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Abstract

Tumor board decisions often depend on infor-
mation that is spread across several clinical
documents written at different time points. In
this work, we study zero-shot extraction of
currently active hepatocellular carcinoma tu-
mor findings from longitudinal German clinical
records. We evaluate five open-weight LLMs
on 114 tumor board cases and compare inputs
based on the latest reports, the available lon-
gitudinal report history, and retrieved parts of
the patient history. We focus on tumor size and
tumor location as they are clinically important
for describing tumor burden and are often men-
tioned repeatedly, change over time, or become
inactive after treatment. Our results show that
providing the available longitudinal report his-
tory chronologically gives the strongest overall
performance in this dataset, while retrieval with
temporal focus improves over purely semantic
retrieval but is limited by missing follow-up or
diagnostic context in the retrieved chunks. The
main bottleneck is deciding whether a previ-
ously described tumor should still be counted
as active after later treatment, resection, local
control, residual vitality, or follow-up evidence.

1 Introduction

Clinical decisions in oncology often rely on tumor
board discussions, where a multidisciplinary team
of physicians reviews a patient’s history across
multiple documents, including radiology reports,
pathology findings, discharge summaries, and oper-
ative notes (Patkar et al., 2011; Okasako and Bern-
stein, 2022). These documents are written at differ-
ent time points and describe the patient at different
stages of diagnosis, treatment, and follow-up. In
this work, we focus on predicting tumor findings
that describe the patient’s active disease at the time
of the tumor board session.

Identifying currently active tumor findings from
a patient history is challenging because patients
may have multiple lesions at the same time, and

05.10.2025 MRT Abdomen
„[...] In Segment VIII HCC-typische Läsion mit
arterieller Hypervaskularisation, Washout und Diffu-
sionsrestriktion, 25 × 10 mm. Weitere kleine HCC-
suspekte Läsion in Segment VI, 14 mm. [...]“

12.12.2025 CT Abdomen
„[...] Größenprogrediente hypervaskularisierte Läsion
in Segment VIII, aktuell 3,2 cm, zuvor 2,5 cm. [...]“

Target output
{

"active_hcc_tumors": [
{

"tumor_size": "3,2 cm",
"tumor_location": "Segment VIII",
"source_date": "2025-12-12",
"source_doc_type": "CT Abdomen"

},
{

"tumor_size": "14 mm",
"tumor_location": "Segment VI",
"source_date": "2025-10-05",
"source_doc_type": "MRT Abdomen"

}
]

}

Figure 1: Example of active tumor extraction from lon-
gitudinal reports. The later CT updates Segment VIII,
while Segment VI remains active without later contra-
dictory evidence.

the same lesion may be described repeatedly across
reports with changes in size, viability, treatment
response or absence. Measurements can also vary
across imaging modalities (e.g., MRI, CT) and re-
porting practices, so a changed value does not nec-
essarily indicate tumor progression or a separate
lesion (Muenzel et al., 2012; Armbruster et al.,
2021). CT and MRI can also disagree on whether a
lesion shows HCC-typical features, so the same le-
sion may be described differently depending on the
modality used (Chernyak et al., 2018). Conversely,
an earlier lesion may remain relevant if no later
evidence rules it out. The challenge is therefore
to decide which tumor mentions still describe an
active disease after considering the patient history
(Yim et al., 2016; Datta et al., 2022). Figure 1 illus-



trates this problem with a simplified longitudinal
example.

Explicitly modeling these decisions can become
rule-heavy and task-specific, and may not gener-
alize well across settings. Classical named entity
recognition (NER) models can be used for parts
of this problem, such as detecting tumor-size and
tumor-location mentions, but the full task is not a
standard local span-extraction problem. Address-
ing it with NER would require either additional
steps for linking repeated mentions across reports
and resolving which findings belong to the final
case-level output, or task-specific annotations for
learning these document-level decisions.

To address this challenge, we study whether
large language models (LLMs) can offer a more
flexible alternative for extracting active tumor
findings from longitudinal clinical context using
prompt-based instructions (Agrawal et al., 2022;
Sivarajkumar et al., 2024). For LLM-based ex-
traction, performance depends on which parts of
the patient history are provided to the model. Us-
ing only the most recent reports may omit earlier
findings that remain clinically relevant, whereas
providing the full chronological history may intro-
duce outdated measurements, treated lesions, or
repeated descriptions that no longer reflect the cur-
rent disease state. Since LLMs do not always use
long contexts robustly (Liu et al., 2024), we evalu-
ate temporal context strategies through five input
variants: the most recent report of each report type;
two chronological-history variants, using either the
full patient history or reports grouped by report
type; and two retrieval-based variants, selecting
chunks either by semantic similarity alone or with
temporal reranking, which incorporates time dis-
tance and samples evidence from earlier, middle,
and later parts of the patient history.

We analyze zero-shot extraction of currently ac-
tive tumor findings from longitudinal German clin-
ical documents in hepatocellular carcinoma (HCC)
(Vogel et al., 2022). We focus on tumor size and
location as they describe the extent and distribution
of tumor burden, information relevant for staging,
treatment recommendation, and follow-up assess-
ment in HCC (Reig et al., 2022). We use open-
weight language models in the 8B to 70B parame-
ter range, reflecting practical constraints in clinical
settings where privacy considerations may limit the
use of proprietary systems (Zhong et al., 2025).

Our contributions are: (1) we evaluate how
much patient history is needed for extracting ac-

tive tumor findings, comparing latest-report, full-
history, and retrieval-based inputs; (2) we test
whether retrieval improves when semantic rele-
vance is combined with temporal reranking and
temporal selection constraints; and (3) we analyze
why retrieval-based inputs remain less precise than
full-history inputs. We find that providing the avail-
able report history gives the strongest overall per-
formance in this dataset. Time-aware retrieval im-
proves over semantic retrieval alone, but retrieved
chunks can lack the follow-up context needed to
decide whether older tumor findings remain active.
Most errors involve failures to apply the criteria to
decide whether a tumor is still active or not.

2 Related Work

Clinical Information Extraction Clinical infor-
mation extraction (IE) has been studied with rule-
based systems, classical machine learning (ML),
transformer-based encoders, and more recently gen-
erative LLMs. Rule-based systems often use regu-
lar expressions, dictionaries, and manually written
rules to extract structured information from free
text (Friedman et al., 2004; Savova et al., 2010).
These methods can work well when the target en-
tity is clearly defined and expressed consistently,
but they are rule-heavy and difficult to adapt when
terminology, report style, language, or clinical pa-
rameters change. Transformer-based encoders can
perform well when fine-tuned on in-domain anno-
tated data, but their performance can drop under
cross-corpus or unseen-domain evaluation; Küh-
nel and Fluck (2022) report an average 19% F1
drop in disease NER cross-evaluation. This is es-
pecially relevant for German clinical IE, where
public annotated datasets are scarce and data pro-
tection requirements make dataset creation difficult
(Hofenbitzer et al., 2025).

Generative LLMs are increasingly evaluated for
clinical IE as extraction criteria can be specified in
natural language without task-specific pretraining
or fine-tuning. Agrawal et al. (2022) and Sivara-
jkumar et al. (2024) show that LLMs can perform
zero- and few-shot clinical IE. For German medical
IE, Spiegel et al. (2025) evaluate 7B LLMs on pub-
lic German clinical datasets and find strong drug
extraction performance but weaker diagnosis and
treatment extraction. Clinical IE is also relevant
for tumor board workflows, where structured in-
formation about tumor burden, location, treatment
history, and current disease activity is needed for



Split Patients Cases Docs Avg docs/case Avg token/case Median tok. P75 tok. Median days diff >8k >16k
Dev 17 45 417 9.27 8084.51 6656.0 11340.0 310 44.44 8.89
Test 28 69 751 10.88 8612.25 8368.0 12192.0 266 50.72 11.59
All 45 114 1168 10.25 8403.93 7224.5 12166.75 285 48.25 10.53

Table 1: Dataset statistics by split. Median tok. and P75 tok. are the median and 75th percentile of the per-case
token count. Median days difference is the median span between the earliest and latest document per case; the last
two columns show the percentage of cases exceeding long-context budgets.

case presentation and decision support (Macchia
et al., 2022; Yüzüncüoglu et al., 2026).

Longitudinal Clinical Context with LLMs
Some oncology parameters cannot be extracted
reliably from isolated sentences or single reports.
Tumor findings may be mentioned repeatedly, mea-
sured in different reports, treated, resected, or
contradicted by later evidence. Earlier work ad-
dressed this problem through tumor reference reso-
lution and cross-document coreference (Yim et al.,
2016; Datta et al., 2022). Recent work investi-
gates whether LLMs can reduce the need for task-
specific clinical IE pipelines. Builtjes and Hering
(2026) show promising results for locally deploy-
able open-source LLMs in longitudinal tumor ex-
traction, achieving over 93% attribute-level accu-
racy on paired Dutch radiology reports. However,
even long-context LLMs may fail to use relevant
information reliably depending on its position in
the input (Liu et al., 2024).

Retrieval-augmented generation (RAG) provides
selected evidence instead of full reports, usually
through vector-based retrieval (Lewis et al., 2020)
or structured representations such as knowledge
graphs (Wu et al., 2025a), with the goal of reduc-
ing noise and grounding LLM outputs. Xiong et al.
(2024) report that MedRAG improves the accuracy
of six LLMs by up to 18% over chain-of-thought
prompting. Li et al. (2026) transform longitudi-
nal electronic health records into patient-specific
temporal knowledge graphs and align patient tra-
jectories with clinical guideline graphs for can-
cer decision support. For active tumor extraction,
retrieval-based inputs need to capture both tumor
descriptions, such as size and location, and later
status evidence, such as treatment response, pro-
gression, resection, or absence of residual disease.
Otherwise, models may incorrectly treat outdated
or treated findings as currently active. More gen-
erally, RAG remains sensitive to retrieval quality.
When the retrieved context is irrelevant, incom-
plete, or incorrect, LLMs may produce misleading
outputs, and generated medical claims may still be

unsupported by retrieved or cited sources (Sohn
et al., 2025; Wu et al., 2025b). Recent work on
LLM-based medical agents suggests one possible
direction for addressing these limitations by com-
bining retrieval with external tools, memory, multi-
agent workflows, and human-in-the-loop oversight
(Qiu et al., 2024; Hartsock et al., 2026).

3 Data

3.1 Dataset and Splits

We evaluate on a longitudinal clinical dataset of
patients with HCC, a primary form of liver cancer.
The dataset consists of pseudonymized German
clinical records collected in routine care. Patients
have one or more clinical cases, where each case
corresponds to one tumor board episode and con-
sists of multiple free-text medical reports. We treat
each case as a separate instance, although cases
from the same patient may be clinically related.
The study was approved by the relevant ethics com-
mittee (EA4/169/22) for scientific use.

Report type Count %
Radiology 412 35.27
Discharge letters 337 28.85
Pathology 145 12.41
Surgery notes 77 6.59
Endoscopy 71 6.08
Others 72 6.16
LiMAx 54 4.62

Table 2: Overall report-type distribution. LiMAx refers
to liver function capacity tests, which are used to assess
functional liver reserve. Rare reports such as consult
notes are merged into Others.

Overall, the dataset contains 1,168 free-text re-
ports from 45 patients and 114 cases. Reports in-
clude radiology reports, discharge letters, pathol-
ogy findings, surgical notes, endoscopy reports,
and other oncology-related documentation, so tu-
mor information is distributed across heteroge-
neous document types and time points. Cases in-
clude more than 10 reports on average and con-
tain extended periods, with a median of approxi-
mately 285 days between the first and last docu-



Setup History Scope Retrieval Re-ranking Temporal Bias Context Budget(s)

No-History Latest per type – – – 8k, 16k
History Concat Full history – – – 8k, 16k, 32k
Type-grouped Concat Full history – – – 8k, 16k, 32k
Semantic RAG Partial Top-k Yes None (relevance only) 8k
Time-Aware RAG Partial Top-k Yes Recency-weighted 8k

Table 3: Comparison of input construction strategies. Retrieval-based methods differ in whether temporal informa-
tion is incorporated during ranking.

ment. Nearly half of all cases exceed 8k tokens, and
more than 10% exceed 16k tokens, highlighting the
challenge of constructing model input under lim-
ited context budgets. Detailed dataset statistics are
shown in Table 1, and the report-type distribution
is shown in Table 2.

We split the data by temporal availability. The
earlier subset is used for development and later
data for held-out evaluation. To prevent patient-
level leakage, all cases from the same patient are
assigned to the same split. The development set
contains 45 cases from 17 patients, and the test set
contains 69 cases from 28 patients.

3.2 Annotation

The annotations describe clinically relevant tumor
findings that are considered active at the time of
the tumor board session. Here, active means that
an HCC tumor or HCC-suspicious lesion is still
present or clinically relevant according to the avail-
able longitudinal evidence. Lesions that were re-
sected, successfully treated without residual via-
bility, or explicitly described as no longer present
were not annotated as active findings. The anno-
tations cover two tumor parameters: tumor size
(TSIZE) and tumor location (TLOC). TSIZE refers
to the reported measurement of an active tumor,
including one-, two-, or three-dimensional mea-
surements where available. TLOC refers to the
anatomical location of the tumor as the liver seg-
ment.

Metric Dev Test All
Active HCC % 73.33 66.67 69.30
Active cases 33 46 79
Avg TSIZE/active 1.55 1.57 1.56
Avg TLOC/active 1.48 2.09 1.84

Table 4: Active HCC prevalence and average lesion
parameter density among active cases.

Annotation was performed at case level. An-
notated TSIZE and TLOC values indicate which
mentions belong to the final active tumor findings

for each case, but the dataset does not provide ex-
plicit lesion-level links between sizes and locations.
It also does not annotate all historical tumor men-
tions or assign temporal-status labels to individ-
ual mentions. The reference labels were based on
tumor board case documentation and iteratively
refined with a domain expert physician, who retro-
spectively reviewed the annotations for consistency
across development and test sets. The dataset does
not include formal independent double annotation;
remaining ambiguity mainly concerns small sus-
picious lesions and post-treatment findings with
unclear residual activity. Overall, 79 of 114 cases
contain at least one active HCC finding. Active-
case prevalence and average parameter counts are
summarized in Table 4.

4 Methods

4.1 Task Formulation

Given an input text for a case, the model must pre-
dict the currently active HCC tumor findings at the
time of the tumor board session. The input may
consist of the latest reports, the concatenated docu-
ment history, or retrieved text chunks, depending
on the context construction strategy described in
Section 4.2. The model then outputs a structured
list of active tumor entries. Each entry contains a
TSIZE, TLOC, source date, and source document
type. If no active HCC tumor finding is present,
the model should return an empty list. The overall
task is to return only findings that remain active
according to the available temporal evidence.

From the predicted tumor list, we derive three
evaluation outcomes: (1) case-level active tumor
status (binary classification), where a case is
tumor-positive if at least one active tumor entry
is predicted; (2) TSIZE, evaluated by comparing
the predicted size values with the gold size val-
ues per case, regardless of order; and (3) TLOC,
evaluated in the same way and independently from
TSIZE.



4.2 Context Construction

To study how context construction affects perfor-
mance, we compare five strategies that differ in
how patient history is selected and organized (Ta-
ble 3). These fall into two groups: direct-history
methods that provide raw document timelines and
retrieval-based methods that select relevant parts
of the patient history.

Direct-history methods vary in how much of
the timeline is included and how documents are
structured within the context budget. No-History
includes only the most recent report per document
type. History Concat concatenates the available
reports in chronological order within the context
budget, while Type-grouped Concat organizes doc-
uments by report type before concatenation. We
also refer to these two concatenation strategies as
full-history input, since both provide the available
patient history. When the full history exceeds the
context budget, older documents are truncated.

Retrieval-based methods construct the input
by selecting relevant text chunks. We use Seman-
tic RAG to denote the non-temporal retrieval base-
line, where chunks are selected by content rele-
vance without temporal weighting. The retrieval
pipeline itself combines sparse, dense, and cross-
encoder relevance signals. Time-aware RAG ad-
ditionally incorporates temporal recency into the
ranking and applies temporal selection constraints.
Both retrieval-based methods share the same re-
trieval pipeline and differ only in the final scoring
function and the application of temporal selection
constraints.

4.3 Retrieval and Selection Pipeline

Retrieval-based methods share a common pipeline
(Figure 2). Each document history is split into over-
lapping text chunks (1000 characters, two-sentence
overlap) to preserve complete clinical statements
(stage 2). Candidate chunks are retrieved us-
ing a hybrid approach combining sparse retrieval
(BM25) and dense semantic retrieval (stage 3).1

Results are merged via Reciprocal Rank Fusion
and reranked with a cross-encoder to produce final
relevance scores (stage 4).

The two retrieval strategies differ only in the final
selection step (stage 5). In Semantic RAG, chunks
are selected based on semantic relevance, with
the final context consisting of ten tumor-related

1We ablate the sparse and dense components of this stage
in Appendix A.4.

Model Size Reasoning Medical
LLaMA-3.1-8B-Instruct 8B – –
Qwen2.5-32B-Instruct 32B – –
Qwen3-32B 32B ✓ –
MedGemma-27B-text-it 27B – ✓
LLaMA-3.1-70B-Instruct 70B – –

Table 5: Overview of evaluated open-weight mod-
els. The model set covers different sizes, a reasoning-
capable model, and one clinically fine-tuned model.

and three resection-related chunks to ensure cov-
erage of both tumor evidence and treatment his-
tory. These values, along with chunk size, were
selected based on development experiments. In
Time-aware RAG, chunk selection combines rele-
vance with temporal recency using:

score(c) = (1− α) · rel(c) + αe−λ∆t(c) (1)

where rel(c) is the reranker score and ∆t(c) is
the temporal distance to the reference time. We set
α = 0.8 and λ = 0.001 based on development ex-
periments (Appendix B). To prevent over-reliance
on recent documents, selection is constrained to
preserve temporal diversity, including evidence
from older, intermediate, and recent time points,
while limiting the number of chunks per report. All
hyperparameters can be found in Table 12.

4.4 Prompting and Output Schema

The prompt instructs the model to extract only
currently active HCC or HCC-suspicious lesions
after considering the longitudinal patient history.
Document dates are used to resolve temporal con-
flicts, with newer relevant evidence overriding
older contradictory findings. The prompt also en-
codes document-type priorities, treating radiology
reports and discharge letters as primary evidence
for current tumor activity, while pathology reports
mainly provide supporting information. Outputs
follow a fixed JSON schema with one entry per
active tumor, containing tumor size, tumor loca-
tion, source date, and source document type. If no
active tumor is present, the model returns an empty
list. The full prompt template and expected JSON
format are provided in Appendix C.

4.5 Models

We evaluate five open-weight LLMs covering dif-
ferent model sizes, reasoning behavior, and med-
ical specialization (Table 5). The goal is not
to provide a full model comparison, but to test
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Figure 2: Retrieval and selection pipeline for the retrieval-based context construction strategies. Semantic RAG and
Time-aware RAG share the same retrieval stages (1–4) and differ only in the final selection step (stage 5) before
the extraction. Shading indicates the source document type in stages 1–2, and tumor (T) or resection (R) chunks
thereafter. Query terms are abbreviated; the full templates are listed in Table 12.

whether the observed effects of context construc-
tion are consistent across different locally deploy-
able LLMs. Our focus on open-weight models is
motivated by the use of sensitive clinical patient
data, since local deployment better aligns with pri-
vacy and data-governance constraints than propri-
etary API-based systems. The model set includes
general instruction-tuned models from 8B to 70B
parameters, a reasoning-oriented Qwen model, and
MedGemma as a clinically fine-tuned model. Al-
though MedGemma is primarily fine-tuned on En-
glish clinical data, it is built on Gemma 3 (Gemma
Team et al., 2025) whose pretraining relies on mul-
tilingual data, and MedGemma is reported to main-
tain the general capabilities of its Gemma 3 base
models (Sellergren et al., 2026), making it the
closest domain-specialized option available for our
German clinical setting at this scale.2 All models
are evaluated in a zero-shot setting with the same
prompt, output schema, and decoding configura-
tion.

2To separate the effect of medical fine-tuning from
the effect of the underlying model, we additionally com-
pare MedGemma-27B with its general-purpose counterpart
Gemma-3-27B-it in Appendix A.3.

4.6 Evaluation Metrics

Performance is evaluated at case and parameter
level. Case-level active tumor status is treated as
binary classification, where a case is positive if at
least one active HCC finding is predicted. At the
parameter level, we report precision, recall, and F1
for TSIZE and TLOC. Since the annotations pro-
vide case-level TSIZE and TLOC values without
lesion-level links, both parameters are evaluated in-
dependently as unordered sets per case. Before
scoring, predictions are normalized for surface-
form variation. For TSIZE, centimeter values are
converted to millimeters, and multi-dimensional
measurements are normalized dimension-wise, so
equivalent forms such as 2.5 cm and 25 mm are
matched. For multi-dimensional measurements,
partial matches are accepted only if the predicted
value matches the largest gold diameter after nor-
malization. Approximate or rounded values, includ-
ing those marked with ca., are counted as incorrect
unless they match the normalized gold value ex-
actly. For TLOC, liver-segment labels are normal-
ized across surface forms such as Segment 8, Seg.
8, and S8. Multi-segment mentions are split into
separate segment labels, while broader anatomical
descriptions such as right liver lobe are not scored.



Model Strategy Context TSIZE TLOC Case

P R F1 σ P R F1 σ P R F1 σ

LLaMA-3.1-8B

no-history 8192 0.560 0.653 0.603 0.038 0.550 0.680 0.608 0.010 0.731 0.809 0.768 0.026
type-grouped concat 8192 0.513 0.819 0.631 0.057 0.597 0.825 0.693 0.053 0.737 0.894 0.808 0.011
history concat 8192 0.514 0.778 0.619 0.062 0.588 0.825 0.687 0.033 0.741 0.915 0.819 0.020
semantic RAG 8192 0.350 0.694 0.465 – 0.490 0.742 0.590 – 0.727 0.851 0.784 –
time-aware RAG 8192 0.340 0.722 0.462 – 0.500 0.794 0.614 – 0.733 0.936 0.822 –

MedGemma-27B

no-history 8192 0.573 0.764 0.655 0.021 0.632 0.742 0.682 0.030 0.800 0.851 0.825 0.020
type-grouped concat 8192 0.593 0.889 0.711 0.049 0.667 0.845 0.745 0.028 0.800 0.851 0.825 0.003
history concat 8192 0.593 0.889 0.711 0.025 0.661 0.845 0.742 0.018 0.800 0.851 0.825 0.007
semantic RAG 8192 0.438 0.875 0.583 – 0.529 0.845 0.651 – 0.721 0.936 0.815 –
time-aware RAG 8192 0.471 0.889 0.615 – 0.534 0.814 0.645 – 0.717 0.915 0.804 –

Qwen2.5-32B

no-history 16384 0.684 0.750 0.715 0.006 0.700 0.722 0.711 0.011 0.837 0.872 0.854 0.009
type-grouped concat 8192 0.718 0.847 0.777 0.059 0.748 0.825 0.784 0.051 0.827 0.915 0.869 0.016
history concat 8192 0.718 0.847 0.777 0.068 0.745 0.814 0.778 0.027 0.827 0.915 0.869 0.011
semantic RAG 8192 0.504 0.833 0.628 – 0.588 0.825 0.687 – 0.742 0.979 0.844 –
time-aware RAG 8192 0.543 0.875 0.670 – 0.632 0.866 0.730 – 0.807 0.979 0.885 –

Qwen3-32B

no-history 16384 0.743 0.722 0.732 0.033 0.683 0.711 0.697 0.029 0.844 0.809 0.826 0.035
type-grouped concat 16384 0.747 0.861 0.800 0.030 0.718 0.814 0.763 0.013 0.857 0.894 0.875 0.034
history concat 32768 0.678 0.819 0.742 0.004 0.718 0.814 0.763 0.021 0.837 0.872 0.854 0.030
semantic RAG 8192 0.560 0.778 0.651 – 0.702 0.825 0.758 – 0.827 0.915 0.869 –
time-aware RAG 8192 0.656 0.875 0.750 – 0.693 0.814 0.749 – 0.827 0.915 0.869 –

LLaMA3.1-70B

no-history 8192 0.591 0.764 0.667 0.037 0.617 0.763 0.682 0.019 0.827 0.915 0.869 0.006
type-grouped concat 8192 0.630 0.875 0.733 0.067 0.702 0.876 0.780 0.021 0.818 0.957 0.882 0.013
history concat 8192 0.643 0.875 0.741 0.042 0.708 0.876 0.783 0.014 0.833 0.957 0.891 0.013
semantic RAG 8192 0.430 0.556 0.485 – 0.500 0.495 0.497 – 0.744 0.617 0.674 –
time-aware RAG 8192 0.488 0.569 0.526 – 0.527 0.505 0.516 – 0.784 0.617 0.690 –

Table 6: Test-set performance of context construction strategies across models. Models are ordered by model size
and strategies are shown in a fixed order. Bold marks the best precision/recall/F1 value within each model family
for each metric; ties are bolded jointly. σ denotes variability across evaluated context lengths.

5 Results and Discussion

Table 6 shows the test-set results (development-
set results are in Appendix D). Full-history input
improves over the no-history setting mainly by re-
covering recall lost when only the latest reports are
used. For TSIZE and TLOC, retrieval-based input
usually does not outperform full-history input in F1,
although time-aware RAG improves over semantic
RAG. At the case level, retrieval is more competi-
tive: for example, Qwen2.5-32B with time-aware
RAG reaches 0.885 F1, close to the best case-level
result of 0.891 from LLaMA-3.1-70B with history
concatenation. For Qwen and MedGemma models,
retrieval often preserves or slightly improves recall,
but usually at the cost of lower precision.

Several configurations produce identical scores,
which is expected as the difference between the
two full-history variants is the order of the selected
reports (chronologically or grouped by report type).
Identical outputs therefore might indicate that a
model is insensitive to document order, and dif-
ferences appear only where a model is not. The
clearest case is Qwen3-32B, where type grouping
raises TSIZE F1 from 0.742 to 0.800.

Case-level detection is stable for a different rea-
son. Because a case counts as positive when any

active tumor is predicted, the decision depends on
whether some tumor evidence survives context con-
struction, not on which evidence. This also ex-
plains why the smallest model stays competitive at
the case level while falling behind at the parameter
level. LLaMA-3.1-8B is 6.9 F1 points below the
best case-level result but 16.9 points below the best
TSIZE result.

Since the main question is how context construc-
tion affects extraction, we do not analyze model-
family differences in detail. Still, parameter count
alone does not explain performance. Moving from
8B to 32B always improves results, but the newer
32B Qwen models are stronger than LLaMA-3.1-
70B in several TSIZE and TLOC settings. The
LLaMA models also gain less from retrieval-based
input, suggesting that retrieval performance de-
pends not only on the selected evidence but also on
how well the model uses compact retrieved context.

Additional analyses of chronological versus type-
grouped concatenation and context-budget effects
are provided in Appendix A.1 and A.2. Type
grouping gives small and inconsistent gains over
chronological concatenation, and increasing the
context budget gives limited benefit in this dataset.



Figure 3: Test-set precision–recall trade-offs across strategies for TSIZE, TLOC, and case-level tumor detection. A
zoomed-in view is shown in Figure 6.

5.1 Effect of longitudinal history

Adding longitudinal history mainly improves re-
call. Compared with no-history input, the best full-
history variant improves recall for every model, by
9.7–16.6 points for TSIZE and 10.3–14.5 points for
TLOC. This shows that latest reports alone often
miss tumor parameters that remain relevant at the
tumor board time point: a size or location may be
mentioned in an earlier report and remain active
unless later evidence rules it out, while later reports
are needed to identify treated, resected, or no longer
visible lesions. The recall gain usually comes with
little precision loss. Compared with no-history in-
put, the best full-history variant changes TSIZE pre-
cision by -4.7 to +5.2 points and TLOC precision
by +3.5 to +9.1 points, with TSIZE for the smallest
model as the main exception. The gains are larger
for parameter extraction than for case-level tumor
detection: full-history input improves case-level F1
by at most 5.1 points, while TSIZE F1 improves by
2.8–7.4 points and TLOC F1 by 6.3–10.1 points.
Case-level detection is therefore easier, because a
model can correctly mark a case as tumor-positive
while still missing a lesion, selecting an outdated
size, or returning an incomplete location. Overall,
the results suggest that most models can use the
additional history without being overwhelmed by
historical mentions. The two full-history variants
behave similarly, so we treat them jointly here and
report the detailed comparison in Appendix A.1.

5.2 Retrieval-based input and temporal
selection

Time-aware RAG improves over semantic RAG,
especially for TSIZE. TSIZE recall increases for
every model, with gains between 1.3 and 9.7
points, and TSIZE F1 improves in all models ex-

cept MedGemma-27B. The largest gain appears
for Qwen3-32B, where TSIZE F1 increases from
0.651 to 0.750. TLOC shows a weaker pattern.
Time-aware RAG improves TLOC F1 for three of
five models, with the largest gain for Qwen2.5-32B,
from 0.687 to 0.730.

However, time-aware RAG remains weaker than
full-history input in F1 because it is less precise.
Compared with the best full-history variant, time-
aware RAG reduces TSIZE precision by 9.1–17.5
points and TLOC precision by 2.5–18.1 points. For
Qwen and MedGemma models, TSIZE recall is
preserved or slightly improved under time-aware
RAG, but the precision loss usually lowers F1. The
LLaMA models benefit less from retrieval, with
lower recall as well as lower precision.

This reflects a limitation of chunk-level retrieval
for this task. Retrieved chunks may contain plau-
sible tumor evidence, such as an older size or lo-
cation, while omitting later reports that determine
whether the lesion was treated, resected, locally
controlled, or no longer viable. Retrieval success
therefore cannot be defined only as finding a tumor
measurement; the selected evidence also needs to
include follow-up information that resolves current
activity. Figure 3 shows the same pattern: time-
aware RAG often shifts results toward higher recall,
but retrieval-based methods remain less balanced
than full-history input. This limitation is not caused
by the choice of retriever. Ablating the sparse and
dense components of the retrieval stage changes
TSIZE F1 by at most 0.7 points and does not close
the gap to full-history input (Appendix A.4).

The strongest results still leave room for im-
provement, with best F1 scores of 0.891 for case-
level detection, 0.8 for TSIZE, and 0.784 for TLOC.
We therefore analyze the remaining error patterns



in Section 6.

6 Error Analysis

We manually analyzed TSIZE errors for the Qwen
models under history concatenation, semantic
RAG, and time-aware RAG. The dominant er-
ror source was deciding whether a previously de-
scribed tumor should still be counted as active
after later treatment, resection, or follow-up evi-
dence. Averaged across the three analyzed strate-
gies, post-treatment interpretation accounted for
52% of TSIZE errors for Qwen2.5-32B and 29.2%
for Qwen3-32B, suggesting that the reasoning
model reduces, but does not eliminate, failures in
applying temporal and treatment-aware decision
rules.

Retrieval-based settings also showed context-
gap errors. In some cases, retrieval selected chunks
with older tumor information but failed to retrieve
later evidence on treatment response, resection, lo-
cal control, or residual vitality. In other cases, the
retrieved context was too narrow and omitted sur-
rounding diagnostic information needed to deter-
mine whether a finding corresponded to an HCC
tumor. These errors help explain why time-aware
RAG improves over semantic RAG, but still re-
mains less precise than full-history input. The
lower share of missing status evidence errors for
Qwen3-32B suggests that stronger reasoning can
sometimes compensate for incomplete or noisy re-
trieved context, although it does not remove the
underlying retrieval limitation. Other errors in-
volved outdated measurements, suspicious satellite
lesions, rounded or hallucinated values, and mal-
formed outputs. A more detailed error analysis is
provided in Appendix A.5.

7 Conclusion

We evaluated temporal context strategies for zero-
shot extraction of active HCC tumor findings from
longitudinal German clinical records, where active
findings refer to HCC or HCC-suspicious lesions
that remain clinically relevant at the tumor board
time point rather than all historical tumor mentions.
(1) Providing the available report history chrono-
logically gives the best performance in this dataset,
likely because most patient histories fit within mod-
erate context budgets and because the complete
timeline includes status-resolving evidence that re-
trieval may fail to retrieve. Compared with using
only the latest reports, this setting recovers more tu-

mor size and tumor location evidence, showing that
active tumor parameters are often distributed across
the patient history. (2) Temporal retrieval improves
over purely semantic retrieval, especially for tumor
size recall, but does not outperform chronological
full-history input in F1 because it remains less pre-
cise. Retrieved chunks may contain older tumor
evidence without the later follow-up information
needed to decide whether the finding is still active,
and may also omit surrounding diagnostic context
needed to determine whether a finding corresponds
to an HCC tumor. (3) Main errors show that in-
terpreting active tumor status remains a key bottle-
neck. Models need to better link tumor findings
to treatment history, resection, local control, resid-
ual vitality, and post-therapeutic changes. Overall,
open-weight models still need improvement for
longitudinal active-tumor extraction.

8 Limitations

This study has several limitations. The annotations
describe the final active HCC findings at the tu-
mor board time point, but they do not track how
each lesion changed over time. They also do not
label each mention as current, past, treated, or re-
solved. As a result, older or treated findings are han-
dled only through the final interpretation of active
disease. The annotations were not independently
double-annotated, and we therefore cannot report
inter-annotator agreement. However, the reference
labels are based on real tumor board case documen-
tation, where the main clinically relevant HCC find-
ings were part of the routine clinical review. The
main source of annotation uncertainty is therefore
not the primary tumor board finding, but smaller
HCC-suspicious lesions, historical mentions with-
out clear follow-up status, and post-treatment le-
sions where residual activity is ambiguous. To
reduce this uncertainty, all annotations were ret-
rospectively reviewed and refined with a domain
expert physician. Future work should nevertheless
include independent double annotation or adjudica-
tion to quantify remaining uncertainty.

TSIZE and TLOC are also not linked to the same
individual lesion. We therefore evaluate them as
unordered sets rather than checking whether each
size is matched to the correct location. This is suffi-
cient for the current tumor board setup, but it does
not test this more detailed association problem. We
also do not evaluate the source date and source
document type requested in the output schema, be-



cause this information is not available for all anno-
tated tumor entries and multiple documents may
be valid when findings are repeated across reports.
The manual error analysis is limited to TSIZE er-
rors from three experiments for the Qwen models.
We therefore use it to show common error patterns
rather than to provide a complete error analysis.

Finally, our setup relies on fixed query templates,
fixed chunks, and fixed rules for selecting evidence.
It does not adapt retrieval based on intermediate
outputs or uncertainty. Future work could explore
more adaptive approaches, such as iterative query-
ing, on-demand checking of additional reports, or
explicit steps for resolving the status of tumor men-
tions.
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A Additional Analyses

A.1 Chronological and type-grouped history

Chronological and type-grouped concatenation per-
form similarly overall, but type grouping gives
small gains in several parameter-level settings. On
the test set, type-grouped concatenation matches
or exceeds chronological concatenation for TSIZE
F1 in four of five models, with improvements of up
to 5.8 points. The largest gain appears for Qwen3-
32B, where TSIZE F1 increases from 0.742 with
chronological history to 0.8 with type-grouped his-
tory. For TLOC, the difference is smaller. Type
grouping is equal to or better in three of five mod-
els, with changes between -0.3 and +0.6 points for
most models. The exception is LLaMA3.1-70B,
where chronological history is slightly better for
both TSIZE and TLOC.

Case-level detection shows even smaller differ-
ences. Type grouping and chronological history
are tied or nearly tied for several models, and the
largest changes are only a few points. This sup-
ports the view that report organization mainly af-
fects parameter extraction, where the model must
select the correct size and location mention, rather
than case-level active tumor detection. One possi-
ble explanation is that grouping by document type
makes clinically important evidence easier to use
together. Radiology reports and discharge letters
contain much of the information needed for tumor
size, location, and follow-up status. When these
reports are grouped, the model may compare simi-
lar evidence sources more easily instead of moving
through a mixed chronological sequence of radiol-
ogy, pathology, surgery, and discharge documents.
This may explain why type grouping helps TSIZE
for some models, especially Qwen3-32B.

However, the effect is not robust enough to treat
type grouping as clearly superior. Chronologi-
cal history preserves the natural temporal order
of the patient record, which is important for de-
ciding whether later evidence overrides older find-
ings. Type grouping may make report-type evi-
dence more coherent, but it can also weaken the
temporal flow across document types. We therefore

treat both variants as full-history strategies in the
main analysis. The main finding is that including
longitudinal evidence matters more than choosing
between chronological and type-grouped ordering.

A.2 Context budget
Figure 4 shows the effect of increasing the con-
text budget for history concatenation. Increasing
the context window gives limited and inconsistent
gains. For TSIZE, recall remains mostly stable,
while precision often decreases as more context is
added. This suggests that the additional context
introduces older measurements and repeated tumor
descriptions without substantially improving evi-
dence coverage. TLOC shows a similar but weaker
trend, and case-level performance remains largely
unchanged across context budgets.

This pattern is also reflected in the standard de-
viations in Table 6. For most full-history settings,
variability across context budgets is small, typically
around σ < 0.01–0.05. This means that increasing
the context window from 8k to 16k or 32k rarely
changes performance substantially. The dataset
statistics also help explain this result. In the test
set, the median case length is 8,368 tokens and the
75th percentile is 12,192 tokens, so many cases
already fit mostly within an 8k or 16k budget. Only
11.59% of test cases exceed 16k tokens, which
means that very long histories are relatively rare.
Overall, larger context windows are not a general
solution in this setting. They may help individual
long cases, but they also add more outdated or am-
biguous evidence that the model has to filter. The
main limitation is therefore not only context length,
but the ability to select the finding that reflects the
active disease state.

A.3 Medical fine-tuning
The main model set includes MedGemma-27B as
the only clinically fine-tuned model, so its results
cannot separate the effect of medical adaptation
from the effect of the underlying model. We there-
fore additionally evaluate Gemma-3-27B-it, the
general-purpose model of the same family and size,
under the same prompts, strategies, and context
budget. Table 7 reports the comparison.

Analyzing the table along two axes, precision
and recall, shows that the two models fail in differ-
ently. Gemma-3 has higher TSIZE recall in every
setting, by 1.4–5.5 points, but lower TSIZE preci-
sion, by 9.7–10.4 points in the history-based set-
tings. Gemma-3 extracts most of the relevant find-

https://doi.org/10.2196/76571
https://doi.org/10.2196/76571
https://doi.org/10.2196/76571


Figure 4: Effect of context budget under history concatenation on test-set precision and recall.

Model Strategy TSIZE TLOC Case

P R F1 P R F1 P R F1

MedGemma-27B

no-history 0.573 0.764 0.655 0.632 0.742 0.682 0.800 0.851 0.825
type-grouped concat 0.593 0.889 0.711 0.667 0.845 0.745 0.800 0.851 0.825
history concat 0.593 0.889 0.711 0.661 0.845 0.742 0.800 0.851 0.825
semantic RAG 0.438 0.875 0.583 0.529 0.845 0.651 0.721 0.936 0.815
time-aware RAG 0.471 0.889 0.615 0.534 0.814 0.645 0.717 0.915 0.804

Gemma-3-27B-it

no-history 0.471 0.792 0.591 0.547 0.784 0.644 0.763 0.957 0.849
type-grouped concat 0.496 0.903 0.640 0.577 0.887 0.699 0.763 0.957 0.849
history concat 0.489 0.903 0.634 0.581 0.887 0.702 0.763 0.957 0.849
semantic RAG 0.420 0.917 0.576 0.512 0.856 0.641 0.738 0.957 0.833
time-aware RAG 0.456 0.944 0.615 0.538 0.876 0.667 0.726 0.957 0.826

Table 7: Test-set comparison of MedGemma-27B-text-it and its general-purpose counterpart Gemma-3-27B-it
across context construction strategies. Bold marks the better value of the two models for each metric.

ings but also returns many additional ones. Med-
ical fine-tuning therefore appears to help mainly
with the decision of which mentions to leave out,
which is the harder part of the task in a longitudinal
record.

At the case-level, Gemma-3 is better by 1.8–2.4
points in every setting, driven by a case-level recall
of 0.957 against 0.851 for MedGemma. A model
that over-extracts is rarely wrong about whether a
case contains an active tumor, so the same behavior
that lowers parameter precision raises case-level re-
call. This is consistent with the main results, where
case-level detection is less sensitive to context con-
struction than parameter extraction.

Two limitations should be kept in mind.
MedGemma is fine-tuned primarily on English clin-
ical text (Sellergren et al., 2026), so this compari-
son measures the transfer of English medical adap-
tation to German reports rather than domain adap-
tation in general. The comparison also covers one
model family at one size, so it shows that medical
fine-tuning is not sufficient to remove the preci-

sion limitation observed for all models, rather than
establishing a general effect of clinical pretraining.

A.4 Retrieval ablation

The retrieval pipeline combines sparse and dense
candidate retrieval before fusion and reranking
(Section 4.3). To test whether both components
are needed, we replace the candidate retrieval stage
with BM25 alone and with dense retrieval alone,
keeping fusion, reranking, temporal selection, and
all other hyperparameters fixed. We run the abla-
tion under time-aware RAG with Qwen2.5-32B,
the configuration used for hyperparameter tuning,
and report it in Table 8. The hybrid row is the con-
figuration used in the main results and is therefore
taken directly from Table 6.

The effect of the retriever is small and not uni-
form across parameters. For TSIZE, all three vari-
ants fall within 0.3 points of each other, and the
hybrid and dense retrievers are tied. For TLOC and
case-level detection the hybrid retriever is best, by
1.1 and 1.7 points over dense retrieval and by 2.1



Retriever TSIZE F1 TLOC F1 Case F1

BM25 only 0.667 0.709 0.865
Dense only (BGE-M3) 0.670 0.719 0.868
Hybrid (BM25 + dense) 0.670 0.730 0.885

Table 8: Retrieval stage ablation under time-aware RAG
with Qwen2.5-32B. Only the candidate retrieval stage
changes; fusion, reranking, and temporal selection are
identical across rows. The hybrid row is the config-
uration used in the main results and is reported from
Table 6.

and 2.0 points over BM25. The gains might be at-
tributed to the cases where the query is a semantic
description of an anatomical region rather than a nu-
meric measurement. Tumor sizes are short, surface-
level strings that lexical matching already retrieves
reliably, so adding dense retrieval contributes little;
segment mentions and the surrounding status evi-
dence are phrased more variably, which is where
combining lexical and semantic signals helps; how-
ever, these differences are small relative to the size
of the test set.

A.5 Extended Error Analysis

We manually analyzed TSIZE errors for Qwen
models under history concatenation, semantic
RAG, and time-aware RAG settings. We catego-
rized errors according to the apparent source of
failure: post-treatment interpretation, missing tu-
mor/status evidence, temporal filtering, HCC-status
ambiguity, satellite or suspicious lesions, value-
level errors, and structured-output errors. Figure 5
shows the resulting distributions.

Active-status interpretation. The largest source
of error is post-treatment interpretation, where the
model fails to determine whether a previously de-
scribed lesion should still be considered active af-
ter treatment, resection, or follow-up. Averaged
across the three context strategies, this category ac-
counts for 52% of TSIZE errors for Qwen2.5-32B
and 29.2% for Qwen3-32B, suggesting that explicit
reasoning reduces, but does not eliminate, the diffi-
culty. These errors are not simply caused by miss-
ing domain knowledge. In several inspected cases,
the prompt already specifies relevant decision rules,
such as not returning a tumor size after R0/R1 re-
section or local control when no residual lesion
is measured. Nevertheless, the model sometimes
identifies the relevant evidence and the applicable
rule, but still makes the wrong final active-status
decision. This suggests a limitation in reliably ap-

plying conditional clinical rules, especially in post-
treatment contexts where many treatment types
and follow-up formulations cannot be exhaustively
enumerated in the prompt. Smaller open-weight
models may therefore struggle not only with clini-
cal knowledge, but also with consistently mapping
complex treatment evidence to the final extraction
decision.

Retrieval-related context gaps. The retrieval-
based settings show that temporal selection im-
proves evidence coverage, but does not fully re-
solve context gaps. Compared with semantic RAG,
time-aware RAG reduces missing-status-evidence
errors, indicating that temporal structure helps re-
trieve more relevant follow-up evidence. How-
ever, both retrieval variants remain limited by in-
complete chunk-level context. In some cases, re-
trieval selects chunks with older tumor information
but fails to retrieve later evidence on treatment re-
sponse, resection, local control, or residual vital-
ity. In other cases, the retrieved context is too nar-
row and omits surrounding diagnostic information
needed to determine whether a finding corresponds
to an HCC tumor. These errors help explain why
time-aware RAG improves over semantic RAG,
but still remains less precise than full-history input.
The lower share of missing-status-evidence errors
for Qwen3-32B suggests that reasoning can some-
times compensate for incomplete or noisy retrieved
context, although it does not remove the underlying
retrieval limitation.

Temporal, suspicious, and output errors. Other
errors involve selecting the wrong measurement
from the longitudinal record, such as extracting an
outdated size, returning both previous and current
measurements. For Qwen3-32B under history con-
catenation, temporal filtering accounts for 17.2%
of TSIZE errors. A separate group involves small
satellite or HCC-suspicious lesions; these should be
interpreted cautiously because some disagreements
may reflect annotation uncertainty rather than clear
model failure, since the dataset annotates final ac-
tive findings but not all historical, suspicious, or un-
certain lesions. Finally, value-level and structured-
output errors include hallucinated or rounded sizes,
merged lesions, incomplete entries, and N/A values
despite available evidence.



Figure 5: Percentage contribution of error types for Qwen2.5-32B and Qwen3-32B across history concat, semantic
RAG, and time-aware RAG settings.

B Hyperparameter Tuning for RAG

We perform hyperparameter tuning for retrieval-
based context construction in two stages. First, we
optimize chunking and retrieval parameters con-
trolling how much textual evidence is retrieved per
report (Table 10). Second, we tune recency weight-
ing parameters to balance temporal relevance and
semantic similarity in retrieval (Table 11). All hy-
perparameter tuning experiments were conducted
using Qwen2.5-32B-Instruct in a non-reasoning
setup, as it provides strong performance in our
setting while requiring significantly less compu-
tational cost than reasoning-based variants of the
same model family.

In the first stage, we vary chunk size, the target
number of tumor-related chunks, and the maximum
number of chunks per report. These parameters
directly control the trade-off between evidence cov-
erage and noise. Increasing the number of retrieved
chunks consistently improves recall, particularly
for TSIZE, but introduces more irrelevant context,
leading to a drop in precision. Chunk size shows
a smaller effect, with 1000 characters providing
slightly more stable performance across tasks com-
pared to smaller (800) and larger (1200) chunks.

Based on these observations, we select a config-
uration of chunk size 1000, target 10 chunks, and a
maximum of 3 chunks per report. This setting pri-
oritizes high recall for tumor evidence extraction,
which is critical for downstream extraction, while
maintaining competitive F1 scores.

We further tune the recency weighting parame-
ters α and λ, which govern the trade-off between
semantic similarity and temporal relevance during
retrieval. Across all tasks, performance differences
remain small, suggesting limited sensitivity to these

parameters within the explored range. This likely
stems from temporal constraints already imposed
during candidate selection, where chunks are sam-
pled across multiple time horizons (e.g., older, in-
termediate, and recent reports) with a bias toward
recent evidence. Consequently, recency is effec-
tively enforced regardless of the scoring function,
and α mainly influences the final ranking rather
than the temporal diversity of retrieved candidates.

For TSIZE, higher α values (e.g., α = 0.8) yield
slightly better recall (up to 0.923), suggesting that
temporal ranking remains the dominant signal for
identifying tumor evidence. Variations in λ have
only minor effects, with no consistent trend across
configurations. For TLOC, performance is even
more stable, with F1 scores clustered tightly around
0.72–0.73, and only marginal precision gains ob-
served for lower α values. Case-level classification
is largely unaffected by these parameters, with near-
constant recall and minimal variation in F1.

Based on these observations, we select α = 0.8
and λ = 0.001, as this configuration provides
strong and stable performance across tasks while
preserving high recall for tumor-specific attributes
without introducing unnecessary noise.

C Prompt Templates

The prompts were written in German, matching the
language of the clinical reports. All experiments
use the German versions as shown in Appendix C.1
and Appendix C.2. For translation purposes, an
English gloss for prompts is given in Appendix C.3.
The gloss is machine-translated and is provided for
illustration only; it was never used in any experi-
ment.



C.1 Direct History Prompt Template

<|im_start|>system
Antworte ausschließlich mit gültigem JSON. Gib keinen Erklä

rtext, keine Kommentare und keine Markdown-Formatierung
aus. Die Antwort muss direkt mit '{' beginnen und mit
'}' enden.

Analysiere medizinische Texte und extrahiere HCC-Tumore (
hepatozelluläres Karzinom) oder HCC-typische bzw. HCC-
verdächtige Läsionen (z.B. LI-RADS 4/5, arterielle
Hypervaskularisation, Washout, Diffusionsrestriktion,
EOB-Defekt). Dazu gehören auch Läsionen mit typischen
radiologischen Merkmalen oder Läsionen, die explizit als
HCC-typisch bzw. HCC-suspekt bezeichnet werden.

Extrahiere Läsionen, die im neuesten relevanten Verlauf
weiterhin als aktiv vorhanden oder radiologisch vital
nachweisbar sind. Behandelte Läsionen sollen nur dann
extrahiert werden, wenn trotz Therapie weiterhin Vitalit
ätszeichen bestehen.

Wenn ein Tumor in älteren Befunden beschrieben wird und in
einem neueren Befund explizit als entfernt, behandelt
ohne Residuum oder rezidivfrei beschrieben wird, darf er
nicht extrahiert werden.

Läsionen nach Therapie (z.B. TACE, Brachytherapie, Ablation,
Resektion) gelten NICHT als aktive HCC-Tumore, wenn
neuere Befunde sie als gut kontrolliert, lokal
kontrolliert, devaskularisiert, nekrotisch oder als rein
posttherapeutische Reststruktur ohne Vitalitätszeichen

beschreiben (z.B. Narbe, Ablationszone oder fehlendes
Enhancement).

Morphologisch persistierende Läsionen nach Therapie dürfen nur
dann extrahiert werden, wenn weiterhin eindeutige

Vitalitätszeichen bestehen, z.B. arterielle
Hypervaskularisation, Washout, Diffusionsrestriktion,
noduläre kontrastmittelaufnehmende Anteile, explizit
vitales Residuum oder Progress.

Pathologieberichte dienen primär zur Bestätigung von
Histologie und Tumorgröße im resezierten oder
behandelten Material, jedoch in der Regel NICHT zur
Beurteilung aktuell aktiver intrahepatischer Tumoren. Fü
r die Aktivitätsbewertung haben neuere radiologische
oder klinische Verlaufskontrollen Vorrang.

Eine Läsion darf anhand eines Pathologieberichts nur dann als
aktuell aktiv gewertet werden, wenn explizit ein vitales
Residuum, ein fortbestehender nicht entfernter Tumor

oder eine unvollständige Entfernung mit makroskopischem
Residuum (R2) beschrieben wird; eine R1-Resektion (
mikroskopisches Residuum) gilt nicht als messbare Läsion,
daher ist "tumor_size": "N/A" zu setzen, während die

Tumorlokalisation weiterhin extrahiert werden soll,
sofern sie eindeutig bestimmbar ist, ohne frühere Größen
zu übernehmen; eine R2-Resektion (makroskopisches

Residuum) gilt als aktiver Tumor, wobei Tumorgröße und
Lokalisation nur dann extrahiert werden dürfen, wenn sie
im aktuellen Befund explizit angegeben sind.

<|im_end|>
<|im_start|>user
Analysiere die folgenden medizinischen Befunde.

Die Befunde enthalten Datumsangaben in den Überschriften.
Verwende die Datumsangaben, um den zeitlichen Verlauf zu
verstehen. Neuere Befunde überschreiben ältere Befunde

bei widersprüchlichen Aussagen. Nutze die neuesten
relevanten Informationen für die finale Entscheidung.

Extrahiere alle HCC- oder HCC-suspekten Läsionen, die nach Ber
ücksichtigung des Verlaufs noch aktuell aktiv relevant
sind.

Wenn ein Befund eine aktuelle Größe und eine frühere Größe (z.
B. mit "VU") nennt, extrahiere nur die aktuelle Größe.

Wenn eine Information fehlt, verwende "N/A".

Wenn keine passenden Läsionen gefunden werden, gib eine leere
Liste zurück.

WICHTIGE REGELN

* Ein Satz kann mehrere Tumore enthalten. Jeder Tumor muss als
eigener Eintrag erscheinen.

* Die anatomische Lage (z.B. Segment) kann vor oder nach der
Größe stehen und muss korrekt zugeordnet werden.

* Tumorgrößen können 1D, 2D oder 3D angegeben sein. Verwende
die vollständigste vorhandene Größenangabe.

* Wenn dieselbe Läsion mit gleicher Größe und Lage mehrfach
erwähnt wird, darf sie nur einmal im JSON erscheinen.

* Wenn mehrere Tumore im gleichen Segment mit
unterschiedlichen Größen beschrieben werden, müssen sie
als separate Einträge erscheinen.

* Pathologieberichte sollen primär für Histologie, Größe und
Resektionsstatus genutzt werden und nur bei explizitem
vitalem Residuum, Tumor am Rand oder unvollständiger
Entfernung zur Aktivitätsbewertung beitragen.

BEISPIEL-FORMAT

{
"active_hcc_tumors": [
{
"tumor_size": "<Größe mit Einheit oder N/A>",
"tumor_location": "<Segment oder andere anatomische Lage oder

N/A>",
"source_date": "<Datum des verwendeten Befundes oder N/A>",
"source_doc_type": "<Dokumenttyp oder N/A>"
}
]
}

BEFUNDE:
Relevante medizinische Befunde zu Tumoren:
----- 2024-02-24 Arztbrief -----
<full report>>

----- 2024-03-10 Bildgebung -----
<full report>>
....
<|im_end|>
<|im_start|>assistant

C.2 RAG Prompt Template

<|im_start|>system
The same system prompt as above.
<|im_end|>
<|im_start|>user
The same user prompt as above until this part.

BEFUNDE:
Relevante medizinische Befunde zu Tumoren (älteste zuerst):
----- 2024-02-24 Arztbrief -----
<chunk>
----- 2024-03-10 Bildgebung -----
<chunk>

Informationen zu möglichen Resektionen (älteste zuerst):
----- 2024-02-24 Arztbrief -----
<chunk>
----- 2024-02-24 OP-Berichte -----
<chunk>
<|im_end|>
<|im_start|>assistant

C.3 English Gloss of Prompts

Gloss of the direct-history prompt (Appendix C.1).
The RAG prompt (Appendix C.2) is identical ex-
cept that the evidence block contains retrieved
chunks, grouped into tumor-related and resection-
related evidence and ordered oldest first, instead of
full reports.

<|im_start|>system
Respond exclusively with valid JSON. Do not output explanatory

text, comments, or Markdown formatting. The answer must
begin directly with '{' and end with '}'.



Analyze medical texts and extract HCC tumors (hepatocellular
carcinoma) or HCC-typical or HCC-suspicious lesions (e.g.
LI-RADS 4/5, arterial hypervascularization, washout,

diffusion restriction, EOB defect). This also covers
lesions with typical radiological features, or lesions
explicitly described as HCC-typical or HCC-suspicious.

Extract lesions that are still present as active, or
radiologically detectable as viable, in the most recent
relevant follow-up. Treated lesions are to be extracted
only if signs of viability persist despite therapy.

If a tumor is described in older reports and a more recent
report explicitly describes it as removed, treated
without residue, or recurrence-free, it must not be
extracted.

Lesions after therapy (e.g. TACE, brachytherapy, ablation,
resection) do NOT count as active HCC tumors if more
recent reports describe them as well controlled, locally
controlled, devascularized, necrotic, or as purely post-

therapeutic residual structure without signs of
viability (e.g. scar, ablation zone, or absent
enhancement).

Morphologically persistent lesions after therapy may be
extracted only if unambiguous signs of viability remain,
e.g. arterial hypervascularization, washout, diffusion

restriction, nodular contrast-enhancing components,
explicitly viable residue, or progression.

Pathology reports serve primarily to confirm histology and
tumor size in the resected or treated material, but
generally NOT to assess currently active intrahepatic
tumors. For activity assessment, more recent
radiological or clinical follow-up takes precedence.

A lesion may be counted as currently active on the basis of a
pathology report only if a viable residue, a persisting
non-removed tumor, or an incomplete removal with
macroscopic residue (R2) is explicitly described; an R1
resection (microscopic residue) does not count as a
measurable lesion, so "tumor_size": "N/A" is to be set,
while the tumor location should still be extracted where
unambiguously determinable, without carrying over

earlier sizes; an R2 resection (macroscopic residue)
counts as an active tumor, where tumor size and location
may be extracted only if explicitly stated in the

current report.
<|im_end|>
<|im_start|>user
Analyze the following medical reports.

The reports carry dates in their headings. Use the dates to
understand the temporal course. More recent reports
override older reports where statements conflict. Use
the most recent relevant information for the final
decision.

Extract all HCC or HCC-suspicious lesions that are still
currently active and relevant once the course has been
taken into account.

If a report gives a current size and an earlier size (e.g.
marked "VU", prior examination), extract only the
current size.

If a piece of information is missing, use "N/A".

If no matching lesions are found, return an empty list.

IMPORTANT RULES

* One sentence may contain several tumors. Each tumor must
appear as its own entry.

* The anatomical location (e.g. segment) may precede or follow
the size and must be assigned correctly.

* Tumor sizes may be given in 1D, 2D, or 3D. Use the most
complete size specification available.

* If the same lesion is mentioned repeatedly with the same
size and location, it may appear only once in the JSON.

* If several tumors in the same segment are described with
different sizes, they must appear as separate entries.

* Pathology reports are to be used primarily for histology,
size, and resection status, and contribute to the
activity assessment only in the case of explicit viable
residue, tumor at the margin, or incomplete removal.

EXAMPLE FORMAT

{
"active_hcc_tumors": [
{
"tumor_size": "<size with unit or N/A>",
"tumor_location": "<segment or other anatomical location or N/

A>",
"source_date": "<date of the report used or N/A>",
"source_doc_type": "<document type or N/A>"
}
]
}

REPORTS:
Relevant medical reports on tumors:
----- 2024-02-24 Physician letter -----
<full report>
....
<|im_end|>
<|im_start|>assistant

D Additional Tables



Model Strategy Context TSIZE TLOC Case

P R F1 σ P R F1 σ P R F1 σ

LLaMA-3.1-8B

no-history 16384 0.565 0.765 0.650 0.031 0.500 0.735 0.595 0.067 0.763 0.879 0.817 0.069
type-grouped concat 32768 0.566 0.922 0.701 0.010 0.588 0.959 0.729 0.014 0.780 0.970 0.865 0.009
history concat 32768 0.592 0.824 0.689 0.020 0.556 0.816 0.661 0.018 0.769 0.909 0.833 0.003
semantic RAG 8192 0.404 0.824 0.542 – 0.419 0.735 0.533 – 0.784 0.879 0.829 –
time-aware RAG 8192 0.483 0.824 0.609 – 0.494 0.837 0.621 – 0.806 0.879 0.841 –

MedGemma-27B

no-history 8192 0.695 0.804 0.745 0.008 0.655 0.735 0.692 0.005 0.824 0.848 0.836 0.009
type-grouped concat 16384 0.676 0.980 0.800 0.030 0.676 0.939 0.786 0.018 0.825 1.000 0.904 0.027
history concat 16384 0.644 0.922 0.758 0.015 0.672 0.878 0.761 0.007 0.821 0.970 0.889 0.018
semantic RAG 8192 0.532 0.980 0.690 – 0.603 0.898 0.721 – 0.786 1.000 0.880 –
time-aware RAG 8192 0.593 1.000 0.745 – 0.603 0.898 0.721 – 0.780 0.970 0.865 –

Qwen2.5-32B

no-history 16384 0.732 0.804 0.766 0.023 0.696 0.653 0.674 0.033 0.867 0.788 0.825 0.009
type-grouped concat 16384 0.817 0.961 0.883 0.041 0.754 0.878 0.811 0.011 0.842 0.970 0.901 0.013
history concat 16384 0.800 0.941 0.865 0.035 0.750 0.857 0.800 0.009 0.861 0.939 0.899 0.011
semantic RAG 8192 0.658 0.980 0.787 – 0.667 0.898 0.765 – 0.780 0.970 0.865 –
time-aware RAG 8192 0.746 0.980 0.847 – 0.733 0.898 0.807 – 0.842 0.970 0.901 –

Qwen3-32B

no-history 16384 0.907 0.765 0.830 0.006 0.814 0.714 0.761 0.024 0.933 0.848 0.889 0.043
type-grouped concat 32768 0.940 0.922 0.931 0.055 0.891 0.837 0.863 0.043 0.938 0.909 0.923 0.036
history concat 16384 0.940 0.922 0.931 0.037 0.833 0.816 0.825 0.021 0.938 0.909 0.923 0.030
semantic RAG 8192 0.758 0.922 0.832 – 0.690 0.816 0.748 – 0.811 0.909 0.857 –
time-aware RAG 8192 0.839 0.922 0.879 – 0.769 0.816 0.792 – 0.882 0.909 0.896 –

LLaMA-3.1-70B

no-history 16384 0.689 0.824 0.750 0.017 0.610 0.735 0.667 0.009 0.857 0.909 0.882 0.002
type-grouped concat 8192 0.652 0.882 0.750 0.015 0.641 0.837 0.726 0.003 0.838 0.939 0.886 0.005
history concat 8192 0.682 0.882 0.769 0.034 0.662 0.878 0.754 0.019 0.865 0.970 0.914 0.019
semantic RAG 8192 0.481 1.000 0.650 – 0.550 0.898 0.682 – 0.780 0.970 0.865 –
time-aware RAG 8192 0.515 0.980 0.676 – 0.544 0.878 0.672 – 0.795 0.939 0.861 –

Table 9: Dev-set performance of context construction strategies across models. Models are ordered by model size.
Bold marks the best value within each model family for each metric; ties are bolded jointly. σ denotes variability
across evaluated context lengths and is reported only for strategies tested with multiple context budgets.

Figure 6: Zoomed version of test-set precision–recall trade-offs across strategies for TSIZE, TLOC, and case-level
tumor detection.

Chunk Target Max TSIZE TLOC Case

P R F1 P R F1 P R F1

1000 10 3 0.594 0.891 0.713 0.634 0.865 0.731 0.673 0.972 0.795
1000 8 2 0.561 0.859 0.679 0.643 0.865 0.738 0.673 0.972 0.795
1000 6 2 0.589 0.828 0.688 0.642 0.823 0.721 0.706 1.000 0.828
1200 10 3 0.567 0.859 0.683 0.619 0.896 0.732 0.636 0.972 0.769
1200 8 2 0.547 0.906 0.682 0.594 0.885 0.711 0.655 1.000 0.791
1200 6 2 0.564 0.828 0.671 0.636 0.854 0.729 0.673 0.972 0.795
800 10 3 0.533 0.875 0.663 0.591 0.844 0.695 0.643 1.000 0.783
800 8 2 0.553 0.891 0.683 0.571 0.833 0.678 0.660 0.972 0.787
800 6 2 0.570 0.828 0.675 0.639 0.812 0.716 0.679 1.000 0.809

Table 10: Hyperparameter sweep for chunk size and the number of tumor information chunks along with how many
chunks a report can contribute at max. Increasing the number of retrieved chunks (target/max) improves recall but
consistently reduces precision, especially for TSIZE. The selected configuration (1000, 10, 3) maximizes TSIZE
recall and overall F1, at the cost of lower precision.



α λ TSIZE TLOC Case

P R F1 P R F1 P R F1

0.8 0.0075 0.545 0.923 0.686 0.634 0.856 0.728 0.780 0.979 0.868
0.8 0.001 0.536 0.908 0.674 0.627 0.866 0.727 0.807 0.979 0.885
0.8 0.003 0.531 0.923 0.674 0.632 0.866 0.730 0.780 0.979 0.868
0.65 0.0075 0.526 0.923 0.670 0.627 0.866 0.727 0.780 0.979 0.868
0.65 0.001 0.532 0.892 0.667 0.625 0.876 0.730 0.793 0.979 0.876
0.65 0.003 0.518 0.908 0.659 0.618 0.866 0.721 0.793 0.979 0.876
0.5 0.001 0.527 0.892 0.663 0.636 0.866 0.734 0.793 0.979 0.876
0.5 0.003 0.522 0.908 0.663 0.620 0.876 0.726 0.793 0.979 0.876
0.5 0.0075 0.513 0.908 0.656 0.618 0.866 0.721 0.793 0.979 0.876

Table 11: Hyperparameter sweep for recency weighting. α controls the balance between semantic similarity and
temporal relevance, while λ determines the decay applied to older documents. Performance differences are small
across configurations, with slightly higher recall observed for larger α values and minor precision gains for lower α.

Hyperparameter Value

Chunking
Chunk size 1000 characters
Sentence overlap 2 sentences

Retrieval
Tumor initial retrieval size (n) 80
Resection initial retrieval size (n) 30
BM25 enabled True
BM25 tumor n 80
BM25 resection n 30
BM25 minimum score 0.1
RRF constant (k) 60
Tumor candidate pool (k) 180
Resection candidate pool (k) 60

Time-aware scoring
Recency enabled True
Tumor recency weight (αtumor) 0.8
Tumor recency decay (λtumor) 0.001

Temporal constraints
Tumor bucket minima (old, middle, re-

cent)
(1, 1, 3)

Latest-report guarantee (tumor) True
Latest-chunk guarantee (resection) True
Max tumor chunks per report 3
Max resection chunks per report 2

Final context
Selected tumor chunks 10
Selected resection chunks 3

Embeddings and reranking
Embedding model BAAI/bge-m3
Cross-encoder model BAAI/bge-reranker-v2-m3
Reranker batch size 16
Keep top-n after rerank 0 (disabled)

LLM inference
Model Table 5
Max output tokens 4096
Max model context length 32768
Temperature 0.1

Robustness
Summary retry limit 3
Extra JSON retries 3

Query templates
Tumor Template 1 HCC hepatozelluläres Karzinom Leber Läsion Herd Herdbefund Raumforderung Segment Seg. S1

S2 S3 S4 S5 S6 S7 S8 Tumordurchmesser Durchmesser Größe mm cm
Tumor Template 2 LI-RADS HCC-typisch arterielle Hypervaskularisation Washout Diffusionsrestriktion

EOB-Defekt
Tumor Template 3 Leberläsion Verlauf VU Größenzunahme mehrere Läsionen Segment Seg. S1 S2 S3 S4 S5 S6 S7 S8

Tumordurchmesser Durchmesser
Resection Template 1 Resektion Teilresektion Hemihepatektomie R0 R1 R2 Absetzungsrand Resektionsrand
Resection Template 2 Ablation RFA MWA TACE SIRT postinterventionell behandelte Läsion Nekrose Ablationszone
Resection Template 3 kein Residuum kein Tumornachweis rezidivfrei nicht mehr nachweisbar ohne Restvitalität

kein vitaler Tumor

Table 12: Full configuration used for all retrieval-based experiments, including the query templates used for
candidate retrieval.


	Introduction
	Related Work
	Data
	Dataset and Splits
	Annotation

	Methods
	Task Formulation
	Context Construction
	Retrieval and Selection Pipeline
	Prompting and Output Schema
	Models
	Evaluation Metrics

	Results and Discussion
	Effect of longitudinal history
	Retrieval-based input and temporal selection

	Error Analysis
	Conclusion
	Limitations
	Acknowledgments
	Additional Analyses
	Chronological and type-grouped history
	Context budget
	Medical fine-tuning
	Retrieval ablation
	Extended Error Analysis

	Hyperparameter Tuning for RAG
	Prompt Templates
	Direct History Prompt Template
	RAG Prompt Template
	English Gloss of Prompts

	Additional Tables

