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Abstract

Reconstructing the timeline of Systemic An-
ticancer Therapy (SACT) or "chemotherapy"
from heterogeneous Electronic Health Record
(EHR) notes is a challenging task. Rapid devel-
opments in Large Language Models (LLMs),
including a range of architectural improve-
ments and post-training refinements since the
2024 Chemotherapy Timelines Task could
make this task more tractable. We evaluated
the performance of 4 recently released LLMs
(GPT-4.1-mini, Phi4 and 2 Qwen3 models) on
this task. Our results indicate that even with
a variety of prompt optimization and synthetic
data training, more work is still needed to see a
useful application of this work.

1 Introduction

Accurately extracting Systemic Anticancer Ther-
apy (SACT) or "chemotherapy" treatment timelines
from clinical narratives is essential for conducting
retrospective outcome studies, enabling researchers
to correlate the sequence and timing of adminis-
tered regimens with long-term patient outcomes
and responses. However, clinical documentation
is often scattered between heterogeneous types
of note. This makes both manual abstraction of
timelines exceptionally laborious and error-prone
and increases the complexity of development for
systems abstracting these timelines. Continued
advances in large language models (LLMs) with
improved reasoning capabilities(OpenAl, 2025),
larger context window sizes and higher overall per-
formance may enable SACT extraction above base-
lines seen in the 2024 task(Yao et al., 2024). This
includes newer models such as GPT-4.1(OpenAl,
2025), a derivative of the larger proprietary model
GPT-4(Achiam et al., 2023) as well as smaller
local LLMs such as Phi4(Abdin et al., 2024)and
Qwen3(Yang et al., 2025) with reasoning ability.
Furthermore, smaller masked language models of
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which BERT(Devlin et al., 2019) is the canoni-
cal example have seen both architectural improve-
ments (Warner et al., 2024) and biomedical fine-
tuning since 2024(Lee et al., 2025). However, ef-
forts have been limited due to a single, domain-
specific data set (Yao et al., 2024) that includes
only three types of cancer: breast, ovarian, and
melanoma. In this work, we assess the ability of
recent LLMs to address this problem on the Chemo-
Timelines 2025 Shared Task(Yao et al., 2025) for
both Task 1 (where additional gold annotations are
provided) and Task 2 where input is restricted to
clinical notes.

1.1 Related Work

For both Task 1 and Task 2, SACT timelines must
be generated and consolidated. A variety of ap-
proaches have been used for this, including the
use of local LLMs(Yao et al., 2024) which have
the ability to create non-extractive timelines that
are not present in the original text. A variety of
strategies can be deployed for this, of which fine-
tuning(Anisuzzaman et al., 2025), retrieval aug-
mented generation (RAG)(Arslan et al., 2024), and
prompt engineering(Brown et al., 2020) are pop-
ular choices. Fine-tuning is costly, but prompt-
engineering is a light-weight strategy for perfor-
mance improvement. One such modular prompt-
engineering framework is DSPy(Khattab et al.,
2024) which implements a variety of different
prompt engineering strategies including Simba(Lee
et al., 2024), MIPROv2(Opsahl-Ong et al., 2024) as
well as few-shot selection. Prompts provide an easy
mechanism to include relevant temporal events ei-
ther from the gold information in Task 1 or through
encoder-based extraction methods. Fine-tuned en-
coders may still outperform LLMs in information
extraction tasks due to their bidirectional under-
standing of language (the result of masked lan-
guage modeling instead of autoregressive training),
however, more recent results are mixed(Obeidat
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Figure 1: System Overview. Both Task 1 and Task 2
system use DSPy in conjunction with a LLM to generate
JSON formatted SACT timeline predictions. The Task
1 system uses gold EVENTS and TIMEX whereas the
Task 2 system directly generates those from text.

et al., 2025; Arzideh et al., 2025; Roccabruna et al.,
2024). Similarly to others(Bannour et al., 2024;
Tan et al., 2024) in previous tasks, we employ en-
coder models to better provide context for the final
timeline.

2 Method and Materials

2.1 System Overview

Our system takes as input either gold annotations
(EVENTS or TIMEX expressions), and TLINKs
from the Task 1 gold standard or generates them
using either a BioBERT(Lee et al., 2020) model
(TLINKs) or a ClinicalBERT(Alsentzer et al.,
2019) (EVENTSs) model. An overview is shown
in Figure 1. These inputs are integrated into the
prompt to guide timeline generation, with the en-
coder models semantically rich representations that
capture long-context clinical dependencies.

2.2 Synthetic Data Generation

Synthetic data was created to assist information
extraction for TLINK identification and EVENT
identification as shown in Figure 1. The goal is
to improve robustness in low resource settings (Li
etal., 2021).

TLINK Generation For TLINK synthetic data,
an OpenAl GPT-40-mini model hosted in the
UAB’s firewalled Azure Enclave was used. This
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Enclave is approved for PHI by the UAB’s Health
System. Synthetic data was used to compensate for
class imbalance in the original training data, so syn-
thetic examples were generated only to augment
minority classes (ENDS-ON and BEGINS-ON).
Specific training details can be found at The sys-
tem is available on github.com/vijay@@19/UAB_
ChemoTimelines.

EVENT Generation Synthetic oncology notes
were generated with Qwen3-32B, using a one-shot
prompting technique to address the lack of EVENT
training data. Each prompt sampled drugs/regi-
mens from a merged lexicon built by uniting enti-
ties observed in the training notes with entries from
HemOnc(Warner et al., 2015), a curated open regi-
men vocabulary. The synthetic notes were mixed
with the real corpus for a second round of fine tun-
ing. This knowledge-guided augmentation targets
the regimen names, abbreviations, and phrasings
that are undersampled in the original notes. Notes
are generated by randomly sampling drugs and reg-
imens from the merged lexicon, with a constraint
that no drug/regimen appears more than twice per
note. Each synthetic note is conditioned to match
the writing style and structure of real notes in-
cluding de-identified headers and footers thereby
preserving real-world patterns while preventing
exposure of Protected Health Information (PHI)
(Melamud and Shivade, 2019). We also introduce
controlled variation e.g., domain specific abbrevi-
ations(Liu et al., 2001) and common misspellings
to better reflect noisy clinical text. Entities in the
synthetic notes are validated using the given list.

Timeline Generation Synthetic timelines were
generated with the goal of creating a more com-
prehensive synthetic set of notes. An overview of
synthetic data generation for EVENTS is shown
in Figure 2. Synthetic timelines were also gener-
ated by Qwen3-32B (Yang et al., 2025) with rea-
soning disabled. The model was prompted with
both a system prompt and a user prompt to guide
synthetic timeline generation. The system prompt
described the timeline generation task, including
definitions and formatting preferences, i.e. if the
model is following the correct format for the output
(SACT entity, relation type, TIMEX3 expression)
for each timeline triplet and TIMEX3 expressions
are formatted correctly. The user prompt gave five
example timelines from the training set and asked
the model to generate a synthetic timeline for a
patient having cancer with a specific primary site,
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Figure 2: Synthetic Timeline generation

maximum stage of progression, stage at diagno-
sis, remission and recurrence status, time at start
of therapy and therapy duration. The user prompt
also included five SACT references for the primary
site requested. These SACT references are drawn
from a list that includes all SACTs in the training
data, SACTs found in the HemOnc Knowledge
Base (Warner et al., 2015) and SACTs found in the
FDA'’s approved drugs for cancer lists (National
Cancer Institute, 2025). After generation of time-
lines, there was a cleaning step in which timelines
that were incorrectly formatted, had incorrect re-
lations or were five years or longer were removed.
An attempt is made to reformat the timeline to a cor-
rect format before removal. Part of these cleaned
timelines were then used as a prompt for STRS1.
An example cleaned synthetic timeline with its sys-
tem and user prompt, as well as its raw form before
reformatting, is shown in Figure 3. The system
is available at https://github.com/vijay0019/
UAB_ChemoTimelines.

2.3 SACT EVENT Extraction

For Task 1, SACT EVENTS and TIMEX expres-
sions are provided for the test data set, but for
Task 2 we developed our own pipeline to extract
SACT EVENTS (drug and regimen) mentions and
TIMEX3 time expressions in clinical notes. These
two outputs form the nodes for the downstream
temporal relation prediction where we link each
chemotherapy event to its most relevant time refer-
ence to build patient level timelines. This design
mirrors the task framing: systems must identify
events and time expressions, then infer their tem-
poral relations to recover the treatment timeline.
Since encoder models tend to perform well for
these tasks, therefore we fine-tuned ClinicalBERT
(Alsentzer et al., 2019) for NER over the official
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training notes to detect SACT entities (drug/regi-
men spans). On our held out dev set, this achieved a
high precision but low recall. While precision was
strong, the relatively low recall meant that many
true SACT mentions were missed. In a timeline-
reconstruction setting, recall shortfalls are espe-
cially harmful because missing them means remov-
ing candidate EVENT-TIMEX3 pairs for the rela-
tion prediction, reducing the chance of recovering
correct [chemo, relation, time] triplets even when
the TIMEX3 recognition is accurate. For TIMEX3,
we use TimeNorm for span recognition and nor-
malization(Bethard, 2013; Laparra et al., 2018; Xu
et al., 2019).

2.4 SACT TLINK Extraction

The relation classification task involved four cat-
egories: CONTAINS, BEGINS-ON, ENDS-ON,
and no_relation between SACT and TIMEX enti-
ties. BioBERT (Lee et al., 2020) was fine-tuned for
span-based relation classification. The model ex-
tracts span representations by combining start/end
token embeddings, width embeddings and entity
type embeddings. For context, between-token con-
text extraction was implemented using average
pooling of tokens between subject and object en-
tities. The final classification layer concatenates
subject, context, and object representations through
a two-layer feedforward network with ReLLU ac-
tivation. Model selection was based on macro-
averaged F1-score on validation data. Predictions
were filtered using a 0.5 confidence threshold and
constraints on relation entity type. For overlap-
ping predictions, more specific relations (BEGINS-
ON/ENDS-ON) were prioritized over CONTAINS.
Duplicate relations across patient notes were re-
moved.
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Figure 3: The system prompt and an example user prompt. Highlighted portions in the user prompt are variable.
Text highlighted yellow corresponds to example timelines, green to the primary site and explanation, blue to most
advanced stage and explanation, magenta to diagnosis stage and explanation, red to remission and recurrence
information, dark gray to timeline duration and light gray to start year. Blue font text in the raw output corresponds
to the text that was extracted to create the cleaned output.

System Prompt

‘You are a clinical-note author and precise annotator specializing in oncology,
with a focus on systemic anticancer therapy (SACT) timelines. Your task is to
generate synthetic SACT timelines. Each timeline is represented as a Python
list of lists. Each of the internal lists is of the following format:
[<Chemotherapy= <Label> <Time>]. How to format each:
**<Chemotherapy=**:

Refers *=only** to any Systemic Anticancer Therapy (SACT) drug or regimen.
SACT includes: - **Traditional cytotoxic chemetherapy agents** (e g,
oxaliplatin, cyclophosphamide). - **Endocrine therapy agents** jeg.,
tamoxifen, anastrozole, letrozole”™). - **Targeted therapy agents** (e.g.,
trastuzumab, erlotinib, imatinib™). - **Immunotherapy agenis** (e.g.,
pembralizumak, nivelumab, ipilimumab). - =*5ACT regimen names** (eg.,
FOLFOX, AC, Pembrolizumab, Carboplating

**label>==:

Refers to the temporal relationship between the chemotherapy and the
time. **Must** be one of the following tokens: - ‘begins-on': the
chemaotherapy starts at the given time. - 'ends-on': the chemotherapy ends
3t the given time. - 'contains-1": the chemotherapy contains the time (the
given time happens entirely within the chemotherapy).

HreTimes**:

**Must** be one in one of the following three formats: - #8#E-R5F-48 A
date: the year in £ digits, then the month in 2 digits (leading 0 if needed),
then the day in 2 digits. A date is the most common format. - #53E-58: A
month: the year in 4 digits, then the month in 2 digits (leading 0 if needed). -
BEEE-wHE: A& week: the year in 4 digits, then the week number in 2 digits
{leading O if needed). - #5##%: A year: the year in 4 digits.

After drafting the timeline, perform a final self-check to make sure it is a list
of lists, each internal list has exactly 3 elements and follows the format:
[<Chematherapy>,<Label> <Time>].

Mote: **do not overthing**, and limit chain-of-thought reasoning to **500
words at most.®=

2.5 SACT Timeline Extraction System (STES)

The STES employs a multi-iteration approach us-
ing the DSPy framework with large language mod-
els to process clinical reports and construct tempo-
ral treatment timelines. The system begins by creat-
ing report clumps that fit within the model’s context
window (typically % of the total context size) and
groups reports by patient ID to maintain temporal
coherence. Each iteration processes these clumps
through a SACTTimelineUpdate module that ex-
tracts drug names exactly as they appear in clinical
text. This includes brand names, generic names, ab-
breviations, and variations—along with their tem-
poral relations (begins-on, ends-on, contains-1) and
associated dates with varying levels of specificity
(year, month, day, or week).

The system implements an incremental timeline
construction strategy where each processed report
clump updates the existing timeline by adding new
events and removing conflicting ones through an
Update object containing add and remove lists.
To ensure robustness, the system employs a retry
mechanism across multiple language model in-
stances with different temperature settings, falling

User Prompt

Below are some chemotherapy timelines. Pay close attention to their formatting.
Example 1: ['chemotherapy’, 'contains-1', "2009-10-22"], ['chemao’, "contains-1',
'2009-10-22"]]

Example 2: [['chemao', ‘contains-1', '2006-w11"]

Example 3: [['tamoxifen’, ‘contains-1', '2003]

Example 4: [['adriamycin’, "'contains-1', '2013-07-24", ['adriamycin’, ‘contains-1',
'2013-09-25", [‘adriamycin’, 'contains-1', "2013-09-04", [‘adriamycin’, 'contains-
1, '2013-08-14"], ['cytoxan’, 'contains-1', "2013-07-24", ['cytoxan’, 'contains-1',
'2013-09-25", [‘cytoxan', "contains-1', "2013-05-04'], ['cytoxan’, 'contains-1',
'2013-08-14", [‘taxcl’, "contains-1', '2013-12-11"], ["taxol’, 'contains-1', "2013-10-
16'], ['taxel’, 'contains-1', "2013-11-06"], ['doxorubicin’, 'begins-on’', '2013-07-
24'], ['cyclephosphamide’, "begins-on’, '2013-07-24"), ['doxorubicin’, "ends-on',
'2013-08-25", [‘cyclophosphamide’, 'ends-on', "2013-09-25"], ['paclitaxel’,
'pegins-on', "2013-10-16"], ['ac’, 'contains-1', "2013-09-257], ['ac’, ‘contains-1",
'2013-09-04°], ['ac’, 'contains-1', '2013-07-24'], ['a/c, 'contains-1', "2013-07-24]
Example 5: [['tamoxifen’, "begins-on’, '2013-w05"], ['tamoxifen’, ‘begins-on’,
'2013-01"], ["tameoxifen’, "begins-on', "2013-w04'), ['tamoxifen’, 'begins-on’,
'2012-01"], ["tamoxifen’, "ends-on', "2018-01]

MNow generate a new timeline for a cancer patient with the following
characteristics: - Primary site of cancer: breast Therapies to treat this cancer type
include ac, docetaxel, ac, arimidex, and taxotere - Maximuem stage of
progression: stage IV Cancer has spread (metastasized) cutside of the original
site to other organs or distant areas of your body. This is also known as
metastatic cancer. - Stage of cancer at dignosis:

months. The

Systemic anticancer therapy (SACT) has gone on for
new timeline must use the **exact same style and formatting®* as the example
timelines and it must begin in the year 2016.

back to empty updates when all models fail to gen-
erate valid responses. The final timeline undergoes
deduplication and chronological sorting based on
date components (year, month, day, week) followed
by drug name and relation type. Date objects are
converted to competition-standard string formats,
and the system validates date formatting through
regex patterns before generating the final JSON
output for each patient’s treatment timeline.

An enhanced version of the SACT timeline ex-
traction system (task1_v2_summaries_plus) incor-
porates running summaries to maintain contex-
tual information across report processing iterations.
The system generates and updates a comprehen-
sive treatment summary that captures key treatment
phases, medication regimens, temporal milestones,
and treatment response indicators mentioned in
the reports. This summary serves as persistent
memory between iterations, allowing the model to
maintain coherence when processing large patient
records that exceed context window limitations.
The summary is structured to include treatment
overviews, detailed medication histories with both
generic and brand names, protocol documentation,
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timeline reconciliation notes, and clinical observa-
tions, effectively creating a condensed narrative of
the patient’s treatment journey that informs subse-
quent timeline extraction decisions.

Task 2 implements a fundamentally different
architecture designed for chemotherapy event
extraction from concatenated clinical chunks
rather than structured report processing. Un-
like Task 1’s report-centric approach, Task 2
employs a three-stage pipeline consisting of
ChemoNotesTimeline for initial event extrac-
tion, ChemoTimelineUpdate for incremental time-
line construction, and ChemoTimelineCleanup for
deduplication and conflict resolution. The system
intelligently manages token usage by applying a
summarization step (ChemoNotesTimeline) when
content exceeds a configurable threshold (typically
25% of context window), and implements dynamic
timeline cleanup when the number of events sur-
passes a specified limit. Task 2 also incorporates
dual model configurations with different repetition
penalty settings to handle various text patterns and
includes more sophisticated chunk concatenation
strategies that respect document boundaries and
optimize context window utilization. For the abla-
tion study, we used a slightly modified version of
our submission model; whereas the submission ver-
sion forced the model to choose from a hard-coded
list of both train and dev gold terms, for the abla-
tion study the requirement was relaxed to a generic
string. The full prompt is shown in Appendix A.

2.6 Chemotherapy Timeline Experiments

An early system (Version 1) and a later updated sys-
tem were used for test submission results for Task 1.
The updated system differed only in terms of slight
variations to the zero-shot (manually generated)
prompt and some post-processing steps related to
pruning timeline entities based on multiple passes
through the reports. A newer system (Version 2)
is used on the development set. This features addi-
tional changes to the prompt, including the addition
of a running summary, a better timeline example,
and an LLM-generated example summary. It also
included minor improvements such as the report
date and restricting to a single pass through the
notes in chronological (rather than random) order.
The EVENT and TLINK performance is reported
on the dev data set only, as runs on the test set were
not completed prior to the task deadline. Local
models were run on A100 40GB VRAM GPUs,
GPT-4.1-mini was running in the same Azure En-

clave as the GPT-40-mini model used for synthetic
TLINK generation.

3 Results
3.1 Official System Results

Official system results are shown in Table 1. As
expected, the smaller Phi4:14B is outperformed by
GPT-4.1-mini.

Table 1: Version 1.1 prompt provides additional instruc-
tions to avoid ungrounded temporal relations and logic
to remove timelines that show up infrequently in itera-
tions. Entities are usd as input for all Subtask 1 systems.

System Task LLM Brca Mela Ovca Avg
UABv1 1 Phi4:14B 0.310 0.160 0.217 0.229
UABv1.1 1 Phi4:14B 0.259 0333 0.244 0.279
UABvI.1 1 GPT-4.1-mini  0.418 0.308 0.296 0.341
UABvVO 2 Phi4:14B 0232 0.265 0.188 0.228

Table 2: Token level EVENT recognition on the test set
using Clinical BERT trained on Actual, Synthetic, and
Actual+Synthetic notes.

Training data Prec. Recall F1  Acc.

Actual 95.6 83.0 88.9 99.76
Synthetic 642 818 719 99.26
Actual+Synthetic 95.2  87.8 914 99.81

3.2 EVENT Extraction Results

We fine-tuned ClinicalBERT (Alsentzer et al.,
2019) for token-level EVENT classification on
CoNLL-style inputs under three training regimes:
real (human-authored) notes, synthetic (LLM-
generated) notes, and their mixture . On the test
set, the mixture attained 91.4 F1 (P=95.2, R=87.8),
a 2.8% relative F1 increase over real-only, accom-
panied by a 5.8% relative recall increase and a
0.4% relative precision decrease. In comparison,
synthetic-only yielded 71.9 F1, a 19.0% relative
decrease vs. real-only, with precision 32.8% lower
and recall 1.5% lower. Augmenting real notes
with synthetic text yielded SACT NER P=0.9524,
R=0.8781, F1=0.9137. The higher recall expands
the pool of EVENT candidates available to down-
stream event—time relation classification. These
results are consistent with evidence that LLM-
generated, ontology-guided synthetic text can im-
prove clinical NER by increasing coverage of rare
surface forms without materially degrading preci-
sion (Dao et al., 2025). Overall token accuracy is



~99% across settings so we de-emphasize accu-
racy given severe class imbalance and instead focus
on precision, recall, and F1 for the EVENT class.

Impact of Synthetic Notes on EVENT Ex-
traction Replacing real notes with non-timeline
sourced synthetic notes reduces recall and in-
creases false positives: TPs decrease to 9,927 (from
10,076), FNs increase to 2,209 (from 2,060), and
FPs increase to 5,534 (from 466). By contrast,
training on the mixture improves recall with a
small precision cost: TPs increase to 10,657, FNs
fall to 1,479 (=28% fewer than real-only), and
FPs increase modestly to 533 (vs. 466). Over-
all, synthetic-only induces a high false-positive
rate, whereas the mixture identifies 581 additional
true-positive EVENT tokens relative to real-only.
Timeline-sourced notes were judged to be poorer
in quality and ultimately were not used for EVENT
extraction.

3.3 TLINK Extraction Results

The TLINK extraction was assessed on the develop-
ment data set, since no TLINKS were provided as
part of the Task 1 test data set. The model achieved
89.4% accuracy with a macro F1-score of 0.889,
performing particularly well on positive relations
(F1: 0.944).

3.4 Zero-Shot and Few-Shot Local LLM
Evaluation

In addition to the official test results, we included
an updated set of results on the dev set with addi-
tional LLMs in Table 3.

4 Discussion

Our results indicate that despite recent LLM im-
provements in a range of tasks, the identification
of chemotherapy timelines is not a task that can
be done well "out of the box" without significant
engineering. Only our encoder models, using fine-
tuning on a sufficient amount (supplemented with
synthetic data) of training data generated reliable
performance improvements without significant hu-
man intervention. Of interest in the development
evaluation, that ablating the chain-of-thought for
Qwen3:32B did drop performance, but we lacked
time to assess if this generalized to other models.
Larger local LLMs could have been fine-tuned
(at greater cost or time) to improve performance
similar to previous work fine-tuning Flan-T5 in
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the 2024 task (Haddadan et al., 2024). The incor-
poration of additional Performance Efficient Fine-
Tuning, Retrieval Augmented Generation, soft
prompting and utilization of the existing modifier
information in the gold standard likely could have
improved results.

We evaluated DSPy’s suite of primarily
bootstrapping-based methods including Simba(Lee
et al., 2024), MIPROV2(Opsahl-Ong et al., 2024)
and GEPA(Agrawal et al., 2025), but all either
failed to complete with DSPy related errors and/or
yielded preliminary results that discouraged debug-
ging. Silver-quality examples of individual time-
line chronological updates congruent with context
window size would perhaps have been more useful.
We are given gold timelines, but not gold time-
line updates, and it is a non-trivial task to generate
useful examples of correct updates. Additionally,
generating timelines and summaries separately for
each report and then iteratively pooling them, rather
than our cumulative approach, may yield better re-
sults and will be explored in future work.

5 Conclusion

Overall, this task remains challenging even with
the use of LLMs such as GPT-4.1-mini suggesting
that currently, specialized training is required to
achieve results comparable to humans. Current
effort to create synthetic timelines do not improve
performance. We found it was substantially easier
through fine-tuning to obtain reliable, fast results
with encoder models than to fine-tune prompts for
LLM:s.

Limitations

Due to the sensitive nature of the data, a Data Use
Agreement is required to obtain the data needed
to replicate our results. A more complete evalua-
tion of modern LLMs was not feasible due to cost,
so GPT-4.1-mini was the only large model fully
evaluated.
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System Subtask LLM Input CoT Learning Breast Melanoma Ovarian
UABvl 1 Phi4:14B Entities Y Zero-Shot 0.286  0.145 0.191
UABvl.l 1 Phi4:14B Entities Y Zero-Shot 0.248  0.156 0.196
UABvV2 1 Qwen3:32B Entities Y Zero-Shot 0.535  0.593 0.260
UABv2 1 Qwen3:32B Entities N Zero-Shot 0.300 0.314 0.297
UABvV2 1 Qwen3:30B:3A Entities Y Zero-Shot  0.659  0.507 0.266
UABv2 1 Qwen3:30B:3A Entities Y Few-Shot 0.520  0.230 0.284
UABVO 2 Phi4:14B None Y Zero-Shot 0.286  0.530 0.159
Table 3: Version 2 includes many changes to the prompt and the addition of summaries.
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Figure 4: Full System Prompt used for SACT timeline generation (Part 1).

Update SACT timeline based on patient reports with running summary.

SACT is defined as follows:

"Systemic anticancer therapy (SACT), which includes traditional cytotoxic
chemotherapy, endocrine therapy, targeted therapy, and immunotherapy, has
both a low therapeutic index as well as synergistic potential when agents
are given in combination.”

Drug Names: Extract drug names EXACTLY as they appear in the clinical text (
except be sure to put them in lowercase). Do NOT normalize or convert to
generic names.

Include ALL variations found in the text:

- Brand names (cytoxan, taxotere, abraxane)

- Generic names (cyclophosphamide, docetaxel, paclitaxel)

- Abbreviations (tc, ac, a/c)

- Generic terms (chemotherapy, chemo)

- Slight variations/typos (docetaxol for docetaxel)

If the text mentions both "cyclophosphamide” and "cytoxan”, include both as
separate entries.

If the text mentions both "chemotherapy” and specific drug names, include both.

Only include drugs that have a temporal relation in the text.

Ignore references to cancer/neoplasms, genetic variations (e.g. HER2), and non-
SACT procedures such as radiation therapy.

Relations:

- 'begins-on': treatment/medication starts
- 'ends-on': treatment/medication ends
- 'contains-1': treatment occurred within timeframe

'begins-on' and 'ends-on' supersede 'contains-1' for the same drug/date
combination. Only use them if the text explicitly states the start or end
date of the treatment.

Acceptable date formats:

1. Specify year, month, and day.

2. Specify year and week.

3. Specify year and month.

4. Specify year only.

Try to be as specific as possible, but do not invent dates that are not
mentioned in the text.

Keep in mind that the reports are only a subset of the full timeline, so there
may be events in the timeline that are not mentioned in the reports. Do not
remove events simply because they are not mentioned in the reports.

If a report doesn't have temporal relations, that likely means the report does
not contain any relevant information for the timeline. Avoid adding events
based solely on hypothetical or planned mentions without temporal grounding

Running Summary: Maintain a concise summary of the patient's SACT treatment
journey, including:

- Key treatment phases and regimens

- Major treatment changes or progressions

- Important temporal milestones

- Treatment response indicators mentioned in reports

Update the summary to reflect new information from current reports while
preserving important historical context.

Example output format:

[C

*xTreatment Overview:** Chemotherapy begins week 32 of 2013, with documented
treatment from August 8 - October 10, 2013
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Figure 5: Full System Prompt used for SACT timeline generation (Part 2).

**Medications Administered:*x
- *xCyclophosphamide (Cytoxan):x* August 8 - October 10, 2013
- Individual doses: August 29, September 19, October 10
- *xDocetaxel (Taxotere):**x August 8 - October 10, 2013
- Individual doses: August 29, September 19, October 10
- xNote: "Docetaxol” also documented (likely transcription error)=*

**Protocol Documentation:*x*

- **TC regimenx* active during August 2013

- *xChemotherapy** contains specific date August 10, 2013
- Standard 3-week cycling pattern evident

**Timeline Reconciliation:x*x

- Week 32 of 2013 corresponds to ~August 5-11 timeframe

- Treatment initiation August 8 aligns with weekly scheduling
- 4 documented treatment cycles completed over 9-week period

*xClinical Notes:*x Complete documentation includes both generic (

cyclophosphamide, docetaxel) and brand names (Cytoxan, Taxotere) with minor

spelling variant recorded.

[C
Update (
add=[
('chemotherapy', 'begins-on', Date(year=2013, month=None, day_of_month=
None, week_of_year=32)),
('chemotherapy', 'contains-1', Date(year=2013, month=8, day_of_month
=10, week_of_year=None)),
('cyclophosphamide', 'begins-on', Date(year=2013, month=8, day_of_month
=8, week_of_year=None)),
('cyclophosphamide', 'ends-on', Date(year=2013, month=10, day_of_month
=10, week_of_year=None)),
('cytoxan', 'begins-on', Date(year=2013, month=8, day_of_month=8,
week_of_year=None)),
('cytoxan', 'contains-1', Date(year=2013, month=8, day_of_month=29,
week_of_year=None)),
('cytoxan', 'contains-1', Date(year=2013, month=9, day_of_month=19,
week_of_year=None)),
('cytoxan', 'contains-1', Date(year=2013, month=10, day_of_month=10,
week_of_year=None)),
('docetaxel', 'begins-on', Date(year=2013, month=8, day_of_month=8,
week_of_year=None)),
('docetaxel', 'ends-on', Date(year=2013, month=10, day_of_month=10,
week_of_year=None)),
('docetaxol', 'begins-on', Date(year=2013, month=8, day_of_month=8,
week_of_year=None)),
('taxotere', 'begins-on', Date(year=2013, month=8, day_of_month=8,
week_of_year=None)),
('taxotere', 'contains-1', Date(year=2013, month=8, day_of_month=29,
week_of_year=None)),
('taxotere', 'contains-1', Date(year=2013, month=9, day_of_month=19,
week_of_year=None)),
('taxotere', 'contains-1', Date(year=2013, month=10, day_of_month=10,
week_of_year=None)),
('tc', 'contains-1', Date(year=2013, month=8, day_of_month=None,
week_of_year=None))
1,
remove=[
('cytoxan', 'begins-on', Date(year=2013, month=8, day_of_month=1,
week_of_year=None))
]
)
[C
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