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Abstract

TNM cancer staging is a critical process for
characterizing tumor burden and guiding clini-
cal decisions. Nevertheless, its automated ex-
traction remains challenging due to the unstruc-
tured and heterogeneous nature of free-text
pathology reports. This paper describes the par-
ticipation of the URJC-Team in Task 6 of the
Social Media Mining for Health/Health Real-
World Data (#SMM4H-HeaRD) 2026 Shared
Tasks. It focuses on predicting TNM stag-
ing from pathology reports. The proposed
workflow combines hand-crafted regular ex-
pressions with a Large Language Model (LLM).
First, explicit TNM mentions are extracted us-
ing rule-based patterns. Then, any stage not
recovered by these rules is inferred by an LLM.
Overall, the proposal provides competitive re-
sults across all official shared-task phases.

1 Introduction

Information about the cancer stage is essential for
prognosis assessment and for guiding treatment
decisions. In this context, Task 6 of the #SMM4H-
HeaRD 2026 Shared Tasks (Lopez-Garcia et al.,
2026) focuses on the development of automated
systems for TNM cancer staging. Specifically, the
task aims to infer TNM stages from unstructured
pathology reports, a challenging problem due to
the complexity and variability of clinical language.
The American Joint Committee on Cancer (AJCC)
staging manual defines site-specific criteria based
on three key components: the characteristics of the
primary tumor (T), the extent of regional lymph
node involvement (N), and the presence of distant
metastasis (M). The dataset provided for this task
has been annotated according to the Seventh Edi-
tion of the AJCC Cancer Staging Manual (Edge
et al., 2010), ensuring alignment with established
clinical standards.

Accordingly, the task requires the independent
prediction of each staging component—primary

tumor stage (T1-T4), lymph node involvement
(NO-N3), and metastasis status (MO-M1)—whose
combination determines the final TNM classifica-
tion (e.g., T2 N1 MO).

Several prior studies have focused on TNM stag-
ing for specific cancer types (Park et al., 2022;
Chizhikova et al., 2024; Jin et al., 2026; Ishida
et al., 2025), with a predominant emphasis on lung
cancer, whereas others have explored approaches
designed to generalize across multiple cancer types
(Kefeli et al., 2024; Saluja et al., 2025).

Regarding the methods used, some studies em-
ploy regular expressions, either independently or
in combination with supervised machine learning
algorithms, to identify and label TNM components
(Aalabdulsalam et al., 2017; Bozkurt et al., 2022).
Park et al. (2022) proposed a method that combines
Long Short-Term Memory (LSTM) networks and
FastText embeddings to extract information on pri-
mary lung tumor sites, metastatic lymph nodes, and
distant metastases.

In contrast, more recent approaches leverage
advances in LLMs to automatically interpret clin-
ical context and facilitate pathology-based stag-
ing. Several works explored fine-tuning models for
TNM tagging (Chizhikova et al., 2024; Kefeli et al.,
2024). In the NTCIR-17 shared task (Nakamura
et al., 2023), two participants fine-tuned BERT-
based models for automated lung cancer staging,
while a third adopted a zero-shot in-context learn-
ing approach. Similarly, Saluja et al. (2025) em-
ploys LLMs in a zero-shot setting. Prompt engi-
neering and Supervised Fine-Tuning (SFT) in non-
small cell lung cancer TNM staging is proposed
in Jin et al. (2026). The performance of out-of-
the-box LLMs on TNM classification tasks was
assessed using only prompt engineering, without
data anonymization or model fine-tuning in Ishida
et al. (2025).

In line with prior state-of-the-art approaches, we
address this task by combining a deterministic reg-
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ular expression (Regex) module with a large lan-
guage model (LLM)-based fallback mechanism.

2 Material and Methods

This section describes the datasets used as well as
the final proposed TNM extraction method. First,
the official shared-task data employed is summa-
rized. Next, the proposed rule- and LLM-based
workflow adopted in this work is presented.

2.1 Data

The datasets used in this study derive from the The
Cancer Genome Atlas (TCGA) free-text pathology
reports and their corresponding clinical metadata
employed in Kefeli et al. (2024). They comprise
a TCGA collection spanning approximately 7,000
patients and 23 cancer types, with substantial vari-
ability in report structure and length 2

The present work uses the splits defined for Task
6 of the #SMM4H-HeaRD 2026 Shared Tasks,
which were constructed from these datasets. Fur-
ther details about their construction are provided in
it. Consistent with the task formulation, the label
space was restricted to T1-T4, N@—-N3, and Mo-M1
for the T, N, and M stages. Fine-grained labels
were collapsed to their parent category, and labels
outside the target label space were not considered.

The label distribution on the analyzed pathology
reports is highly imbalanced across the T, N, and M
stages. In addition, missing values are also present
for these stages, and their frequency differs. Table 1
summarizes the main characteristics of the official
training split of this shared task.

2.2 Proposed Workflow

The proposed system adopts a two-step workflow
that combines rule-based extraction of explicit
TNM mentions with LLM-based inference. Fig-
ure 1 illustrates this proposed workflow.

In the first step, hand-crafted regular expression
rules search the free-text pathology reports for ex-
plicit TNM mentions in standard staging notation.
They extract stage values from both compact multi-
stage expressions and isolated mentions with com-
mon pathological or clinical prefixes.

In the second step, any stage not recovered by
these rules is predicted with an LLM using TNM
extraction prompts. This LLM may be either an

"https://github.com/tatonetti-1lab/
tcga-path-reports/blob/main/TCGA_Reports.csv.zip

2https ://github.com/tatonetti-1lab/
tnm-stage-classifier/tree/main/TCGA_Metadata

Stage Label Count Percentage
Tl 1484 22%
T T2 1985 29%
T3 1795 26%
(5853/6774) T4 589 9%
Missing 921 14%
NO 2829 42%
N N1 1241 18%
N2 589 9%
(4826/6774) N3 167 2%
Missing 1948 29%
M MO 3650 54%
Ml 266 4%
(3916/6774)  \ficging 2858 42%

Table 1: Distribution of T, N, and M labels in the official
training split. Values in parentheses are the number of
non-missing examples out of the total pathology reports.

PATHOLOGY REPORT REGEX LAYER

NO (FALLBACK)

PREDICTED
LABELS
—_— T:T2
N:N1
M:MO

LLM LAYER

Figure 1: Proposed workflow for extracting TNM stages
from free-text pathology reports. Explicit TNM men-
tions are first identified through rule-based extraction.
Any unrecovered stage is then predicted with an LLM.

out-of-the-box model or one that has undergone
TNM-specific SFT.

3 Results

This section outlines the evaluation protocol and
the main experimental results. First, the metrics
used are described. Next, the results obtained on
the official phases are presented. Finally, a discus-
sion of these results is provided. All experiments
developed for this work are publicly available 3.

3.1 Evaluation Metrics

The evaluation follows a multi-level framework
that assesses F1 performance at different aggre-
gation levels across the TNM classification task,
following the official challenge evaluation metrics:

* Per-stage Macro-F1: For each stage (T, N,

3To preserve the authors” anonymity during the peer review
process, the link to the repository has been removed. The
repository URL will be made available upon acceptance.
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M), macro-F1 is computed by calculating F1
for each class within that stage and averaging
without weighting by class frequency.

* Global Per-Stage Macro-F1: Averages the
three per-stage macro-F1 scores, giving equal
weight to T, N, and M stages.

* Global Per-Label Macro-F1: Averages F1
scores across all ten individual classes (T1-—
T4, NO-N3, M0O-M1).

* Global Micro-F1: Aggregates all predictions
and ground-truth labels into a unified ten-
class problem and computes F1 using micro-
averaging.

3.2 Validation Results

Table 2 reports the results obtained on the valida-
tion phase for the methods evaluated in this work.
All systems predict the T, N, and M stages indepen-
dently. Stage-specific classifiers were trained on
the official training split after excluding examples
with missing labels for their target stage.

BB-TEN corresponds to the Clinical-BigBird
models (Li et al., 2023) proposed by Kefeli et al.
(2024). Majority assigns the most frequent train-
ing label to each stage. Regex relies exclusively on
hand-crafted patterns, leaving the stage label empty
when no match is found. Logreg uses unigram
and bigram features with binary weighting and
multinomial logistic regression classifiers. SML
FFT corresponds to fully fine-tuned BioClinical-
ModernBERT-large models (Warner et al., 2025;
Sounack et al., 2025).

LILM ZS applies Qwen3.5-27B (Qwen Team,
2026) out-of-the-box with the zero-shot prompts
outlined in Appendix A. LLM SFT performs SFT
on the same model and prompts using Quantized
Low-Rank Adaptation (QLoRA) (Hu et al., 2022;
Dettmers et al., 2023). Finally, the proposed Regex
+ LLM ZS and Regex + LLM SFT use rule-based
predictions as the primary output and fall back to
the corresponding LL.M-based stage classifier when
they do not recover a stage label.

Majority and Regex baselines confirm the task
difficulty, obtaining low Macro-F1 Stage scores of
0.26 and 0.34 respectively. Regex coverage is par-
ticularly limited for M, where explicit notation is
rare, yielding a Macro-F1 (M) of only 0.07 and a
Micro-F1 of just 0.30. Logreg provides a stronger
baseline at 0.65 Macro-F1 Stage (0.82 Micro-F1),
while BB-TEN reaches 0.71 (0.85 Micro-F1). SML

Macro Macro Macro Macro Macro Micro
Method  pip) gy FIoM) I Stage FlLabel FIAll
BB-TEN 0.80 0.69 0.62 0.71 0.72  0.85
Majority 0.13 0.18 048 0.26 022 0.58
Regex 052 042 0.07 0.34 0.38 0.30
Logreg 0.70 0.65 0.59 0.65 0.66 0.82
SML FFT 0.84 0.87 0.57 0.76 0.80 0.90
LLMZS 0.80 0.82 0.73 0.78 0.79 0.89
LLM SFT 0.87 0.86 0.74 0.82 0.84 0.92
]ljflgv[e"z; 080 082 072 078 079 0.89
Llﬁ\%[eggT 086 086 074 082 084 0.92

Table 2: Results on the official validation phase. Macro-
F1 is reported for T, N, and M, together with overall
Macro-F1 and Micro-F1 across the three-stage classifi-
cation task. Best results are shown in bold.

FFT stands out as the strongest non-LLM model,
achieving 0.76 Macro-F1 Stage and 0.90 Micro-
F1, outperforming BB-TEN by a notable margin
and even surpassing LLM ZS on T and N stages
individually. LLM ZS surpasses all non-finetuned
models with balanced performance across stages,
achieving 0.78 Macro-F1 Stage and 0.89 Micro-F1,
while LLM SFT yields the overall best scores with
0.82 Macro-F1 Stage and 0.92 Micro-F1. The pro-
posed hybrid configurations confirm that regular
expressions introduce little to no noise while of-
floading a fraction of predictions from the LLM:
Regex + LLM SFT matches LLM SFT across all
metrics, and similarly Regex + LLM ZS preserves
LLM ZS performance, both on Macro-F1 Stage and
Micro-F1, while reducing inference cost.

LLM SFT and Regex + LLM SFT were selected
for the next phase based on their top validation
performance, together with Regex + LLM ZS as a
competitive alternative that does not require fine-
tuning.

3.3 Evaluation and Post-Evaluation Results

The evaluation and post-evaluation phases com-
prise two sets provided by the challenge organiz-
ers: an evaluation set, which serves as the primary
benchmark and allowed up to 3 submissions, and a
post-evaluation set, which offered a more challeng-
ing test and allowed only 1 submission.

For the evaluation phase, Regex + LLM ZS used
the same settings as in validation, while both Regex
+ LLM SFT and LLM SFT were retrained on the
full dataset. Since Regex + LLM ZS and Regex +
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LLM SFT produced virtually identical predictions,
they are grouped under the common label Regex +
LLM.

Table 3 reports the results on the evaluation
phase. All three submissions achieve a perfect
score, clearly outperforming the official baseline.
LLM SFT achieves this result end-to-end, confirm-
ing that a fine-tuned LLM alone is sufficient to
solve the task. For the hybrid approaches, the regex
layer recovers explicit TNM markups in 99.3% (T),
99.4% (N), and 96.5% (M) of cases, with the few re-
maining predictions correctly handled by the LLM
fallback regardless of whether it is used out-of-the-
box or with SFT.

Micro
F1 All

Macro Macro Macro
F1 (M) FI1 Stage FI1 Label

Macro
F1 (N)

Macro

Method F1(T)

Baseline 099 0.78 0.80 0.86 0.87 0.95

LLM SFT 1.00 1.00 1.00 1.00 1.00 1.00

Regex +

LLM 1.00 1.00 1.00 1.00 1.00 1.00

Table 3: Results on the official evaluation phase. Macro-
F1 is reported for T, N, and M, together with overall
Macro-F1 and Micro-F1 across the three-stage classifi-
cation task. Best results are shown in bold.

Since the selected approaches tied on the evalu-
ation set and only one post-evaluation submission
was permitted, Regex + LLM SFT was selected as
the final proposal based on the validation results.

Table 4 shows the results of the official post-
evaluation phase. Note that only 0.2% of cases
present an explicit TNM markup, meaning that the
LLM handles nearly all predictions. Even under
these conditions, the proposal achieves a Macro-F1
Stage of 0.86 and Micro-F1 of 0.93, considerably
outperforming the baseline (0.53 and 0.71 respec-
tively). Notably, the M stage reaches a perfect
Macro-F1 of 1.00, suggesting that metastasis status
is more reliably inferable from implicit clinical lan-
guage than T or N. This confirms that the proposal
generalizes well to reports where staging informa-
tion must be inferred from clinical evidence rather
than explicit markups.

3.4 Discussion

The results indicate that the performance of the
proposed workflow depends strongly on how TNM
evidence is expressed in pathology reports. Rule-
based extraction is effective when explicit stage
notations are mentioned, but its coverage is limited

Micro
F1 All

Macro  Macro Macro Macro
FI(N) F1 (M) FI Stage Fl1 Label

Macro

Method F1 (T)

Baseline 045 0.59 055 0.53 053 071

Regex +

LLM SET 081 0.77 1.00 0.86 0.83 0.93

Table 4: Results on the official post-evaluation phase.
Macro-F1 is reported for T, N, and M, together with
overall Macro-F1 and Micro-F1 across the three-stage
classification task. Best results are shown in bold.

when the staging information is implicit. In such
cases, LLM-based approaches are better suited to
infer stage values from contextual evidence.

This difference is particularly evident across
phases. In the evaluation phase, explicit TNM men-
tions are extremely frequent, so regular expressions
resolve almost all cases and both LLM settings per-
form nearly identically. By contrast, the validation
and post-evaluation results suggest that using SFT
on the LLM layer is more beneficial when staging
information is more implicit in pathology reports.

Specifically, the proposed Regex + LLM SFT set-
ting is particularly suitable when TNM labeled data
are available and training-time computational cost
is not a primary constraint. It provides a stronger
fallback when regular expressions cannot recover a
stage label. By contrast, Regex + LLM ZS remains
a practical alternative when performing SFT is not
feasible.

4 Conclusions

This paper presents a hybrid workflow for extract-
ing TNM stages from free-text pathology reports.
The proposed system comprises a regular expres-
sion layer and a LLM layer. The regular expression
layer detects explicit TNM mentions, while the
LLM layer infers stages from implicit evidence.

The proposed workflow was evaluated using
both out-of-the-box Owen3.5-27B and the same
model after performing SFT with QLoRA. Results
from the official phases show that the variant with
SFT achieves better predictive quality, while the
variant using out-of-the-box Qwen3.5-27B remains
a competitive alternative.

Future work could explore newer LL.Ms to im-
prove predictive quality while reducing inference
cost. Retrieval-augmented generation could also be
used to enhance predictions from implicit clinical
evidence. Moreover, the proposed approach could
be evaluated on more granular TNM categories.
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Limitations

The proposal relies on a hybrid workflow consisting
of both a regex layer and a LLM layer. Although
the regex layer provides efficiency gains, the LLM
layer still demands significant computational re-
sources at both training and inference time. At
training time, the choice of LLM and the scope of
hyperparameter tuning were limited due to com-
putational constraints. Additionally, the impact of
LLM size on performance remains to be analyzed
further. The best-performing variant also depends
on labeled data to perform SFT, which may not
always be available.

The evaluation was also restricted to a limited
collection of TCGA reports. Consequently, fur-
ther experiments are needed to analyze the gener-
alization of the proposal to other types of reports,
as institutions exhibit high variability in clinical
reporting conventions. Additionally, the lack of
retrieval-augmented generation limits the ability
of the proposal to leverage external knowledge, so
models cannot be updated with new clinical evi-
dence and guidelines.

Integration into a real clinical environment
would raise additional challenges. The proposal
currently provides no explanation for its predic-
tions. Additionally, the system always produces a
label, even in ambiguous cases. Consequently, flag-
ging low-confidence predictions for human review
could improve safety and reliability in a clinical
workflow.
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Stage T

You are an expert oncology pathologist.

Based on the AJCC criteria, classify the T stage
from the pathology report:

T1: Tumor

- T2: Tumor
- T3: Tumor
- T4: Tumor

Pathology Report:

{text}

Answer with

with
with
with
with

ONLY

limited size or extent

greater size or local extent

more advanced local extension

the most extensive local invasion

one label: T1, T2, T3, or T4.

Stage N

You are an expert oncology pathologist.

Based on the AJCC criteria, classify the N stage
from the pathology report:

Pathology Report:

{text}

NO: No regional lymph node involvement

N1: Mild regional lymph node involvement

N2: Moderate regional lymph node involvement
N3: Extensive regional lymph node involvement

Answer with ONLY one label: N@, N1, N2, or N3.

Stage M

You are an expert oncology pathologist.

Based on the AJCC criteria, classify the M stage
from the pathology report:

- M0: No distant metastasis identified.

- M1: Distant metastasis confirmed.

Pathology Report:

{text}

Answer with ONLY one label: M@ or M1.




