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Abstract

This paper provides an overview of Task 6 from
the Social Media Mining for Health/Health
Real-World Data shared task (#SMM4H-
HeaRD 2026), which focused on predicting
TNM staging from pathology reports from
TCGA. Seven teams submitted systems span-
ning fine-tuned clinical encoders, open-source
generative LLMs, and closed-source API mod-
els. On a straightforward test set, most teams
achieved near-perfect F1 scores (average 0.993,
0.972, and 0.957 for T, N, and M). However,
on a harder tiebreak set where explicit TNM
notation was removed and staging had to be in-
ferred from clinical descriptions, performance
dropped substantially (average 0.725, 0.783,
and 0.846). Notably, the two teams using
large closed-source API models generalized
best to the harder set, achieving the highest T
and N scores despite not leading on the easy
set. These results suggest that while fine-tuned
domain-specific encoders excel at surface-level
extraction, larger general-purpose LLMs may
be more robust when staging must be inferred
from contextual clinical findings. All teams
surpassed baseline overall performance on both
test sets.

1 Introduction

The TNM staging system is the global standard for
describing the extent of cancer spread (Amin et al.,
2017). Its three components capture the size and
local extent of the primary tumor (T), the involve-
ment of regional lymph nodes (N), and the presence
of distant metastasis (M). Stage drives prognosis,
guides treatment selection, and determines eligibil-
ity for clinical trials (Kefeli et al., 2024; Kefeli and
Tatonetti, 2024). Despite this central role, stage is
rarely recorded in structured fields of the electronic
health record. Instead, staging information is often
embedded in unstructured pathology report text,
where it may appear in varying formats, abbrevia-
tions, and levels of explicitness across institutions

and pathologists.
Tumor registries are the current solution.

Trained specialists read pathology reports and clin-
ical notes and assign stage by hand. This process
can take up to six months from the date of diagno-
sis to the point at which a structured stage value
becomes available (White et al., 2017; Edwards
et al., 2022), and the workforce of registry special-
ists is shrinking (Rollison et al., 2022). By the
time a patient’s stage is recorded, the window for
trial enrollment may already be closed, and the pa-
tient may be missing from retrospective analyses
that filter on stage. Automating extraction directly
from pathology report text would reduce this de-
lay, broaden the pool of patients available for trial
matching, and make large retrospective cohort con-
struction more tractable.

The Cancer Genome Atlas (TCGA) provides
a large public source of de-identified diagnostic
pathology reports that have been converted into
cleaned, machine-readable text. The TCGA-TNM
corpus links a subset of these reports to patho-
logic T, N, and M component labels. This resource
makes it possible to train and compare models for
TNM extraction at scale, while also raising an im-
portant evaluation challenge: because TCGA is
public, held-out TCGA reports may have been seen
by modern language models during pretraining.

Prior work has approached TNM extraction with
rule-based methods, traditional machine learning,
and more recently transformer encoders (Yala et al.,
2017; Glaser et al., 2018; Abedian et al., 2021; Pre-
ston et al., 2023). The most directly relevant system
is BB-TEN (Kefeli et al., 2024), which fine-tuned
a long-context clinical encoder on TCGA-TNM
pathology reports and generalized off-the-shelf to
an external institution, achieving AU-ROC scores
from 0.815 to 0.942 across the three components.
Since BB-TEN was published, the set of plausible
candidates for this task has expanded considerably.
Open-weight generative LLMs are now available
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at a range of sizes and with biomedical pretraining,
longer-context clinical encoders have been released,
and frontier API models can be prompted with full-
length reports. However, no shared benchmark
exists for comparing these approaches head to head
on TNM extraction, and most existing evaluations
cannot separate surface extraction of explicit stag-
ing tokens from genuine inference based on clinical
findings.

We organized Task 6 of #SMM4H-HeaRD 2026,
which focused on predicting cancer staging from
pathology reports using training data drawn from
the TCGA-TNM corpus and evaluating each com-
ponent independently. Seven teams submitted
systems spanning fine-tuned clinical encoders,
parameter-efficient adaptation of open generative
LLMs, and closed-source API models. The remain-
der of this paper describes the task and data, the
BB-TEN baseline, the participant systems, the re-
sults across the evaluation and tiebreaker sets, and
what we learned about the current state of TNM
extraction from pathology reports.

2 Shared Task

2.1 Dataset generation

Both training and test data derive from the TCGA
pathology report corpus and its associated T, N, and
M labels. The training set consists of real TCGA re-
ports released to participants with their labels. The
released development data were split into training
and validation files. Because T, N, and M labels
are evaluated as separate prediction tasks and not
every report has all three component labels, the
number of labeled examples differs by component.
The training file contained 5,853 reports with T la-
bels, 4,826 with N labels, and 3,916 with M labels.
The validation file contained 1,034 reports with T
labels, 852 with N labels, and 692 with M labels,
for totals of 6,887, 5,678, and 4,608 labeled exam-
ples for T, N, and M, respectively. The test sets
are synthetic notes generated from TCGA labels
and styled after TCGA reports. We chose synthesis
over a real held-out split because TCGA is publicly
available, and a real test set drawn from the same
corpus would be vulnerable to external memoriza-
tion. Generating new notes under controlled labels
lets us release an evaluation set with known ground
truth that the participating models could not have
seen during pretraining.

Each synthetic note was produced by sampling
one TCGA row to supply the target T, N, and M

values and a different TCGA row to serve as a
style exemplar. A generator LLM was prompted
to write a new note expressing the target labels in
the exemplar’s style. Returned outputs were parsed
as JSON and validated against the target labels. If
the returned labels did not match, we resampled
the style exemplar and retried up to a fixed number
of attempts. Generation used Azure OpenAI with
temperature 0.8, JSON-mode output, and a fixed
sampling seed. We tracked every (label-source,
style-source) pair and rejected any combination
that had appeared in a prior run, including across
the easy and hard sets. Only TCGA rows with all
three labels present were eligible as label sources
or style exemplars. T values are indexed from 0
in the released CSVs but were presented to the
generator as clinical T1 through T4 and mapped
back on save.

Test set 1 was generated with a prompt that in-
structed the model to embed target T, N, and M
values naturally in the note. Note that the prompt
did not require explicit staging tokens such as pT2
or cM0, but the generator produced them occasion-
ally. We generated 100 notes with GPT-5.4 for
scoring and 2,500 additional notes with GPT-5.4-
mini that we released alongside as decoys, with no
indication to participants of which subset would
be used for evaluation. The total released for test
set 1 set was 2,600 notes. The hard set was de-
signed as a tiebreaker for teams achieving perfect
scores on the easy set, with the surface-extraction
shortcuts removed. Its prompt forbids any T, N,
M, Stage, TNM, or AJCC notation. The note must
instead describe tumor size and depth of invasion,
the count and size of positive lymph nodes, and
the presence or absence of distant lesions, so that
a clinician reader can infer the stage from findings
alone. We required distractors such as prior cancer
history, family history, and differential diagnoses,
and we required staging-relevant findings to be
scattered across sections rather than consolidated
in one place. We generated 50 notes with GPT-5.4
for scoring and 250 with GPT-5.4-mini as decoys,
releasing 300 notes in total.

A single clinician reviewed the 100 scored easy
notes and the 50 scored hard notes, confirming that
the described findings were consistent with the tar-
get T, N, and M values. Notes that failed review
were excluded from scoring. Single-annotator re-
view establishes face validity for the labels but does
not measure inter-rater reliability, which we note
as a limitation.
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Team
Test set 1 Test set 2 - tiebreak

F1T F1N F1M F1T F1N F1M

URJC 1.000 1.000 1.000 0.810 0.770 1.000
GoBlueinformatics 1.000 1.000 1.000 0.626 0.758 1.000
LLATMU 1.000 1.000 1.000 0.697 0.783 0.617
MedMind 0.996 0.998 0.997 0.849 0.865 1.000
CUETDiagNLP 0.970 0.926 0.954 0.700 0.774 0.640
Blue 1.000 0.895 0.828 0.638 0.650 0.507
CaresAI 0.978 0.957 0.879 0.626 0.758 1.000
BBTEN (Baseline) 0.992 0.783 0.796 0.454 0.591 0.554

Table 1: F1 scores by team across tasks.

2.2 Baseline
The baseline system for this shared task is BB-
TEN (Big Bird – TNM staging Extracted from
Notes)(Kefeli et al., 2024). BB-TEN uses Clinical-
BigBird, a BERT-variant with a sparse attention
mechanism that extends the maximum input se-
quence from 512 to 4,096 tokens, enabling it to
process lengthy pathology reports without trunca-
tion. The model was pre-trained on MIMIC-III
clinical notes and then fine-tuned on approximately
7,000 publicly available TCGA pathology reports
spanning 23 cancer types, with separate classifica-
tion heads trained for each TNM component: tu-
mor size (T1–4), regional lymph node involvement
(N0–3), and distant metastasis (M0–1).

The authors demonstrated strong generalizability
by applying the TCGA-trained models directly to
nearly 8,000 independent pathology reports from
Columbia University Medical Center without any
institution-specific fine-tuning, achieving AU-ROC
scores between 0.815 and 0.942. Notably, the
Clinical-BigBird architecture outperformed both
the shorter-context ClinicalBERT and a fine-tuned
Llama 3 model on two of three classification tasks,
while requiring substantially less training time and
computational resources. The trained models are
publicly available on HuggingFace.

2.3 Overview of Participant Approaches
A wide variety of approaches were used to tackle
the extraction of TNM staging from clinical notes.
All participants included some type of LLM, and
their approaches can be grouped into three cate-
gories based on the underlying language model.

Domain-Adapted Encoders. Several teams fine-
tuned encoder-only transformers pre-trained on
clinical corpora. LLATMU (Hsiao et al., 2026) used
BioClinical ModernBERT-Large, a long-context

encoder supporting up to 8,192 tokens. Blue
(Sharma et al., 2026) employed Clinical-BigBird,
a sparse-attention model handling sequences up
to 4,096 tokens. CUETDiagNLP (Dey et al.,
2026) used GatorTron, and GoBlueinformatics
(Wei, 2026) fine-tuned BioClinical ModernBERT-
Large as part of a hybrid pipeline.

Open-Source Generative LLMs. Other teams
adapted decoder-only LLMs via parameter-
efficient fine-tuning. URJC (Madrueño et al.,
2026) applied supervised fine-tuning to Qwen2.5-
27B, while GoBlueinformatics used LoRA on
OpenBioLLM-8B (a Llama-3-based biomedical
model) alongside their encoder, combining genera-
tive and discriminative approaches.

Closed-Source API-Based Models. MedMind
(Pradhan and Habersberger, 2026) used closed-
source models, GPT-5.4-mini, requiring no local
training but introducing external dependencies and
reducing reproducibility.

Pipelines and Training Strategies. Participants
combined model fine-tuning with task-specific post-
processing. Encoder systems generally trained
separate classifiers for T, N, and M, while gen-
erative systems produced structured outputs that
were mapped back to component labels. Sev-
eral teams addressed class imbalance with weight-
ing, focal loss, label smoothing, or ensembling,
and some added regex-based rules to capture ex-
plicit TNM strings before applying neural models
to unresolved cases. Finally, CaresAI(Abubakar
et al., 2026) explored a traditional machine learning
pipeline using TF-IDF features, pretrained BERT
embeddings, and stacked classifiers.
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2.4 Evaluation

The evaluation consisted of two different test sets.
The first test set was designed as a straightfor-
ward evaluation; most teams achieved F1 scores
at or near 1.0 on each label. Excluding the base-
line, the average scores across participating teams
that submitted a manuscript were 0.993 ± 0.011,
0.972 ± 0.041, and 0.957 ± 0.062 for T, N, and
M respectively. Four teams—URJC, GoBlueinfor-
matics, LLATMU, and Blue—achieved a perfect
1.000 F1T, and the first three of these also achieved
perfect scores across all three axes.

Given the near-ceiling performance on the first
test set, we developed a harder second test set with
less explicit TNM staging information, requiring
models to infer staging from contextual clinical de-
scriptions rather than extracting verbatim mentions.
This allowed for a much larger stratification of the
participants’ results. On this tiebreak set, the aver-
age scores dropped substantially to 0.725± 0.094,
0.783± 0.075, and 0.846± 0.194 for T, N, and M
respectively.

Notably, the team using closed-source
API-based models—MedMind (GPT-5.4-mini)—
generalized best to the harder test set, achieving
the highest T and N scores despite not leading on
the first test set. MedMind achieved the overall
best tiebreak performance with F1 scores of 0.849,
0.865, and 1.000 for T, N, and M. This suggests
that larger general-purpose LLMs with zero-shot
or few-shot prompting may be more robust to
distribution shifts than fine-tuned domain-specific
encoders, which showed larger performance drops
between the two test sets. Among fine-tuned
encoder systems, URJC’s hybrid regex-plus-LLM
pipeline proved most resilient, ranking third overall
on the tiebreak set. The M axis was generally the
easiest to classify on the harder set, with five teams
achieving a perfect 1.000 F1M, likely due to its
binary nature. A more detailed view of the results
can be seen in Table 1.

3 Discussion

Six of seven teams reached or approached perfect
F1 on test set 1, and every team dropped substan-
tially on the tiebreaker. On TCGA-style pathology
reports where explicit staging tokens are present
in the text, TNM extraction is essentially solved
by current systems. The harder problem, and the
one closer to what a deployed system would face,
is inferring stage from clinical findings when the

report does not state it directly.

MedMind with GPT-5.4-mini, led the tiebreaker
despite trailing on test set 1. The fine-tuned domain-
specific encoders, which were built for clinical text,
fell off more sharply when explicit staging tokens
were removed. Large general-purpose LLMs may
carry enough medical reasoning to handle stage
inference under prompting, while smaller encoders
fine-tuned on the surface form generalize less well
to a setting where the surface form is gone. One
caveat applies. The scored subset of test set 1 was
generated with GPT-5.4 and the decoys with GPT-
5.4-mini, which gave models in the GPT-5.x family
a stylistic advantage on that set. The tiebreaker was
generated the same way, but its target labels are the
genuine T, N, and M values from TCGA, validated
by a clinician, so the result is not a self-recognition
artifact. Future iterations should generate notes
with a model family disjoint from any expected
participant systems to remove the question entirely.

Performance varied by component. M was the
easiest axis on the tiebreaker, with five teams
achieving perfect F1, because distant metastasis
tends to be documented as discrete findings such
as a hepatic lesion or a bone lytic deposit, and
because M is binary. T was the hardest, since de-
termining T1 through T4 requires reasoning over
tumor size in centimeters and depth of invasion
into specific anatomical layers. Every participating
team beat the BB-TEN baseline on both test sets.
On the tiebreaker, the gap between BB-TEN and
the leading teams on T (0.45 versus 0.86) reflects
two years of progress in long-context modeling and
prompting strategies for clinical text.

Several limitations qualify these results. Label
validation rested on a single clinician, which estab-
lishes face validity but does not measure inter-rater
reliability. The test notes, while clinically reviewed,
are synthetic and may not capture the full messiness
of real clinical text, including incomplete reports,
contradictory findings between sections, dictation
artifacts, and institution-specific templates. A de-
ployed system would face all of these. Future iter-
ations of this task should add a small held-out set
of real reports from a non-public source to test for
that gap directly. They should also broaden cancer
types and rebalance toward rare classes such as N3
and M1, which remain underrepresented.
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