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Abstract

Extracting patient treatment timelines from
clinical notes is a complex task involving iden-
tification of relevant events, temporal expres-
sions, and temporal relations in individual doc-
uments and developing cross-document sum-
maries. The 2025 Shared Task on Chemother-
apy Treatment Timeline Extraction builds upon
the initial 2024 challenge, using data from
57,530 breast and ovarian cancer patients and
15,946 melanoma patients. Participants were
provided with a subset annotated for treatment
entities, temporal expressions, temporal rela-
tions, and timelines for each patient. This train-
ing data was used to addressed two subtasks.
Subtask 1 focused on extracting temporal rela-
tions and creating timelines, given documents
and gold-standard events and temporal expres-
sions. Sutask 2 involved development of an
end-to-end system involving extraction of en-
tities, temporal expressions, and relations, and
construction of timelines, given only the Elec-
tronic Health Record notes. Five teams par-
ticipated, submitting eight entries for Subtask
1 and twelve for Subtask 2. Supervised fine-
tuning remains a productive approach albeit
with a shift of supervised fine-tuning of very
large language models compared to the 2024
task edition. Even with the much more "strict"
evaluation metric, the best results are compara-
ble to the best less strict 2024 relaxed-to-month
results.

1 Introduction

As cancer patients are generally treated through
detailed protocols involving multiple drugs admin-
istered in well-defined patterns over extended pe-
riods of time (Warner et al., 2019), identification
of specific protocols administered to patients is a
critical step in retrospective cancer research. Unfor-
tunately, extraction of this information from real-
world data is often challenging, as notes and medi-
cation administration records may indicate which
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treatments are given and when, but specific proto-
cols are rarely named. Extraction of these details
from clinical notes is a challenging task, involving
multiple steps. First, mentions of administrations
of chemotherapeutic agents must be extracted and
normalized. The date of the notes and any temporal
modifiers must then be used to assign a temporal
extent to the medication event (Laparra et al., 2018).
Finally, all events must be assembled into an or-
dered timeline. Several of these tasks have been
the focus of previous SemEval challenges (Elhadad
et al., 2015; Laparra et al., 2018; Bethard et al.,
2017).

Temporal relations extraction challenges includ-
ing temporal relation extraction, time expression
normalization, and domain adaptation, were the
focus of the 2015-2021 SemEval shared tasks
(Bethard et al., 2015, 2016, 2017; Laparra et al.,
2018, 2021) based on the THYME and THYME2
corpora (Styler IV et al., 2014; Wright-Bettner
et al., 2020). To facilitate a focus on temporal rela-
tion extraction, these tasks provided the gold event
and time expressions. Methodological advances
resulting from these challenges enabled initial ap-
plications to real world biomedical use cases.

The 2024 Chemotherapy Treatment Timeline Ex-
traction shared task™ built on this experience with
two subtasks aimed at capturing the difficulty of
extracting cancer treatment information. Subtask
1 asked participants to assemble provided individ-
ual events and temporal expressions into timelines,
while Subtask 2 called for the development of an
end-to-end system including extraction of mentions
and timeline assembly. Nine participating teams
used a data set of more than 73,000 cancer pa-
tients from 2004-2020 from University of Pitts-
burgh Medical Center (UPMC) to complete these
tasks, using a variety of models and approaches. Al-
though most teams used deep-learning approaches,

*https://sites.google.com/view/
chemotimelines2024
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entries were divided in their specific approaches,
with some using prompting approaches for large-
language models (LLMs) and others relying on fine-
tuning of smaller models, with the best fine-tuned
smaller models outperforming the larger models.
Not surprisingly, Subtask 2 was significantly more
difficult than Subtask 1 (Yao et al., 2024).

The 2025 edition of the shared task repeats the
structure of the early task , with the expectation
that substantial methodological advances in the
field would encourage experimentation and yield
insights into the application of state-of-the-art tools
to these challenging tasks.

The next sections described the shared task in
detail, including the dataset, the evaluation method-
ology, the and baseline system. Approaches used
by each of the teams are described along with re-
sults. Additional details are provided in companion
papers by the participating teams.

2 Description of the Shared Task and
Subtasks

Like the 1st edition of the shared task — the 2024
Chemotherapy Timeline Extraction Shared task —
the overall goal of the 2025 shared task is to cre-
ate patient-level timelines of systemic anticancer
therapies (SACT), which we refer to as chemother-
apy treatment events, from all the notes in the
Electronic Health Records (EHRs) available for
a given patient. SACT include traditional cytotoxic
chemotherapy, endocrine therapy, targeted therapy,
and immunotherapy. Clinical narrative texts from
the EHR often contain extensive descriptions of the
temporal sequencing of SACT, presenting a valu-
able opportunity for automated extraction methods.

Clinical timelines require structured represen-
tation for computational processing. Following
established temporal relation frameworks (Wright-
Bettner et al., 2020; Styler IV et al., 2014), we
model chemotherapy treatment timeline using six
core temporal relations: BEFORE, CONTAINS,
CONTAINS-1 (inverse containment), OVERLAP,
NOTED-ON, BEGINS-ON, and ENDS-ON. Fol-
lowing the 2024 shared task, we formalize treat-
ment timelines as structured triplets: <chemother-
apy_event, temporal_relation, time_expression>,
enabling direct computational analysis of SACT
treatment sequences.

Thus, a sentence “2 cycles Carboplatin and

Tht’cps ://sites.google.com/view/
chemotimelines2025/

Taxol, 9/30/13, 10/20/13 in a clinical note can
be modeled as:

<Carboplatin, CONTAINS-1, 2013-09-30>,
<Taxol, CONTAINS-1, 2013-09-30>,
<Carboplatin, CONTAINS-1, 2013-10-20>,
<Taxol, CONTAINS-1, 2013-10-20>.

This representation enables a modular pipeline
approach comprising chemotherapy event extrac-
tion, temporal expression (TIMEX3) identification,
temporal relation classification, time normalization,
and patient-level timeline assembly. The 2024 and
2025 editions of Chemotherapy Treatment Time-
line Extraction shared task both contain two sub-
tasks. Subtask 1 provides gold-standard chemother-
apy events and temporal expressions alongside
EHR notes, focusing participants on temporal re-
lation extraction and timeline construction given
perfect entity recognition. Subtask 2 presents the
realistic scenario where only raw EHR notes are
available, requiring end-to-end systems that jointly
perform entity extraction and timeline reconstruc-
tion. Figure 1 illustrates the overall task frame-
work.

2.1 Data

The 2025 edition uses the same dataset as in the
previous year. We provide a brief description below,
and refer readers to the 2024 overview paper (Yao
et al., 2024) for further details.

We included all available EHR notes for each
patient, regardless of their direct relevance to the
patient’s cancer. A subset of patients’ EHRs
was annotated with <chemotherapy_event, tem-
poral_relation, time_expression> triplets to create
the gold-standard dataset, following the THYME?2
annotation schema (Wright-Bettner et al., 2020;
Styler IV et al., 2014), which is widely used in the
clinical temporal relation extraction research com-
munity (Bethard et al., 2015, 2016, 2017; Lin et al.,
2019, 2021). The final gold-standard patient-level
timelines were automatically generated by merging
all instance-level annotations, followed by dedupli-
cation and collapsing of temporal relations. The
gold-standard dataset was then divided into train-
ing, development (dev), and test sets. Table 1 and
Table 2 present the distributions of the gold dataset
(the Labeled Dataset).

Additionally, we provided an Unlabeled Dataset
containing EHR notes from UPMC for 57,530
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Patient received 2 cycles Carboplatin and
Taxol, 9/30/13, 10/20/13, ...

Patient received 2 cycles Carboplatin and
Taxol, 9/30/13, 10/20/13, ...

Entity Relation Date

Taxol CONTAINS-1 2013-09-30
Carboplatin CONTAINS-1 2013-09-30
Taxol CONTAINS-1 2013-10-20
Carboplatin CONTAINS-1 2013-10-20

Figure 1: Illustration of the two subtasks in the 2024 and 2025 Chemotherapy Treatment Timeline Extraction shared
task. The input of Subtask 1 is patient notes with gold events (highlighted in green) and time expressions (highlighted
in blue). The input of Subtask 2 is patient notes only. The output of both subtasks is a list of chemotherapy treatment
timelines with normalized time expressions. See details in section 2. (Figure is a re-print of Yao et al. (2024) with

slight modifications).

Train Dev Test
Patients  Notes Words Patients  Notes ‘Words Patients  Notes ‘Words
Ovarian cancer 26 1,675 | 1,183,632 8 562 308,814 8 559 257,116
Breast cancer 33 1,002 465,644 16 499 225,588 35 1,333 | 786,896
Melanoma 10 233 124,924 3 211 178,308 10 229 156,083

Table 1: Gold labeled dataset: number of patients, notes, and words across train/dev/test sets. “Words” denotes the

tokens delimited by white spaces.

breast/ovarian cancer patients (2004—2020) and
15,946 melanoma patients (2010-2020). This
dataset has no gold-standard annotations and may
be used for continued training or pretraining of
language models.

Each team’s Principal Investigator (PI) was re-
quired to execute a Data Use Agreement (DUA)
with the University of Pittsburgh to get access to the
Labeled and Unlabeled datasets. Once the DUA
was executed, data were distributed via Globus*.

3 Evaluation

We used the standard F1 metric to evaluate system
performance. Unlike the 2024 edition of the shared
task (Yao et al., 2024), we used the "strict" evalu-
ation metric for this year’s evaluation. That is, all
elements in a triplet must match the corresponding
ones in the gold annotations to count as a match.
The 2024 edition used "relaxed-to-month" matches,
where the month and year must match to count
as matches. Thus, results reported in the 2025 edi-
tion are not directly comparable to the 2024 edition.
The "strict" metric used in the 2025 edition presents

*https://www.globus.org

an increased level of challenge for the participants.

We used two types of metrics to account for
chemotherapy treatment patterns. Although most
patients are treated with chemotherapy agents,
some are not. This is particularly the case for
melanoma patients, who are often treated surgically.
To handle these differences, we used two types of
scores based on results as motivated above:

* Type A: F1: all patients included regardless
of whether they have chemotherapy gold time-
lines.

* Type B: F1 excluding patients with no
chemotherapy timelines.

Type A scores are intended to capture false posi-
tives for patients without chemotherapy treatments,
while Type B score measure the effectiveness of
the methods on patients with confirmed chemother-
apy treatments. The F1 score for each patient was
computed and the final F1 score for each type is the
average across all patients. The Official score used
for the rankings in the Leader Board is the average
of Type A and Type B. A link to the evaluation
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Train Dev Test
EVENT TIMEX3 TLINK | EVENT TIMEX3 TLINK | EVENT TIMEX3
Ovarian cancer 1,168 597 494 790 312 226 664 381
Breast cancer 1,023 576 455 279 146 113 2,560 1,118
Melanoma 147 78 48 789 261 201 398 193

Table 2: Gold labeled dataset: EVENTs/ TIMEX3s/ TLINKSs distribution in the labeled dataset. TIMEX3 and
TLINK refer to time expressions and temporal relations respectively.

script® is posted on the shared task website. Each
team was allowed to upload up to five submissions
for each task.

4 Baseline System

The baseline system for both Subtask 1 and Subtask
2 is the same as in the 2024 edition; we provide a
high-level description below. A detailed descrip-
tion can be found in Yao et al. (2024).

The baseline system is a pipeline system uti-
lizing Apache cTAKES! (Savova et al., 2010)
and its python wrapper (Python bridge to Java
ctakes-pbj) . To fine-tune PubMedBERT (Gu
et al., 2020) first on the THYME?2 clinical temporal
relation dataset (Wright-Bettner et al., 2020) and
then on the shared task dataset, the baseline system
uses Huggingface Transformers (Wolf et al., 2019).
Temporal expression normalization to ISO standard
is done with CLUlab Timenorm’s synchronous con-
text free grammar module (Bethard, 2013). The
final timeline is a summarization where the most
specific temporal relation between a chemotherapy
event and a temporal expression is represented fol-
lowing a temporal relation hierarchy. The system
processes all notes for a given patient without any
type of document pruning. The baseline system is
available as a docker container on the shared task
website .

5 Participating Systems

In this section, we briefly describe the approaches
of participating systems. Each team was asked
to submit short system descriptions along with
their official system submissions as outlined on
the shared task website **. The system summaries
below are based on these descriptions. Details of

§https://github.com/HealthNLPorg/
chemoTimelinesEval
Thttps://ctakes.apache.org
"https://github.com/HealthNLPorg/
chemoTimelinesBaselineSystem
“https://sites.google.com/view/
chemotimelines2025/submission-of-test-output

each system can be found in the separate papers
by each of the team. Table 3 provides a high level
summary description of the participating systems.

Brim utilized the Brim platform ™" and LLMs
to extract relevant elements for Subtask 1. They
applied GPT-40 (OpenAl et al., 2024) and GPT-4.1
# to perform hierarchical question answering for
this task. The Brim team received the dataset one
week before the run submission deadline, therefore
they only submitted one system for Subtask 1.

NLP4Health submitted 3 systems for Subtask 1.
They finetuned small to mid-size opens LLMs (i.e.
Llama3.2-3B, Llama3.1-8B, Grattafiori et al. 2024)
for temporal relation extraction using the gold stan-
dard dataset. For the TIMEX3 normalization step,
they prompted the Qwen3-14B model (Qwen Team,
2025) with zero-shot chain-of-thought (CoT) (Wei
et al. 2022) prompting. In two of their submis-
sions, they also conducted a rule-based postpro-
cessing step. They found the model tended to incor-
rectly predict CONTAINS rather than ENDS-ON
if there were “being on” or “was on” preceding the
TIMEX3 in the text. Therefore, they used Regular
Expression to adjust the final predictions for those
situations. They also used the medSpaCy (Eyre
et al., 2021) package for sentence segmentation
during preprocessing.

NousTime participated in both Subtask 1 and
Subtask 2. They prompted GPT-40 for both the
temporal relation extraction step and TIMEX nor-
malization step. Their prompt encoded extensive
rule logic for inclusion/exclusion criteria, TIMEX3
normalization, and TLINK label assignment.

UAB submitted 3 systems for Subtask 1 and 1
system for Subtask 2. Their main technique was
zero-shot prompting of LLMs. They used Phi4:14B
(Abdin et al., 2024) and GPT-4.1-mini for their
experiments. Unfortunately, in their final submis-
sions, the team missed to submit the output with

https://www.brimanalytics.com/
Hhttps://openai.com/index/gpt-4-1/
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Team Approach Model Task
Brim LLM with the Brim platform GPT-40, GPT-4.1 2
.. Supervised fine-tuning LLMs, Zero- Llama 3.1-8B,
NLP4Health_submissionl shot Chain-of-Though prompting Qwen3-14B !
et et IO L3
NLP4Health_submission2,3 omptine. rule-based (%st- Llama 3.2-3B, 1
Prompne. P Qwen3-14B
processing
NousTime Prompting LLMs GPT-40 1,2
. . hi4:14b
UAB_sub 123 Zero-shot t p : 1
_submission ero-shot prompting GPTA L mini
UAB_submission4 Zero-shot prompting phi4:14b 2
. . Supervised fine-tuning LLMs,
UW-BioNLP_submissionl,2 Direct Preference Optimization Qwen3-14B 2
UW-BioNLP_submission3 Lookup table for entity extraction Qwen3-14B 2
UW-BioNLP_submission4 Prompting LLMs with thinking Qwen3-30B-A3B 2
mode

Table 3: Characteristics of participating systems. NOTE: not enough information for UW-BioNLP_submission3
provided by the participating team; no description of UW-BioNLP_submission5 provided by the participating team.

the last step of summarization, thus their results
might be lower.

UW-BioNLP participated in Subtask 2. They
surpervised finetuned (SFT) Qwen3-14B using the
gold standard dataset. In one of their systems, they
continued to train the model after SFT with Di-
rect Preference Optimization (DPO, Rafailov et al.
2023) to align the outputs with human preferences.
They also explored prompting Qwen3-30B-A3B
(Qwen Team, 2025) with thinking mode.

6 Results and Discussion

Table 4 and 5 present the average F1 scores across
three cancer types with the strict evaluation metric,
which we use as the main metric in the Leader
Board. Results per type of cancer are presented in
Table 6.

Subtask 1 In Subtaskl, all participating systems
underperformed the baseline system, a finetuned
model using PubMedBERT (Gu et al., 2020) and
described in detail in Yao et al. (2024). This
indicates that in well-defined information extrac-
tion biomedical tasks, domain-specific pretrained
language models retain a competitive edge over
general-purpose LLMs. Among the 8 participat-
ing systems, both the NousTime team and UAB
team used the “prompting LLM” method, the per-
formance discrepancy shows that prompting LLMs
is far from a uniform strategy. Larger models such
as GPT-4o0 appear more successful in a prompting

setup as compared to the smaller models such as
Llama 3.1/3.2 and Qwen. Model capacity, prompt
design, inclusion of few-shot examples, decoding
strategy, and post-processing choices all potentially
contribute to the final outcome.

Subtask 2 In Table 5 which presents Subtask 2
results, we notice the big performance drop from
the best Subtask 1 result (73.01 F1 for Subtask 1
and 67.81 for Subtask 2). The same is observed
across team, for example, NousTime’s best result
in Subtask 2 is 62.41 F1, about 10 points lower than
its performance in Subtask 1 (73.01 F1), showing
that the end-to-end timeline extraction is a much
harder task (as is expected to be the case). Ten out
of the twelve Subtask 2 submissions beat the base-
line system by 5.35 - 21.9 F1 points. All of those
ten systems employ LLMs in various ways (SFT or
prompting), which suggests that when entity recog-
nition is part of the task, LLMs’ ability to jointly ex-
tract and reason the timeline and its necessary com-
ponents is a big advantage over smaller biomed-
ical pretrained language models. Relying on the
LLM’s learned knowledge appears a better strat-
egy than explicitly representing events in lookup
tables (UW-BioNLP submission 1/2/4 v. UW-
BioNLP submission 3). We also notice that within
LLM-based strategies, fine-tuned and alignment-
optimized models (e.g. UW-BioNLP submission
1/2/4) clearly outperform simple prompting-based
systems.



Team Submission Type A Type B Official
NousTime submission1 82.20 63.81 73.01
NousTime submission2 | 81.77 63.05 72.41
NLP4Health | submission2 | 74.01 45.32 59.66
NLP4Health | submissionl | 73.99 45.30 59.64
NLP4Health | submission3 | 73.66 44.01 58.84
UAB* submission3 | 47.80 20.30 34.05
UAB* submission2 | 40.12 15.60 27.86
UAB* submissionl | 32.62 13.18 22.90
Baseline - 85.73 68.73 77.23

Table 4: Subtask 1 evaluation results. We report the average F1 scores across three cancer types (breast cancer,
ovarian cancer, melanoma) in the dataset. Scores are with the strict evaluation metric, thus not comparable to the
results from the 2024 Chemotherapy shared task which included relaxed-to-month evaluation. *: potentially without
timeline summarization at the time of submission, thus results are likely lower.

Team Submission Type A Type B Official
UW-BioNLP | submissionl | 74.81 60.81 67.81
UW-BioNLP | submission2 | 74.70 58.50 66.60
UW-BioNLP | submission4 | 72.24 56.58 64.41
NousTime submission4 | 73.02 51.80 62.41
NousTime submission3 | 73.14 50.10 61.62
NousTime submission5 | 72.69 49.22 60.96
UW-BioNLP | submission5 | 68.20 52.34 60.27
UW-BioNLP | submission3 | 64.85 44.10 54.48
NousTime submissionl | 52.83 51.34 52.09
NousTime submission2 | 55.26 47.25 51.26
Brim submissionl | 51.48 29.22 40.35
UAB* submission4 | 42.25 3.38 22.82
Baseline - 59.79 32.03 4591

Table 5: Subtask 2 evaluation results. We report the average F1 scores across three cancer types (breast cancer,
ovarian cancer, melanoma) in the dataset. Scores are with the strict evaluation metric, thus not comparable to the
results from the 2024 Chemotherapy shared task which included relaxed-to-month evaluation. *: potentially without
timeline summarization at the time of submission, thus results are likely lower.

6.1 Comparison of Systems and Results —
2024 and 2025 ChemoTimelines Shared
Task

In the 2025 shared task edition, there are more sub-
missions for Subtask 2, the end-to-end timeline
extraction task which is the more difficult albeit
realistic task — 8 submissions for Subtask 1 and 12
submissions for Subtask 2. In the 2024 shared task
edition (Yao et al., 2024), there were 18 submis-
sions for Subtask 1 and 9 submissions for Subtask
2.

A comparison between the 2024 and 2025 shared
task Subtask 2 results reveals the substantial im-
pact of the evaluation metric strictness and likely
genuine system improvements over the interven-

ing year. Under the relaxed-to-month evaluation
in 2024, the baseline system achieved an official
F1 score of 58, while the same baseline under the
strict evaluation in 2025 dropped to 45.91. The top-
performing 2025 systems (UW-BioNLP at 67.81 F1
under strict evaluation) would likely achieve sub-
stantially higher scores if evaluated under 2024’s
relaxed-to-month metric, likely significantly out-
performing the best 2024 systems LAILab (Had-
dadan et al., 2024) at 70. This suggests that while
the stricter 2025 evaluation exposes remaining chal-
lenges in precise temporal boundary detection, the
underlying systems have indeed made considerable
advances in temporal reasoning capabilities.

Methodswise, supervised fine-tuning remains



BREAST CANCER

Team Submission Type A TypeB Official

NousTime submissionl  79.31 65.32 72.31
NousTime submission2  78.90 64.53 71.72
NLP4Health submission3  71.02 43.65 57.34
NLP4Health submission2  70.10 41.87 55.98
NLP4Health submissionl  70.06 41.78 55.92

UAB* submission3  45.36 38.21 41.78

UAB* submissionl  36.13 25.81 30.97

UAB* submission2  32.66 19.06 25.86

Baseline - 86.85 74.44 80.64
MELANOMA

Team Submission Type A TypeB Official

NousTime submission2  83.56 58.90 71.23
NousTime submission] 83.11 57.76 70.43
NLP4Health  submissionl 80.56 51.41 65.99
NLP4Health submission2  80.56 51.41 65.99
NLP4Health submission3  76.90 42.25 59.58

UAB* submission2  54.73 11.83 33.28

UAB* submission3  53.30 8.26 30.78

UAB* submissionl  30.57 1.43 16.00

Baseline - 82.22 55.54 68.88
OVARIAN CANCER

Team Submission Type A TypeB Official

NousTime submission] 84.18 68.36 76.27
NousTime submission2  82.85 65.70 74.28
NLP4Health submission3  73.07 46.14 59.61
NLP4Health submissionl  71.35 42.70 57.02
NLP4Health submission2  71.35 42.70 57.02

UAB* submission3  44.72 14.44 29.58
UAB* submission2  32.96 1591 24.43
UAB* submissionl  31.15 12.30 21.72
Baseline - 88.11 76.21 82.16

(a) Subtask 1

BREAST CANCER
Team Submission Type A TypeB Official

UW-BioNLP submission2  74.79 67.64 71.22
UW-BioNLP submission4  70.89 71.18 71.04
UW-BioNLP submissionl  72.11 67.99 70.05
UW-BioNLP submission5  63.10 67.14 65.12
NousTime submission4  73.65 54.31 63.98
UW-BioNLP submission3  62.25 59.93 61.09
NousTime submissionl  63.02 55.87 59.45
NousTime submission3  72.15 45.85 59.00
NousTime submission2  62.49 54.85 58.67
NousTime submissionS  70.80 43.23 57.01

Brim submissionl  47.10 41.59 44.34

UAB* submission4 ~ 38.43 8.05 23.24

Baseline - 54.04 43.96 49.0
MELANOMA

Team Submission Type A TypeB Official

NousTime submissionl ~ 64.42 61.04 62.73
NousTime submission4  70.45 51.12 60.78
NousTime submission3  69.81 49.52 59.66
NousTime submissionS  69.81 49.52 59.66
UW-BioNLP submissionl 69.59 48.97 59.28
UW-BioNLP submission2  68.46 46.14 57.30
NousTime submission2  60.70 51.75 56.23
UW-BioNLP submission3  65.53 38.83 52.18
UW-BioNLP submissionS  63.82 34.55 49.19
UW-BioNLP submission4  63.80 34.51 49.16

Brim submission]l  62.84 32.11 47.48

UAB* submission4  50.83 2.08 26.46

Baseline - 52.94 7.34 30.14
OVARIAN CANCER

Team Submission Type A TypeB Official

UW-BioNLP submissionl  82.73 65.45 74.09
UW-BioNLP submission4  82.02 64.05 73.04
UW-BioNLP submission2  80.86 61.72 71.29
UW-BioNLP submission5  77.67 55.34 66.50
NousTime submission3  77.46 54.92 66.19
NousTime submission5  77.46 54.92 66.19
NousTime submission4 ~ 74.98 49.96 62.47
UW-BioNLP submission3  66.78 33.55 50.16
NousTime submission2  42.58 35.16 38.87
NousTime submissionl  31.06 37.12 34.09

Brim submission1 44.49 13.98 29.24
UAB* submission4  37.50 0.00 18.75
Baseline - 72.40 44.79 58.59

(b) Subtask 2

Table 6: Evaluation results for each cancer type. Scores are with the strict evaluation metric (F1 score), thus not
comparable to the results from the 2024 Chemotherapy shared task which included relaxed-to-month evaluation. *:
potentially without timeline summarization at the time of submission, thus results are likely lower.

a productive approach albeit with a shift of SFT
to very large language models. For example,
the 2024 team LAILab (Haddadan et al., 2024)
finetuned flan-T5-XXL which has 11B parame-
ters (Chung et al., 2022), while the 2025 team

UW-BioNLP finetuned Qwen3-14B (Qwen Team,
2025). Prompting techniques evolved as well —
the UW-BioNLP_submission4 applied prompting
LLMs with the thinking mode. Classic machine
learning techniques were not explored in the 2025



edition unlike in the 2024 edition.

Even with the "strict” evaluation metric, the best
2025 results for Breast Cancer and Ovarian Can-
cer are either better or on par with the best 2024
relaxed-to-month results. 2025 results per type
of cancer are presented in Table 6. Unlike the
2024 shared task where for Subtask 2 melanoma
and breast cancer achieved better results, the 2025
results are slightly reversed — results for ovarian
and breast cancer are better than for melanoma.
The best results for breast cancer for Subtask 2 are
71.22 F1 for 2025 strict Official score v. 68 F1
for 2024 relaxed-to-month Official score. The best
results for ovarian cancer for Subtask 2 are 74.09
F1 for 2025 strict Official score v. 74 for 2024
relaxed-to-month Official score. These results are
encouraging as they are approaching the human-
in-the-loop performance target as suggested by the
US National Cancer Institute (NCI) Surveillance,
Epidemiology, and End Results (SEER) program
— end-to-end applications target of at least 0.75 F1
for human-in-the-loop setting which allows correc-
tions by experts. However, reaching the NCI SEER
recommendation for automated systems target per-
formance of at least 0.95 F1 would require more
methodological research.

While multiple factors could have contributed to
the performance improvements in the 2025 shared
task, a likely explanation is the fundamental ad-
vancement in LLM technology — including architec-
tural refinements, enhanced pretraining data quality
and diversity, and improved training paradigms.

7 Conclusion

The 2025 Shared Task on Chemotherapy Treatment
Timeline Extraction builds upon the initial 2024
challenge but raised the bar by applying the strict
F1 metric where exact matches of normalized dates
and treatments are needed. The participating sys-
tems employed a variety of methods with a distinct
shift towards exploiting very large language models
— either through supervised fine-tuning, alignment
or prompt engineering. As we point out in the
Discussion section, the results are encouraging as
they are approaching the human-in-the-loop perfor-
mance target recommendation by the NCI SEER
program — end-to-end applications target of at least
0.75 F1 for human-in-the-loop setting which allows
corrections by experts. However, reaching the NCI
SEER recommendation for automated systems tar-
get performance of at least 0.95 F1 would require

more methodological research on this complex task
that remains unsolved even with the current tech-
nological advances.
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