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Abstract

Extracting chemotherapy timelines from clini-
cal narratives is a challenging task, but critical
for cancer research and practice. In this paper,
we present our approach and the research in-
vestigation we conducted to participate in Sub-
task 1 of the ChemoTimelines 2025 shared task
on predicting temporal relations between pre-
identified events and time expressions. We eval-
uated multiple fine-tuned large language mod-
els for the task. We used supervised fine-tuning
strategies for Llama3-8B model to classify tem-
poral relations. Further, we set up zero-shot
prompting for Qwen3-14B to normalize time
expressions. We also pre-trained and fine-tuned
a Llama3-3B model using unlabeled notes and
achieved results comparable with the fine-tuned
Llama3-8B model. Our results demonstrate the
effectiveness of fine-tuning and continual pre-
training strategies in adapting large language
models to domain-specific tasks.

1 Introduction

Understanding patient chemotherapy timelines is
crucial to making clinical decisions about cancer
care. However, most of the temporal information
about treatment plans is contained in extensive
clinical narratives and is currently only accessi-
ble through manual chart review, which is time-
consuming and labor-intensive. New methods are
needed to automatically extract temporal relations
to fully utilize the utility of clinical notes.

Recently, Large Language Models (LLMs), pre-
trained on large amounts of unstructured data and
instruction-tuned to follow human instructions bet-
ter, have achieved promising performance in infor-
mation extraction, text generation, and classifica-
tion tasks. In this paper, we present our approach to
adapt open-source generic LLMs to oncology. We
develop new approaches to automatically extract
temporal relationships between pairs of chemother-
apy events and time expressions within patients’

clinical notes. We reformulated the relation extrac-
tion task into a text generation task and used Super-
vised Fine Tuning (SFT) techniques to instruct the
model to generate the relation-type labels.

The main contributions of this paper are:

1. Introduce a novel SFT approach to adapt gen-
eral LLMs to address temporal relation extrac-
tion in clinical narratives.

2. Implement an end-to-end system to use (i) a
small-scale Llama3 LLM for temporal rela-
tion classification, and (ii) a medium-scale
Qwen3 model for time normalization tasks.

3. Experimentally evaluate whether continual
pretraining could help smaller LLMs achieve
performance comparable to larger LLMs after
fine-tuning.

2 Related Work

Temporal relation extraction is essential in the clin-
ical domain to understand disease progression, di-
agnose health conditions, and evaluate treatment
effectiveness (Zhou and Hripcsak, 2007). In prior
work, researchers such as Tang et al. (2013), Cherry
et al. (2013) and Sohn et al. (2013) have proposed
hand-crafted features and conventional machine
learning algorithms for this task. With the emer-
gence of pre-trained language models, researchers
benefited from the generic representational power
of Transformer-based models, including BERT
(Zhou et al., 2021), RoBERTa (Tan et al., 2024),
and BART (Wright-Bettner et al., 2020; Yan et al.,
2021), to improve the performance of temporal
relation extraction. Lin et al., 2021 proposed En-
tityBERT, which was obtained by continually pre-
training PubMedBERT on a clinical corpus. These
models leveraged contexualized embeddings and
domain adaptation techniques like fine-tuning and
continual pretraining, and have shown improve-
ment over conventional machine learning models.
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With recent advances in Large Language Mod-
els (LLMs), instruction tuning has been crucial to
improve zero-shot learning capabilities and to bet-
ter follow human instructions to perform specific
tasks (Ouyang et al., 2022; Chung et al., 2022).
These abilities can be further enhanced by Super-
vised Fine Tuning (SFT), a technique of adapting
an LLM that is pretrained on a general domain
to perform a specific task. SFT allows the model
to be fine-tuned in a supervised setting, where it
learns the patterns among the instruction-response
examples of training data. This technique has been
commonly used to adapt LLMs for text classifica-
tion, entity recognition, and question answering
tasks.

In addition to these fine-tuning techniques, stud-
ies find that continual pretraining for LLMs over
domain corpus can improve the end-to-end within-
domain performance (Ke et al., 2023). Further,
(Xie et al., 2024) showed that pretraining LLMs on
task-specific corpus is more efficient in improving
the end-task performance. However, these tech-
niques have rarely been studied for temporal rela-
tion extraction in the clinical domain.

3 Methodology

In this section, we describe our proposed ap-
proach using LLMs for temporal relation classi-
fication, post-processing, time normalization, and
chemotherapy timeline construction for each pa-
tient. Figure 1 illustrates our submitted systems.

3.1 Dataset and Task description

We participated in ChemoTimelines 2025 Subtask
1, which aims to classify temporal relations be-
tween pre-identified chemotherapy events (Yao
et al., 2025). There are three types of relations
to classify – BEGINS-ON, ENDS-ON, and CON-
TAINS. In addition to the relation classification,
this subtask requires the participants to normal-
ize the time expressions into ISO standard for-
mat and resolve any duplicates or conflicts among
events when organizing them into patients’ time-
lines. The dataset is provided by University of Pitts-
burgh/UMPC, and consists of de-identified notes
from the electronic health records (EHRs) of breast
cancer, melanoma, and ovarian cancer patients. De-
tails about the subtasks, data distribution, and eval-
uation methodology are described in Yao et al.,
2025.

Figure 1: Overview of the submitted systems.

3.2 Text Pre-processsing

With the gold annotation of chemotherapy events
(EVENTs) and time expressions (TIMEX3s) pro-
vided, the goal of our system is to predict the tem-
poral relations between them and then produce
patient-level timelines.

As a first step, we curated a set of instruction-
response examples from the training set for the
SFT. We tagged all EVENTS and TIMEX3 entities
in the notes using the markers <event> </event>
and <time> </time>, respectively. We used the
medspaCy library (Eyre et al., 2021) to segment
clinical notes into sentences. Then, we constructed
instruction contexts by including the sentences that
contain the EVENT and TIMEX3 entities, and
all sentences between them. We constructed the
contexts this way for every combination of the
EVENT and TIMEX3 provided. This process cre-
ated negative examples when the tagged EVENT
and TIMEX3 entities were not related, and we used
the label NO-REL to indicate absence of a relation.
To limit the number of NO-REL examples and
avoid working with a heavily imbalanced dataset,
we excluded instances where the distance between
the EVENT and TIMEX3 entities exceeds 250 to-
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Label # Train # Dev

Breast Cancer
BEGINS-ON 131 27
CONTAINS 298 57
ENDS-ON 26 29
NO-REL (pre-threshold) 2320 710
NO-REL (post-threshold) 389 133
Melanoma
BEGINS-ON 10 42
CONTAINS 37 157
ENDS-ON 1 2
NO-REL (pre-threshold) 293 1138
NO-REL (post-threshold) 35 192
Ovarian Cancer
BEGINS-ON 100 34
CONTAINS 326 140
ENDS-ON 65 52
NO-REL (pre-threshold) 1536 1363
NO-REL (post-threshold) 346 226

Table 1: Number of relation type labels in training and
development sets.

kens, as we observed that the maximum distance
between the entities in the positive examples in the
training set was 213 tokens. As Table 1 shows, this
simple threshold reduced the number of negative
examples by 81–88% across the three cancer types.

3.3 LLM Fine-Tuning

Inspired by Haddadan et al., 2024, we reformulated
Subtask 1 as a text generation task and fine-tuned
LLMs in an SFT fashion. Appendix A describes
our fine-tuning approach, the instruction we used,
and the expected result. In the instruction prompt,
we included the definitions of each temporal re-
lation type, provided by Yao et al., 2025, and in-
structed the model to only focus on the tagged
entity pair. We appended the preprocessed context
after the instruction and instructed the model to
only output one of the predefined temporal relation
labels: BEGINS-ON, ENDS-ON, CONTAINS, or
NO-REL without additional texts and reasoning.
We trained four instruction-tuned LLMs for our
experiments – Llama-3.1-8B-Instruct, Llama-3.2-
3B-Instruct (Grattafiori et al., 2024), Qwen3-8B
(Yang et al., 2025), and Ministral-8B-Instruct-2410
(Mistral AI Team, 2024).

In preliminary experiments, we found that LLMs
often fabricated the output on the development set,
even after we fine-tuned them. For example, mod-

els would generate labels that were not within the
predefined label set, provide more than one label,
or generate additional text. However, we observed
that letting LLMs generate JSON-formatted output
reduced such fabrication. In addition, assigning
numbers to relation labels also helped alleviate the
issue. Subsequently, we added additional instruc-
tions after the input context and asked the model to
strictly follow the specified JSON format.

For our experiments, we used Huggingface’s
SFTTrainer to fine-tune the models. The learning
rate was set to 2e-5 with a cosine scheduler and
the weight decay of 0.001. We set the maximum
sequence length to 512 and fine-tuned all models
for 5 epochs. To fit the experiments in a single
NVIDIA A100 GPU, we loaded and fine-tuned all
models in the BFloat16 format implemented by
PyTorch and used paged-AdmW optimizer with
8-bit quantization.

3.4 Continual Pretraining Small-Scale LLMs
Following (Xie et al., 2024), we investigated
whether continually pretrained on an unlabeled cor-
pus could improve the performance of LLMs on
temporal relation extraction in the clinical domain.
Further, we also wanted to study whether pretrain-
ing using a fraction of unlabeled corpus could help
smaller-scale LLMs achieve performance compara-
ble to large-scale LLMs after fine-tuning.

Due to a limited GPU memory availability, we
investigated this question only with the Llama-3.2-
3B-Instruct model. We pre-trained the model us-
ing 500 unlabeled notes sampled across all cancer
types. Similar to the previous experiments, we
loaded and trained the model using BFloat16 for-
mat and a Paged AdmW optimizer in 8-bit quanti-
zation. We directly pre-trained the Llama-3.2-3B
model using full notes for 3 epochs.

3.5 Time Normalization and Timeline
Summarizations

Once temporal relations were classified, we fed the
input context into a new Qwen3-14B LLM, and
normalized the TIMEX3 entities using zero-shot
prompting. Specifically, we instructed the model to
only normalize the tagged TIMEX3 entity into one
of the ISO-8601 standard formats – YYYY-MM-
DD and YYYY-Www, as specified in the shared
task description. We then used Chain-of-Thoughts
prompts to instruct the model to normalize time en-
tities based on the information available in the input
context. This helps the model decide when to nor-
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malize time entities using the YYYY-Www format,
for example when the time entity is related to week
numbers, such as “in 4 weeks”. In addition, when
the document time (DOCTIME) was available, we
asked the model to take it into consideration. We
instructed the model to generate a JSON-formatted
output to reduce fabrication. Appendix B includes
additional details on the instruction we used for
time normalization.

After obtaining normalized [EVENT, relation,
TIMEX3] tuples, we ordered them to generate time-
lines for each patient, according to the rules speci-
fied in the shared task. We removed duplicates and
for tuples with same EVENT and TIMEX3 entities,
we only kept the ones with more specific types, viz.,
BEGINS-ON and ENDS-ON. Finally, we removed
generic mentions of chemotherapy (e.g., words like
“chemo” and “chemotherapy”) if a more specific
EVENT is included with the same relation type and
TIMEX3 entity.

3.6 Evaluation Metrics

The extracted timelines are evaluated by comparing
the predicted [EVENT, relation, TIMEX3] tuples
against the gold timelines tuples for each patient.
We used the evaluation code provided by Yao et al.,
2025 to evaluate our approaches in development
and validation sets. The overall F1 score is cal-
culated by averaging Type A and Type B metrics.
Type A F1 score includes all patients regardless
of the presence of chemotherapy timelines and
Type B F1 scores include only patients with ef-
fective chemotherapy timelines. The official metric
for the shared task adopts strict evaluation, where
the true positive means that all three elements of a
predicted tuple must match the corresponding gold-
label tuple for a patient to be considered correct.

4 Results

We submitted three runs on the test set. The first
submission uses the fine-tuned Llama3.1-8B model
for temporal relation classification and the Qwen3-
14B model for time normalization. When we evalu-
ated this system on the development set, we found
that the model often misidentified the ENDS-ON
type with CONTAINS if the TIMEX3 entity is pre-
ceded with a linking verb like “be” or “was” and
the preposition “on”. So, in the second submission,
we applied a regular expression to match this pat-
tern in the input context and changed the predicted
CONTAINS label. The third submission uses the

fine-tuned Llama3.2-3B model with continual pre-
training on the unlabeled notes for the temporal
relation classification and Qwen3-14B model for
time normalization. We also applied the regex pat-
tern to fix the potentially misidentified ENDS-ON
labels.

Table 2 shows the results of our systems on both
development and test sets. For the test set, sub-
mission 2 achieved the highest average F1 score of
59.66 – 55.98 for the breast cancer patients, 65.99
for melanoma patients, and 57.02 for the ovarian
cancer patients. We should note that while sub-
mission 3 achieved the highest scores for breast
cancer (57.34) and ovarian cancer (59.61), the av-
erage score for submission 3 was the lowest of our
submissions due to its low F1 for melanoma. These
trends were similar to our results on the develop-
ment set; submission 2 was the best-performing
system on the development set with an average F1
score of 83.69 – 82.07 for breast cancer, 82.34 for
melanoma, and 86.66 for ovarian cancer. How-
ever, on the development set, Llama3.2-3B based
submission 3 achieved similar performance to the
Llama3.1-8B model based submissions for breast
cancer and melanoma and performed much worse
on ovarian cancer, which is different from what
happened on the test set.

5 Error Analysis

Due to the unavailability of the gold timelines
for the test set, we will provide the error analy-
sis based on the results on the development set.
Two main sources of errors are the ENDS-ON
cases and time normalization. Out of 83 ENDS-
ON cases in the development set, our best fine-
tuned model, Llama3.1-8B, makes 43 wrong pre-
dictions with 42 of them being misidentified as
CONTAINS. We notice that our model is prone
to make this wrong prediction when there is
an “on” preposition preceded the TIMEX3 en-
tity. For example, “Patient has completed 4 cy-
cles of <event>Adriamycin</event> and Cytoxan,
with the last dose being on <time>7/27/13</time>.”
This error did not appear in cases with other prepo-
sitions such as “through” or “in”; for example,

“Carboplatin, cytoxan, and <event>Avastin</event>
x8 cycles through <time>May 2013</time>.” Sub-
sequently in submission 2, we used regexes to fix
these errors by looking for more specific text pat-
terns such as “being on” and “was on” in order to
reduce false positives. As depicted in Table 2, the
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Average Breast Cancer Melanoma Ovarian Cancer

Development set
1. Llama3.1-8B + Qwen3-14B 0.83 0.84 0.83 0.82
2. Llama3.1-8B + Regex + Qwen3-14B 0.84 0.82 0.82 0.87
3. Llama3.2-3B + Regex + Qwen3-14B 0.80 0.83 0.83 0.73

Test set
1. Llama3.1-8B + Qwen3-14B 0.60 0.56 0.66 0.57
2. Llama3.1-8B + Regex + Qwen3-14B 0.60 0.56 0.66 0.57
3. Llama3.2-3B + Regex + Qwen3-14B 0.59 0.57 0.60 0.60

Table 2: Patient timelines evaluation on development and test sets across all cancer types. Bold scores indicate the
highest score for each cancer type

regexes improved submission 2 by increasing the
accuracy for ovarian patients and thus the average
score in the development set. However, it did not
improve the results in the test set. We postulate
this behavior may be due to overfitting as we no-
tice that the ENDS-ON cases are more likely to
have “through” or “in” as prepositions of TIMEX3
entities in the training set.

For time normalization, the majority of errors
in the development set came from misrepresent-
ing YYYY-MM-DD format by YYYY-Www for-
mat. For example, the original text of the tuple
[“chemotherapy”, “contains-1”, “2013-02-13”]
for patient 35 is “Return in <time>3 weeks</time>
for <event>chemotherapy</event> will commence
with IV/IP PGH” The Qwen-14B model wrongly
normalized the time “3 weeks” to “2013-W07”
since we instruct the model to normalize time
into YYYY-Www format if the information of day
is unavailable and the term is related to week in
our chain-of-thought prompt. This error could be
caused by the limited input context, as we only
included sentences that were between the EVENT
and TIMEX3 entities. Additional relevant informa-
tion for normalizing dates may be contained in a
larger context window.

When running our systems on the test set, al-
though in rare cases, it is worth noting that the
fine-tuned Llama3.1-8B model fabricates output
by not following the JSON format or generating
invalid labels. On the other hand, the continually-
pretrained and fine-tuned Llama3.2-3B model did
not fabricate any output. This suggests that contin-
ually pretraining language models on a task-related
unlabeled corpus can improve domain adaptation
and stability of large language models.

6 Conclusions

In this paper, we present our effort in participat-
ing in the ChemoTimelines 2025 Shared task 1.
We leverage the general domain, instruction-tuned
LLMs and fine-tune them in a supervised fash-
ion to extract chemotherapy timelines from clin-
ical notes. The results show that Llama3.1-8B
+ Qwen3-14B system, with a regex-based correc-
tion was the best model and achieved second place
among teams for Subtask 1. Although our con-
tinually pre-trained Llama3.2-3B model received
the lowest rank among our three systems, it per-
forms the best on breast and ovarian cancer notes
and does not fabricate the output when conduct-
ing inference on the new data. Our results show
that fine-tuning still remains an important tool to
enhance the capabilities of LLMs in more specific
domains, and continual pretraining can further im-
prove the effects of fine-tuning, helping small-scale
LLMs to achieve comparable performance to larger
scale LLMs. Future work to improve our system
may include using techniques like early-stopping to
prevent overfitting and tackling the low frequency
labels like ENDS-ON through data augmentation.

7 Limitations

There are multiple limitations to this work because
of factors related to experimental set up. First, due
to the limited computational resources, we could
only fine-tune and pretrain our models using 8-bit
optimizers. This prevented us from training models
using full precision, which could result in better
relation type classification. Further, we ran pre-
training only using a small set of unlabeled notes,
very few of which were related to Melanoma, re-
sulting in the under-performance on the Melanoma
patients in the test set.
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Second, the implementation of SFTTrainer in
the Transformer library does not support using cus-
tomized metrics for evaluation. This made it diffi-
cult to track the fine-tuning process and implement
early-stopping.

Finally, due to the time limitations, we did not
conduct hyperparameter tuning. Optimal hyper-
parameters may increase the stability and perfor-
mance of LLMs, reducing fabrications, and improv-
ing timeline extraction.

8 Ethics Statement

The pre-training and post-training in this study
were conducted in a secured computing environ-
ment provided by University of Michigan Health
Information and Technology Services, which in-
cludes the safeguards required by HIPAA. All the
data used in shared tasked was de-identified by the
ChemoTimelines 2025 organizers. The access of
the data was executed by a data user agreement
with University of Pittsburgh, and was regulated
by Institutional Review Boards of the University of
Michigan Medical School, to ensure the continual
adherence to ethical guidelines.
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A Supervised Fine-Tuning Instruction

We use the following instruction to conduct super-
vised fine-tuning on Llama 3 models:

“You will assist a clinician to classify temporal re-
lations from sentences extracted from the patient
notes. Temporal relations refers to a set of time-
line relations between EVENTS and TIMES. The
relation can be BEGINS-ON, CONTAINS, ENDS-
ON and NO-REL. BEGINS-ON signals that the
EVENT begins on the TIME it’s related to. ENDS-
ON signals that the EVENT ends on the TIME it’s
related to. CONTAINS signals that the EVENT
is completely contained within the temporal span
of the TIME it’s related to. NO-REL signals that
the EVENT does not relate to the TIME presented.
Here is an input context describing the relation be-
tween an EVENT and TIME. The markers <event>
and </event> surrounds the EVENT entity. The
markers <time> and </time> surrounds the TIME
entity. Given the input text, extract the relation
between the EVENT and TIME entities.

Here are sentences extracted from a patient note
for you to extract temporal relations: sentences
Note: Your answer must only be the relation be-
tween the two given entities and must follow this
exact JSON format: “Answer”: [INSERT 1 for
BEGINS-ON, 2 for CONTAINS, 3 for ENDS-
ON and 99 for NO-REL]. YOUR RESPONSE
MUST BE IN THIS EXACT JSON FORMAT.
YOU MUST CHOOSE ONLY ONE RELATION.
DO NOT OUTPUT NUMBERS THAT ARE NOT
1,2,3 AND 99. DO NOT OFFER EXPLANA-
TIONS OR ANY ADDITIONAL TEXT. Make
sure your output follows the json format strictly.”

B Time Normalization Instruction

We use the following instruction to conduct time
normalization using Qwen3-14B model:

“You need to normalize the provided time entity
in the following sentences to the ISO 8601 standard
format, either YYYY-MM-DD and YYYY-Www,
and a week starts from Monday. When you nor-
malize the time, consider the following steps: 1.
Try normalizing the time entity into the YYYY-
MM-DD format if you can find information for
the day. 2. if you cannot find information for the
day, but the month is mentioned, try normalizing
it to the YYYY-MM format. 3. If both day and
month are not mentioned, and the time entity is a

term related to week numbers, i.e., next week, 4
weeks and last week, try using the week number
prefixed by the letter W and normalizing the time
entity into the YYYY-Www format. 4. if the last
three steps failed and you can’t normalize the time
entity, output 9999-99-99.

The date that this document is created is
row[‘DOCTIME’]. You need to consider this docu-
ment time when normalizing the time entity.

The markers <time> and </time> surrounds the
time entity in the sentences for you to normal-
ize. Here are sentences extracted from a patient
note: sentences. Please generate your answer in
the following json format: “Answer”: <insert time
normalized to the ISO 8601 standard format or
9999-99-99 if you can’t normalize the time en-
tity>. YOUR RESPONSE MUST BE IN THIS
EXACT JSON FORMAT and MAKE SURE YOU
FOLLOW THE FORMAT STRICTLY. PLEASE
ONLY FOCUS ON THE TIME ENTITY SUR-
ROUNDED BY THE MARKERS. DO NOT GEN-
ERATE ADDTIONAL TEXT.”
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