria, confirmed that each T category—based on
tumor sizeincrements and specific characteristics—significantly
impacts survival outcomes. For instance, tumors over 5 cm but
not exceeding 7 cm are associated with a T3 prognosis, while
those over 7 cm align with T4. Furthermore, the findings
demonstrated that even small incrementsin tumor size (from 1
to 5 cm) are associated with distinctly different prognoses,
emphasizing the clinical importance of precise T classification
adjustments. Examples of correctly and incorrectly classified
casesfromthe Orca2_13 model, including casessuch as T4 and
T2b, are provided in Multimedia Appendix 5.

Most models demonstrated excellent performance during precise
N classification. The Orca2 13b model demonstrated an
outstanding performance, accurately predicting all but one case.
Moreover, the data were evenly distributed among the classes
for N classification, indicating that various classes were
well-represented during training.

The OOS predictions observed in this study are an important
factor for evaluating the models. We found that the Orca2 model
consistently generated predictions within a defined range.

The result of this study indicates that GLMs, such as Orca2,
can enhance the accuracy of staging and improve diagnostic
consistency by automatically providing TN classification
information in clinical and research settings. Furthermore, they
have the potential to reduce human effort, time, and errors
associated with complex cancer staging analyses. This study’s
approach a so hasthe potential to impact training for health care
professionals and standardize staging practices across hospitals.
By automatically providing accurate TN classifications along
with interpretable rationales based on specific AJCC criteria,
these models can serve as an educational tool for both specialists
and nonspecialist medical staff, helping them understand and
apply the latest guidelines. Furthermore, the consistency
achieved through GLMs can reduce discrepancies across
ingtitutions, thereby improving the overall reliability and
standardization of cancer staging data.

Limitations and Future Works

This study was based on lung cancer surgical pathology report
datacollected from asingletertiary general hospital. Dueto the
limitations of using a single data source, the generalizability of
the results may be limited. Data from a single hospital may not
fully capture the diversity of patient characteristics, cancer
subtypes, or variations in report details and formats. Future
studies should incorporate multicenter data to enhance the
performance of the proposed method and assess its flexibility
and scalability by applying it to pathology reports in varying
formats from different hospitals. Such efforts will improve the
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model’s robustness and evaluate its applicability across diverse
clinical environments.

Especialy, thelimited datafor T4 and T2b classifications posed
constraints on model training in this study. T4 is diagnosed
based on specific factors such as invasion of surrounding
structures or ipsilateral lung metastasis, but such information
is often not included in surgical pathology reports, and the
number of T4 patients undergoing surgery isalso low, resulting
in insufficient data. Similarly, T2b classification varies
depending on the mucinous versus nonmucinous subtype of
lung cancer, but in thetraining data, mixed criteriafor maximum
tumor size made it difficult to accurately distinguish between
T2a and T2b. Future studies could consider improving the
model’s generalization performance by acquiring additional
patient casesfor T4 and T2b classificationsfrom diverse medical
institutions, using data augmentation techniques, or generating
synthetic datasets to address these limitations.

Additionally, in environmentswith limited computing resources,
model sizeisacritical factor influencing performance. In this
study, we used relatively small GLMs to prioritize efficiency.
However, if the computational demands of larger models can
be reduced through advanced techniques such as knowledge
digtillation or quantization, high predictive performance could
still be achieved in resource-constrained clinical settings. These
approaches offer promising strategies for optimizing modelsto
balance performance and efficiency effectively.

The TN classification approach proposed in this study isworth
exploring for application to other cancers, such as breast cancer
or colorectal cancer, where pathological stagingiscrucial. This
could further demonstrate the potential applicability and
versatility of the model across a broader range of contexts.

Conclusions

In this study, we propose a new methodology using GLMs to
infer pathologic TN classification and generate rational es based
on the AJCC Cancer Staging Manual 8th edition criteria. Orca2,
enhanced with CoT fine-tuning, achieved the highest accuracy
in TN classification and rational e generation, demonstrating its
potential to streamline staging processes in lung cancer
pathology. Automatic pathologic TN classification has the
potential to reduce cancer staging time while enhancing accuracy
and consistency in both clinical and research settings. Despite
its relatively small size as a 7-billion-parameter model, this
study highlights the efficiency and effectiveness of lightweight
language models for analyzing health care data in medical
settings with limited computing resources.

The GLM-based approach proposed in this study has the
capability to advance artificial intelligence-assisted clinical
diagnosis and contribute to the standardization of complex
cancer staging tasks, facilitating the creation of consistent
oncological data across diverse medical institutions. To further
assess the moddl’s flexibility and scalability, future research
should focus on validating its performance using multicenter
datasets, thereby exploring its applicability across various
clinical settings. Additionally, this would alow for the
exploration of the proposed method's potential for usein other
cancer types, beyond lung cancer pathology.
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