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Abstract

Extracting structured cancer registry informa-
tion from pathology and medical reports is chal-
lenging due to heterogeneous reporting styles
and implicit clinical reasoning. We propose
a modular multi-agent framework that decom-
poses registry abstraction into semantic chunk-
ing, retrieval, field-specific extraction, valida-
tion, evaluation, and aggregation stages.

The dataset includes 818 annotated cancer
cases from Sultan Qaboos University Hospi-
tal. Evaluation in this study focuses on breast
(n=454) and colorectal (n=174) reports across
grade, morphology, TNM staging, and lateral-
ity extraction tasks. The framework is com-
pared against prompt-based LLaMA 3.3 base-
lines using accuracy and weighted/macro F1-
score metrics.

The proposed framework improved perfor-
mance in context-dependent tasks, particularly
grade extraction, where weighted F1-score in-
creased from 0.71 to 0.78 for breast cancer and
from 0.56 to 0.67 for colorectal cancer. Im-
provements were also observed for colorectal
laterality extraction. For other extraction tasks,
particularly highly structured tasks such as
TNM staging and morphology extraction, the
multi-agent framework achieved performance
comparable to direct prompting.

Although the baseline achieved slightly higher
average weighted F1-scores overall, the pro-
posed framework provides improved modular-
ity, traceability, and pipeline-level interpretabil-
ity through explicit intermediate reasoning
stages, supporting error analysis and future
clinician-guided refinement.

1 Introduction

Cancer registries are essential for epidemiological
surveillance, clinical research, and healthcare plan-
ning. However, key registry variables such as grade,
morphology, TNM staging, and laterality are often
embedded in free-text pathology reports, making

abstraction labor-intensive, difficult to scale, and
prone to inter-annotator variability.

Extracting structured information from clinical
narratives remains challenging due to heteroge-
neous documentation styles, implicit terminology,
and contextual ambiguity. While transformer mod-
els and large language models (LLMs) improved
clinical text understanding and structured output
generation, single-pass prompting approaches re-
main vulnerable to hallucination, inconsistency,
and weak grounding when extracting multiple in-
terdependent variables.

Recent advances in agentic LLM systems offer
an alternative by decomposing complex tasks into
modular reasoning stages. The ReAct paradigm
demonstrated that combining reasoning and action
improves performance and interpretability (Yao
et al., 2022). Building on this idea, biomedical
agentic systems incorporated planning, orchestra-
tion, and tool use (Abbasian et al., 2024; Li et al.,
2025), while surveys and benchmark studies char-
acterized these paradigms in biomedicine (Lin
et al., 2024; Xu and Sankar, 2025; Yang et al., 2025;
Radi et al., 2025; Gorenshtein et al., 2025). In on-
cology, agentic frameworks have been explored for
decision support, diagnostic reasoning, and treat-
ment planning (Ferber et al., 2025; Chen et al.,
2025; Çağatay Umut Öğdü et al., 2025; Kuerban-
jiang et al., 2025; Inoue et al., 2025; Zhao et al.,
2025a). In parallel, LLM-based approaches have
also been investigated for structured extraction
from pathology and oncology reports (Chow et al.,
2025; Gupta et al., 2025; Hart and Bergamaschi,
2026).

Despite this progress, existing approaches often
focus on isolated tasks, single cancer types, or di-
rect prompting strategies with limited visibility into
intermediate reasoning stages and failure sources.

In this work, we propose an open-source multi-
agent framework for structured cancer registry
extraction from pathology and medical reports,
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focusing on breast and colorectal cancer. Im-
plemented as a sequential LangGraph1 workflow,
the framework performs semantic chunking, field-
conditioned retrieval, field-specific extraction, vali-
dation, evaluation, and aggregation. Unlike direct
prompting, the system stores intermediate outputs
across stages, enabling pipeline-level traceability
and allowing failures to be linked to specific stages
such as retrieval, extraction, normalization, or ag-
gregation. This design supports structured auditing
and future clinician-guided refinement for clinical
information extraction.

2 Related Work

2.1 Clinical Information Extraction from
Pathology Reports

Clinical information extraction evolved from rule-
based systems to transformer-based and LLM-
based approaches. Although transformer mod-
els improved generalization across tasks such as
named entity recognition and relation extraction,
pathology reports remain challenging due to dense
terminology, implicit structure, and contextual am-
biguity.

Recent studies demonstrated that LLMs can per-
form structured extraction from clinical and pathol-
ogy documents without extensive task-specific
training. Chow et al. (2025) demonstrated strong
performance of open-weight LLMs for schema-
aligned pathology abstraction. Hart and Bergam-
aschi (2026) proposed an agent-based framework
for breast cancer pathology extraction, while Gupta
et al. (2025) introduced a hierarchical agentic sys-
tem for large-scale oncology data extraction. How-
ever, these approaches mainly focus on single-task
extraction, institution-specific workflows, or direct
prompting strategies with limited pipeline-level in-
terpretability.

2.2 LLM Agents in Biomedicine and
Oncology

Agentic AI expands the capabilities of LLMs by
enabling iterative reasoning, external tool interac-
tion, memory utilization, and coordinated multi-
step problem solving (Yao et al., 2022; Xu and
Sankar, 2025; Yang et al., 2025; Radi et al., 2025;
Zhao et al., 2025b; Abdollahi et al., 2025). Foun-
dational work such as ReAct demonstrated the ad-
vantages of integrating reasoning with action exe-
cution (Yao et al., 2022), while subsequent studies

1https://github.com/langchain-ai/langgraph

proposed biomedical agentic frameworks incorpo-
rating orchestration and tool-assisted workflows
(Abbasian et al., 2024; Lin et al., 2024; Li et al.,
2025; Inoue et al., 2025). Recent surveys further
emphasized the growing applications of agentic
AI in clinical decision-making, research automa-
tion, and biomedical knowledge synthesis (Xu and
Sankar, 2025; Yang et al., 2025; Radi et al., 2025;
Zhao et al., 2025b; Abdollahi et al., 2025).

In oncology, agentic frameworks have been ex-
plored for decision support, diagnostic reasoning,
treatment planning (Ferber et al., 2025; Chen et al.,
2025; Kuerbanjiang et al., 2025; Liu et al., 2026),
and biomedical research applications such as drug
discovery and biomarker reasoning (Inoue et al.,
2025; Zuo et al., 2025; Jin et al., 2025; Huang et al.,
2025; Bazgir et al., 2025). However, most work
focuses on decision support or research workflows
rather than structured cancer registry extraction
from heterogeneous pathology documentation.

2.3 Research Gap

Despite progress in clinical information extraction
and agentic AI, several gaps remain at their inter-
section. Existing approaches often rely on direct
prompting strategies that process entire reports in
a single inference step. While effective for ex-
plicit patterns such as TNM expressions, these ap-
proaches provide limited visibility into interme-
diate reasoning stages and extraction failures. In
cancer registry abstraction, clinically relevant ev-
idence may be distributed across multiple report
sections, expressed implicitly, or embedded within
noisy longitudinal documentation.

To address these limitations, we propose a mod-
ular multi-agent framework implemented as a se-
quential LangGraph workflow that performs se-
mantic chunking, field-conditioned retrieval, field-
specific extraction, validation, evaluation, and ag-
gregation. The framework additionally stores inter-
mediate outputs across stages, enabling pipeline-
level traceability, structured auditing, and future
clinician-guided refinement.

3 Methodology

3.1 Study Overview

We propose a modular multi-agent framework for
structured cancer registry extraction from pathol-
ogy and medical reports, targeting clinically rele-
vant variables including grade, morphology, TNM
staging, and laterality. Unlike single-pass LLM
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prompting, the framework decomposes extraction
into sequential specialized stages implemented as a
directed LangGraph workflow. Agents operate over
a shared state and progressively refine intermedi-
ate outputs, enabling modular execution, structured
auditing, and pipeline-level traceability.

3.2 Dataset

The dataset was collected from Sultan Qaboos Uni-
versity Hospital and includes 818 annotated can-
cer cases. Clinical reports were independently re-
viewed by trained pathologists, with disagreements
adjudicated by a senior pathologist to establish the
final gold standard annotations. Inter-annotator
agreement analysis across registry variables and
cancer types is provided in Appendix B.

Although the overall dataset contains multiple
cancer types, the current study focuses on breast
(n=454) and colorectal (n=174) reports for evalua-
tion across four registry variables: grade, morphol-
ogy, TNM staging, and laterality.

3.3 Multi-Agent Architecture

The proposed system consists of sequential special-
ized agents, as illustrated in Figure 1. Additional
implementation details and source code availability
are provided in Code Availabilty section.

• Chunking Agent: Segments reports into se-
mantically coherent chunks and assigns field-
relevance labels.

• Retriever Agent: Selects field-specific evi-
dence relevant to grade, morphology, TNM
staging, and laterality extraction. Retrieval
is used to reduce irrelevant context and im-
prove extraction focus for context-dependent
variables.

• Field-Specific Extraction Agents: Dedicated
agents independently extract grade, morphol-
ogy, T, N, M, and laterality using task-specific
prompts and structured output constraints.

• Reviewer Agent: Validates outputs, enforces
schema consistency, and repairs malformed
predictions.

• Evaluator Agent: Computes evaluation met-
rics when reference labels are available, or es-
timates confidence using evidence alignment
and internal consistency.

• Aggregation Agent: Consolidates validated
outputs into a unified structured record con-
taining predictions, normalized labels, confi-
dence scores, and supporting evidence.

All prompts are provided in Appendix D. Prompt
design was iteratively refined through experimental
evaluation and error inspection to improve schema
consistency and extraction reliability across fields.

3.4 Workflow Orchestration

The pipeline is implemented using LangGraph as
a directed execution graph operating over a shared
state containing reports, retrieved evidence, inter-
mediate outputs, predictions, and confidence scores.
This design enables modular execution, transparent
information flow, and stage-level error tracing.

3.5 Model Communication Protocol (MCP)

We introduce a lightweight Model Communication
Protocol (MCP) that standardizes communication
between agents through unified schemas for inputs,
outputs, intermediate states, and metadata. MCP
supports consistent state updates, logging, and re-
producible execution across the pipeline.

3.6 Persistent Audit Database

A SQLite-based persistence module stores reports,
intermediate outputs, predictions, and confidence
values across runs, supporting auditing, traceability,
and future refinement.

3.7 Implementation Details

The framework is implemented in Python using
LangGraph. LLaMA 3.3 (70B) is deployed locally
through Ollama (v0.4.7) to preserve data privacy.
The system runs on Ubuntu 22.04 LTS with Python
3.10, Streamlit for visualization, and Pandas for
data processing. Experiments were conducted us-
ing two NVIDIA RTX 6000 Ada GPUs (48 GB
each) with CUDA 13.0.

3.8 Baseline Method

As a baseline, we implement direct prompt-based
extraction using LLaMA 3.3 without task decom-
position, retrieval, or intermediate reasoning stages.
Multiple prompting strategies were evaluated, in-
cluding simple/prefix prompting (direct extraction
instructions), cloze prompting (fill-in-the-blank
style extraction), anticipatory prompting (guiding
the model with preparatory contextual instructions),
chain-of-thought prompting (step-wise reasoning
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Figure 1: Overview of the proposed multi-agent framework. The pipeline consists of sequential agents for chunking,
retrieval, field-specific extraction, validation, evaluation, and aggregation coordinated through a shared state.

before prediction), and heuristic prompting (rule-
guided extraction instructions). For each extraction
task, the best-performing baseline prompting strat-
egy was selected for comparison against the pro-
posed multi-agent framework. Detailed baseline
prompts are provided in Appendix C.

Compared to direct prompting, the proposed
multi-agent framework introduces additional com-
putational overhead due to sequential agent execu-
tion, retrieval stages, and intermediate validation
steps. However, the current study primarily focuses
on extraction quality, interpretability, and traceabil-
ity rather than runtime optimization.

3.9 Evaluation Metrics

Performance is evaluated using accuracy, macro-
averaged, and weighted precision, recall, and F1-
score. Macro metrics assess performance equally
across classes, while weighted metrics account for
class imbalance and reflect real-world clinical dis-
tributions.

Predictions are evaluated using exact-label
matching against ground-truth registry annotations.

4 Results and Discussion

This section compares the proposed multi-agent
framework with prompt-based LLaMA 3.3 base-
lines for breast and colorectal cancer registry ex-
traction across grade, morphology, TNM staging,
and laterality tasks. Because several fields are
imbalanced, weighted F1-score is used as the pri-
mary metric, while macro metrics evaluate class-
balanced performance.

Overall, results reveal task-dependent behav-
ior. The multi-agent framework improves context-
dependent tasks such as grade extraction and col-
orectal laterality, while achieving performance
comparable to direct prompting for highly struc-
tured fields such as TNM staging and morphology.

4.1 Grade Extraction Performance

Table 1 summarizes grade extraction performance
across breast and colorectal cancer sites. Figure 2
presents weighted metrics, while weighted F1-only
and macro-level comparisons are provided in Ap-
pendix A (Figures 8 and 9).

For breast cancer, the multi-agent framework im-
proved weighted F1-score from 0.71 to 0.78 and
accuracy from 0.64 to 0.73. For colorectal cancer,
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Table 1: Comparative performance for grade extraction
in breast and colorectal cancer.

Site Method Acc Pw Rw F1w Pm Rm F1m

Breast Baseline-Anticipatory 0.64 0.83 0.64 0.71 0.55 0.61 0.51
Breast Multi-Agent 0.73 0.83 0.73 0.78 0.58 0.54 0.56
Colorectal Baseline-Anticipatory 0.44 0.85 0.44 0.56 0.40 0.34 0.34
Colorectal Multi-Agent 0.59 0.80 0.59 0.67 0.34 0.30 0.31

weighted F1-score increased from 0.56 to 0.67 and
accuracy from 0.44 to 0.59. These improvements
suggest that decomposition and field-specific evi-
dence retrieval are beneficial when grade-related
information is context-dependent or distributed
across multiple report sections.

However, the slight decrease in colorectal macro
F1-score indicates reduced sensitivity for less fre-
quent classes. Overall, grade extraction represents
the strongest advantage of the proposed multi-agent
framework over direct prompting.

Figure 2: Accuracy, weighted precision, weighted recall,
and weighted F1-score comparison between the base-
line and the multi-agent framework for grade extraction
across breast and colorectal cancer sites.

4.2 Morphology Extraction Performance
Table 2 and Figure 3 summarize morphology ex-
traction performance. Additional weighted F1-only
and macro-level comparisons are provided in Fig-
ures 10 and 11. For breast cancer, the multi-agent
framework remained close to the baseline, with
weighted F1-score decreasing slightly from 0.82
to 0.80 while macro F1-score improved marginally
from 0.33 to 0.34. In colorectal cancer, the base-
line achieved higher weighted F1-score, increasing
from 0.80 to 0.87 (+0.07) compared to the multi-
agent framework.

These findings suggest that morphology extrac-
tion often depends on explicit histologic terminol-
ogy that can already be captured effectively through

Table 2: Comparative performance for morphology ex-
traction in breast and colorectal cancer.

Site Method Acc Pw Rw F1w Pm Rm F1m

Breast Baseline-Anticipatory 0.75 0.91 0.75 0.82 0.34 0.40 0.33
Breast Multi-Agent 0.72 0.92 0.72 0.80 0.35 0.54 0.34
Colorectal Baseline-Simple 0.86 0.87 0.86 0.87 0.31 0.31 0.31
Colorectal Multi-Agent 0.67 0.99 0.67 0.80 0.33 0.23 0.27

direct prompting. Additional retrieval and normal-
ization stages may occasionally introduce informa-
tion loss or normalization inconsistencies, particu-
larly for less frequent morphology classes.

Figure 3: Accuracy, weighted precision, recall, and
weighted F1-score comparison between the baseline and
the multi-agent framework for morphology extraction
across breast and colorectal cancer sites.

4.3 TNM Extraction Performance
Table 3 and Figure 4 summarize TNM extraction
performance. Additional weighted F1-only and
macro-level analyses are provided in Figures 12, 13,
14, 15, 16, and 17. Across TNM components, the
baseline generally achieved stronger weighted per-
formance, particularly for T and M categories. This
is expected because TNM staging often appears
in concise and standardized forms that are well
suited to direct prompting. In contrast, the multi-
agent framework introduces additional chunking,
retrieval, and normalization stages that may occa-
sionally reduce useful contextual information.

4.3.1 T Category
For T-stage extraction, the baseline outperformed
the multi-agent framework in both cancer sites. In
breast cancer, weighted F1-score decreased from
0.75 to 0.66, while in colorectal cancer it decreased
slightly from 0.60 to 0.59. The T sub-figure in Fig-
ure 4 confirms that the baseline achieves stronger
weighted metrics across both sites, particularly in
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breast cancer. These findings suggest that T-stage
extraction relies heavily on concise and standard-
ized expressions that can already be captured effec-
tively through direct prompting.

4.3.2 N Category
For N-stage extraction, the multi-agent framework
achieved performance comparable to the base-
line in breast cancer, with weighted F1-scores of
0.62 for both approaches while slightly improving
macro F1-score. In colorectal cancer, the baseline
achieved higher weighted F1-score, whereas the
multi-agent framework showed slightly improved
macro-level behavior. The N sub-figure in Figure 4
illustrates this site-dependent trend.

4.3.3 M Category
For M-stage extraction, the baseline consistently
outperformed the multi-agent framework across
both cancer sites. In breast cancer, weighted F1-
score decreased from 0.60 to 0.48, while in colorec-
tal cancer it decreased from 0.66 to 0.48. The M
sub-figure in Figure 4 highlights a clear precision–
recall trade-off: although the multi-agent frame-
work achieved higher precision in some settings, it
suffered from substantially lower recall, suggest-
ing conservative predictions that missed metastasis-
related cases.

4.4 Laterality Extraction Performance

Table 4 and Figure 5 summarize laterality extrac-
tion performance. Weighted F1-only and macro-
level comparisons are shown in Figures 18 and 19.

Laterality extraction showed site-dependent be-
havior. In breast cancer, both approaches achieved
high performance, with weighted F1-score of 0.92
for the baseline and 0.91 for the multi-agent frame-
work. Figure 5 confirms that differences across
weighted metrics are minimal in this setting.

In colorectal cancer, the multi-agent framework
improved weighted F1-score from 0.45 to 0.50 and
macro F1-score from 0.22 to 0.27. The correspond-
ing figure suggests that these gains are associated
with improved recall and better handling of less
explicit laterality expressions.

Overall, laterality emerged as one of the more
stable extraction tasks, particularly in breast cancer
where laterality is often explicitly stated. These
findings further suggest that decomposition and
field-specific retrieval are beneficial when laterality
information is expressed inconsistently or implic-
itly across report sections.

T-stage

N-stage

M-stage

Figure 4: Accuracy, weighted precision, recall, and
weighted F1-score comparison for TNM extraction
across breast and colorectal cancer sites.

4.5 Overall Cross-Field Performance Analysis

To assess global system behavior, we analyze
weighted F1-scores across all extraction tasks
(grade, morphology, TNM, and laterality) using
radar plots for each cancer site.

Figures 6 and 7 show that the multi-agent frame-
work redistributes performance across tasks rather
than uniformly improving all of them. In breast
cancer, the largest gain is observed in grade ex-
traction, while morphology and laterality remain
competitive and TNM categories, particularly T
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Table 3: Comparative performance for TNM extraction in breast and colorectal cancer.

Cat. Site Method Acc Pw Rw F1w Pm Rm F1m

T Breast Baseline-Cloze 0.75 0.74 0.75 0.75 0.65 0.60 0.62
T Breast Multi-Agent 0.64 0.70 0.64 0.66 0.51 0.47 0.47
T Colorectal Baseline-Cloze 0.62 0.64 0.62 0.60 0.61 0.48 0.51
T Colorectal Multi-Agent 0.57 0.73 0.57 0.59 0.55 0.46 0.47

N Breast Baseline-Cloze 0.63 0.64 0.63 0.62 0.46 0.44 0.43
N Breast Multi-Agent 0.61 0.66 0.61 0.62 0.47 0.46 0.45
N Colorectal Baseline-Anticipatory 0.66 0.68 0.66 0.63 0.49 0.53 0.47
N Colorectal Multi-Agent 0.59 0.70 0.59 0.60 0.58 0.49 0.50

M Breast Baseline-Cloze 0.62 0.60 0.62 0.60 0.56 0.50 0.51
M Breast Multi-Agent 0.47 0.55 0.47 0.48 0.44 0.47 0.40
M Colorectal Baseline-Anticipatory 0.66 0.70 0.66 0.66 0.60 0.58 0.57
M Colorectal Multi-Agent 0.40 0.80 0.40 0.48 0.64 0.47 0.40

Table 4: Comparative performance for laterality extrac-
tion in breast and colorectal cancer.

Site Method Acc Pw Rw F1w Pm Rm F1m

Breast Baseline-Heuristic 0.90 0.94 0.90 0.92 0.58 0.42 0.45
Breast Multi-Agent 0.89 0.92 0.89 0.91 0.47 0.46 0.46
Colorectal Baseline-Simple 0.36 0.72 0.36 0.45 0.27 0.48 0.22
Colorectal Multi-Agent 0.40 0.73 0.40 0.50 0.35 0.47 0.27

Figure 5: Accuracy, weighted precision, recall, and
weighted F1-score comparison between the baseline
and the multi-agent framework for laterality extraction
across breast and colorectal cancer sites.

and M, favor the baseline. In colorectal cancer, the
multi-agent framework improves grade and lateral-
ity but underperforms in morphology and M-stage
extraction.

Table 5 reports the average weighted F1-score
across tasks. The baseline achieves slightly higher
overall averages in both breast (0.74 vs. 0.71) and
colorectal (0.63 vs. 0.61). However, these aggre-
gate results mask important task-dependent differ-
ences and varying levels of clinical complexity.

The baseline performs better in highly structured
tasks such as TNM staging and morphology extrac-
tion, where clinically relevant information often
appears in concise and standardized forms. In con-
trast, the multi-agent framework demonstrates clear
advantages in more context-dependent tasks such

Figure 6: Weighted F1-score comparison across extrac-
tion tasks for breast cancer.

Table 5: Average weighted F1-score across all extraction
tasks for each cancer site.

Site Baseline Multi-Agent

Breast 0.74 0.71
Colorectal 0.63 0.61

as grade extraction and colorectal laterality, where
evidence may be distributed across sections or ex-
pressed implicitly.

Pipeline-level inspection suggests that perfor-
mance degradation primarily originates from re-
trieval and normalization stages rather than extrac-
tion itself. For structured fields, chunking and
retrieval may occasionally remove useful context
or introduce unnecessary normalization steps. In
contrast, decomposition improves extraction when
contextual reasoning and evidence localization are
required.

A formal ablation study isolating the contri-
bution of chunking, retrieval, and normalization
stages was not conducted in the current study, as
the primary objective was to evaluate the overall
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Figure 7: Weighted F1-score comparison across extrac-
tion tasks for colorectal cancer.

behavior and clinical applicability of the complete
end-to-end framework.

Overall, the proposed framework should not be
viewed solely as a score-maximizing alternative,
but as a modular and auditable extraction pipeline
that supports structured reasoning, traceability, and
systematic error analysis.

5 Future Work

Future work will focus on improving retrieval-
aware extraction, adaptive chunk selection, and
rare-class calibration, particularly for conserva-
tive settings such as M-stage extraction where re-
call degradation was observed. Since performance
varies across tasks, future optimization should tar-
get field-specific pipeline behavior rather than uni-
formly increasing model complexity.

Future work will also investigate clinician-
guided validation and interactive correction work-
flows to support targeted refinement of ambigu-
ous predictions. Such feedback may help improve
schema normalization, reduce context-related ex-
traction errors, and support iterative prompt and
model refinement.

Future evaluation across institutions with dif-
ferent reporting conventions is necessary to better
assess generalization and robustness.

Additional directions include evaluating domain-
specific biomedical LLMs, comparing alternative
prompting strategies more systematically, extend-
ing the framework to additional cancer registry
fields and cancer sites, and evaluating generaliza-
tion across institutions with different reporting con-
ventions.

6 Conclusion

In this study, we proposed a modular multi-agent
framework for extracting structured cancer registry
information from pathology and medical reports.
Implemented as a sequential LangGraph workflow,
the system decomposes extraction into semantic
chunking, retrieval, field-specific extraction, valida-
tion, evaluation, and aggregation stages, enabling
structured intermediate outputs and pipeline-level
traceability.

Experimental results demonstrate that perfor-
mance is strongly task dependent. The multi-agent
framework provides clear advantages in context-
dependent tasks such as grade extraction and col-
orectal laterality, while direct prompting performs
better in highly structured tasks such as TNM stag-
ing and morphology extraction. These findings
highlight an important trade-off between reasoning-
driven decomposition and direct pattern-based ex-
traction.

Beyond aggregate performance, the proposed
framework provides practical benefits through
modular execution, structured auditing, and inter-
pretable intermediate outputs that support error
analysis and future refinement. Overall, this work
positions multi-agent clinical information extrac-
tion as a promising and extensible direction for
reliable cancer registry abstraction and future clini-
cally guided NLP systems.
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A Additional Results

This appendix provides supplementary visualiza-
tions for weighted F1-only comparisons and macro-
level comparisons across extraction tasks.

A.1 Grade Extraction

Figure 8: Weighted F1-score comparison between the
prompt-based baseline and the multi-agent framework
for grade extraction across breast and colorectal cancer
sites.

Figure 9: Macro precision, recall, and F1-score compari-
son between the baseline and the multi-agent framework
for grade extraction across breast and colorectal cancer
sites.

A.2 Morphology Extraction

Figure 10: Weighted F1-score comparison between the
baseline and the multi-agent framework for morphology
extraction across breast and colorectal cancer sites.

Figure 11: Macro precision, recall, and F1-score com-
parison between the baseline and the multi-agent frame-
work for morphology extraction across breast and col-
orectal cancer sites.

A.3 T-Stage Extraction

Figure 12: Weighted F1-score comparison between the
baseline and the multi-agent framework for T-stage ex-
traction across breast and colorectal cancer sites.
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Figure 13: Macro precision, recall, and F1-score com-
parison between the baseline and the multi-agent frame-
work for T-stage extraction across breast and colorectal
cancer sites.

A.4 N-Stage Extraction

Figure 14: Weighted F1-score comparison between the
baseline and the multi-agent framework for N-stage
extraction across breast and colorectal cancer sites.

Figure 15: Macro precision, recall, and F1-score com-
parison between the baseline and the multi-agent frame-
work for N-stage extraction across breast and colorectal
cancer sites.

A.5 M-Stage Extraction

Figure 16: Weighted F1-score comparison between the
baseline and the multi-agent framework for M-stage
extraction across breast and colorectal cancer sites.

Figure 17: Macro precision, recall, and F1-score com-
parison between the baseline and the multi-agent frame-
work for M-stage extraction across breast and colorectal
cancer sites.

A.6 Laterality Extraction

Figure 18: Weighted F1-score comparison between the
baseline and the multi-agent framework for laterality
extraction across breast and colorectal cancer sites.
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Figure 19: Macro precision, recall, and F1-score com-
parison between the baseline and the multi-agent frame-
work for laterality extraction across breast and colorectal
cancer sites.

B Inter-Annotator Agreement (IAA)

To assess the reliability of the gold-standard anno-
tations, inter-annotator agreement (IAA) was eval-
uated across all registry variables using Cohen’s κ
coefficient and percentage agreement. The overall
agreement across all fields was κ = 0.917, with a
percentage agreement of 91.99%, indicating high
consistency between annotators.

B.1 Overall Agreement Across Registry Fields

Table 6 presents the overall agreement for each
registry variable. All fields demonstrate strong
agreement, with most achieving “almost perfect”
consistency.

Table 6: Overall inter-annotator agreement across reg-
istry variables.

Field Cohen’s κ % Agreement Interpretation

GRADE 0.968 97.83 Almost perfect
STAGE 0.909 92.05 Almost perfect
MORPHOLOGY 0.981 98.71 Almost perfect
T 0.820 86.80 Almost perfect
N 0.904 92.64 Almost perfect
M 0.812 88.48 Substantial
LATERALITY 0.869 90.33 Almost perfect

B.2 IAA by Cancer Type

Table 7 reports agreement stratified by cancer type.
Agreement remains consistently high across most
cancer sites, with slight variability observed in
more complex fields such as T, N, and M staging,
particularly for colorectal and thyroid cases.

C Baseline Prompt Designs

This appendix presents the prompt designs used for
the baseline prompt-based LLM extraction. Multi-
ple prompting strategies were explored, including
prefix, cloze, anticipatory, chain-of-thought, and
heuristic prompting.

Table 7: Inter-annotator agreement stratified by cancer
type.

Cancer Type Field κ % Interpretation

Breast GRADE 0.975 98.83 Almost perfect
STAGE 0.944 95.48 Almost perfect
MORPHOLOGY 0.914 96.47 Almost perfect
T 0.916 94.96 Almost perfect
N 0.933 95.88 Almost perfect
M 0.930 95.88 Almost perfect
LATERALITY 0.958 97.50 Almost perfect

Colorectal GRADE 0.852 91.49 Almost perfect
STAGE 0.889 91.49 Almost perfect
MORPHOLOGY 0.964 97.87 Almost perfect
T 0.576 73.49 Moderate
N 0.918 92.42 Almost perfect
M 0.784 85.38 Substantial
LATERALITY 0.854 91.49 Almost perfect

Prostate GRADE 0.992 99.03 Almost perfect
STAGE 0.983 98.06 Almost perfect
MORPHOLOGY 0.986 98.71 Almost perfect
T 0.879 87.74 Almost perfect
N 0.903 90.32 Almost perfect
M 0.735 80.65 Substantial
LATERALITY 0.873 90.32 Almost perfect

Thyroid GRADE 0.934 97.80 Almost perfect
STAGE 0.416 24.53 Moderate
MORPHOLOGY 0.979 99.72 Almost perfect
T 0.702 71.49 Substantial
N 0.255 34.84 Fair
M 0.512 70.57 Moderate
LATERALITY 0.701 86.88 Substantial
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C.1 Grade Extraction Prompts

Table 8: Prompt designs for grade extraction.

Prompt Type Prompt Text

Prefix (p1) Extract only the numerical tumor grade from the medical report and return it in
the JSON template. Ignore additional details. If multiple grades are mentioned,
select the final diagnostic grade from the Impression section when available. Use
the highest numerical tumor grade from the most recent relevant pathology-based
report (e.g., pathology or biopsy) and ignore non-pathology reports.

Cloze (p2) The tumor grade in the text is ___, the grading system used (if available) is ___,
and the individual score components (if available) are ___. From the following
concatenated clinical notes, extract the highest tumor grade mentioned across
all relevant reports. Ignore unrelated or irrelevant sections. The highest tumor
grade in the text is ___, the grading system used (if available) is ___, and the
individual score components (if available) are ___.

Anticipatory (p3) [Input 1:] How can tumor grade information be identified in a medical report?
[Input 2:] For each tumor mentioned in the given medical report, extract the
reported grade. If multiple grades are mentioned, select the final diagnostic
grade from the Impression section and return only the numerical grade. [Input
1:] How can tumor grade information be identified in a medical history? [Input
2:] For each tumor mentioned in the patient’s medical history, extract the highest
relevant tumor grade from the most recent pathology report. If multiple grades
are mentioned in that report, select the final diagnostic grade from the Impression
or equivalent summary section. Ignore irrelevant or outdated reports and return
only the numerical grade.

Chain-of-Thought
(p4)

EXAMPLE: Identify and extract the tumor grade from the medical report. If
the grading system and its components are mentioned, include them. TEXT:
“Microscopic examination reveals an invasive ductal carcinoma with moderate
tubule formation (score = 2), marked pleomorphism (score = 3), and 5 mitoses
per 10 high-power fields (score = 2). Based on these features, the tumor is
classified as Nottingham Grade II.” QUESTION 1: What is the tumor grade
mentioned in the medical report? ANSWER 1: The tumor grade is II (explicitly
stated as Nottingham Grade II). QUESTION 2: What grading system is used in
the report, if available? ANSWER 2: The grading system used is Nottingham.
QUESTION 3: Is there any additional information about the tumor that should
be noted? ANSWER 3: No additional features such as necrosis were mentioned.
QUESTION: Using the stored example, extract the tumor grade, grading system,
and score components from the following medical report. TEXT: <text>

Heuristic (p5) [Input 1:] First, store these rules in memory: If the tumor grade is explicitly
mentioned with a number, use that as the grade. If the grading system is Notting-
ham, check for component scores such as tubule formation, pleomorphism, and
mitotic count. If the grade is described as “Grade I,” “Grade II,” or “Grade III,”
classify it accordingly. If it is described as “low,” “moderate,” or “high,” map
these to Grade I, II, or III, respectively. If the grading system is not mentioned
but descriptors such as “well differentiated,” “moderately differentiated,” or
“poorly differentiated” are used, assign Grade I, II, or III based on those terms. If
the grade remains ambiguous, infer it from contextual clues. [Input 2:] Given
the patient’s full medical record history, extract the tumor grade, grading system,
and individual component scores, if available, from the most recent pathology
report that discusses tumor grading. Ignore irrelevant or outdated reports without
pathology-based grading. Extract: (i) the highest relevant tumor grade in the
most recent pathology document, (ii) the grading system used, and (iii) compo-
nent scores such as tubule formation, pleomorphism, and mitotic count, when
available.

—

C.2 Morphology Extraction Prompts

Table 9: Prompt designs for morphology extraction.

Prompt Type Prompt Text

Prefix (p1) Extract the most relevant morphology from the latest pathology report in the
patient’s medical history (e.g., pathology or biopsy). If available, prioritize the
final morphology stated in the Impression or Diagnosis section. Select the final
answer from the predefined label list: Adenocarcinoma, NOS; Carcinoma, NOS;
Follicular adenocarcinoma, NOS; Infiltrating duct carcinoma, NOS; Lobular
carcinoma, NOS; Medullary carcinoma, NOS; Mucinous adenocarcinoma; Neo-
plasm, malignant; Signet ring cell carcinoma. Ignore non-pathology reports.
Return only the result in the specified JSON format without additional details.

Cloze (p2) From the following concatenated clinical notes, extract the most relevant mor-
phology from the latest pathology report. Ignore unrelated or irrelevant sections.
The morphology mentioned in the text is ___, and the specific carcinoma type
(if available) is ___. Select the final morphology from the predefined label list
and return only the result in the specified JSON format.

Anticipatory (p3) [Input 1:] How can morphology information be identified in a medical report
history? [Input 2:] For each tumor mentioned in the patient’s medical history,
extract the most relevant morphology reported in the most recent pathology
report. If multiple morphology types are mentioned, select the most relevant one.
Prioritize the final morphology stated in the Impression or equivalent summary
section. Ignore irrelevant or outdated reports. Choose the final answer from the
predefined label list and return only the result in JSON format.

Chain-of-Thought
(p4)

EXAMPLE: Identify and extract the morphology from the most recent pathology
report. If multiple morphology types are mentioned, select the most relevant one,
prioritizing the final diagnosis. TEXT: “The pathology report reveals features
consistent with invasive ductal carcinoma. The diagnosis concludes invasive
ductal carcinoma, NOS.” QUESTION 1: What morphology is mentioned?
ANSWER 1: Infiltrating duct carcinoma, NOS. QUESTION 2: Are there
additional morphology types? ANSWER 2: No additional morphology types
are introduced. QUESTION 3: What is the final morphology? ANSWER 3:
Infiltrating duct carcinoma, NOS. TEXT: “Microscopic examination reveals
mucinous adenocarcinoma with signet ring features. The final diagnosis is
mucinous adenocarcinoma.” QUESTION 1: What morphology is mentioned?
ANSWER 1: Mucinous adenocarcinoma. QUESTION 2: Are additional
patterns mentioned? ANSWER 2: Yes, signet ring features are mentioned,
but not as the final diagnosis. QUESTION 3: What is the final morphology?
ANSWER 3: Mucinous adenocarcinoma. Choose the final morphology from
the predefined label list.

Heuristic (p5) [Input 1:] First, apply the following rules: If morphology is explicitly stated,
use it directly. If descriptors such as “ductal,” “lobular,” or “invasive” appear,
map them to the corresponding morphology category. Terms such as “muci-
nous” map to Mucinous adenocarcinoma, and “signet ring” maps to Signet ring
cell carcinoma. If only “adenocarcinoma” is mentioned without specification,
classify as Adenocarcinoma, NOS. If only “carcinoma” is mentioned, classify
as Carcinoma, NOS. Ambiguous descriptions should be mapped to Neoplasm,
malignant. [Input 2:] From the patient’s full medical history, extract the mor-
phology from the most recent relevant pathology report. Ignore irrelevant or
outdated reports. Select one label from the predefined list and return only the
result in JSON format.

—
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C.3 TNM Extraction Prompts

Table 10: Prompt designs for TNM staging extraction.

Prompt Type Prompt Text

Prefix (p1) Extract the most relevant TNM staging information from the most recent pathol-
ogy or oncology report that mentions tumor staging. For each component (T, N,
and M), extract the appropriate stage based on the findings. If substages (like
T2bN1cM0) are mentioned, only extract the letter and numerical stage associated
with each. Ignore non-pathology reports and irrelevant sections. Return the final
TNM staging in the JSON template provided. Use the gold standard labels below
to fill in each category: T: T0, T1, T2, T3, T4, Tis, Tmic, Tx N: N0, N1, N2, N3,
Nx M: M0, M1, Mx

Cloze (p2) From the following concatenated clinical notes, extract the TNM staging in-
formation based on the most relevant pathology report. Ignore unrelated or
irrelevant sections. The T stage in the text is ___, the N stage in the text is ___,
and the M stage in the text is ___. Ensure that the stages are chosen from the
following gold standard labels: T: T0, T1, T2, T3, T4, Tis, Tmic, Tx N: N0, N1,
N2, N3, Nx M: M0, M1, Mx If substages like T2bN1cM0 are mentioned, extract
only the letter and numerical stage for each component. Your final response
should be in the given JSON format.

Anticipatory (p3) [Input 1:] How to identify TNM staging information in a medical report history?
[Input 2:] For each tumor mentioned in the patient’s medical history, extract
the TNM staging information reported in the most recent pathology report. The
TNM staging consists of the primary tumor stage (T), the regional lymph node
stage (N), and the distant metastasis stage (M). If any substages are mentioned,
extract only the letter and numerical stage associated with each component (e.g.,
T2bN1cM0 would be T2, N1, M0). Ignore irrelevant or outdated reports. Return
the TNM stages in the provided JSON format. T: T0, T1, T2, T3, T4, Tis, Tmic,
Tx N: N0, N1, N2, N3, Nx M: M0, M1, Mx

Chain-of-Thought
(p4)

EXAMPLE: Identify and extract the TNM staging from the most recent relevant
pathology report. If the staging includes substages (e.g., T2b, N1c), extract only
the main stage component (e.g., T2, N1). Use only the values from the gold
standard label list. TEXT: "The pathology report states: Tumor shows invasion
into muscularis propria consistent with T2b staging. There is evidence of one
positive regional lymph node (N1c). No distant metastasis identified (M0)."
QUESTION 1: What is the T stage mentioned in the report? ANSWER 1: The
report mentions T2b, so the T stage is T2. QUESTION 2: What is the N stage
mentioned in the report? ANSWER 2: The report mentions N1c, so the N stage
is N1. QUESTION 3: What is the M stage mentioned in the report? ANSWER
3: The report states M0 explicitly, so the M stage is M0. FINAL RESPONSE: T:
"T2", N: "N1", M: "M0" Valid Label Options: T: T0, T1, T2, T3, T4, Tis, Tmic,
Tx N: N0, N1, N2, N3, Nx M: M0, M1, Mx

Heuristic (p5) [Input 1:] First, store these rules in memory: - If the T, N, or M stage is explicitly
mentioned (e.g., "T2b", "N1c", "M0"), extract only the main stage (e.g., T2, N1,
M0). - If a range of stages is given (e.g., "T1–T2", "N0–N1"), choose the highest
one. - If only descriptive terms are used (e.g., “localized invasion,” “no nodal
involvement,” “distant spread detected”), infer the TNM stage from context:
“Localized tumor” → likely T1 or T2 “No lymph node involvement” → N0
“Metastatic disease” → M1 Prioritize the most recent relevant pathology report
in the patient’s medical history. Ignore outdated or irrelevant notes (e.g., pre-
operative assessments, non-pathology documentation). Use only the following
label options for the final output: T: T0, T1, T2, T3, T4, Tis, Tmic, Tx N: N0,
N1, N2, N3, Nx M: M0, M1, Mx [Input 2:] Given the patient’s full medical
record history, extract the TNM staging by identifying the most recent pathology
report that provides clear staging information. Apply the rules above to extract:
- T stage (primary tumor) - N stage (regional lymph nodes) - M stage (distant
metastasis) Return your final answer in the given JSON format. Only use the
values from the predefined label lists. Do not generate your own stages.

—

C.4 Laterality Extraction Prompts

Table 11: Prompt designs for laterality extraction.

Prompt Type Prompt Text

Prefix (p1) Extract the tumor laterality from the latest pathology report in the patient’s
medical history (e.g., pathology, biopsy). If available, prioritize the final laterality
mentioned in the ’Impression’ or ’Diagnosis’ section. Choose your final answer
from the following list: - bilateral involvement - left, primary organ - right,
primary organ - paired, lat. unknown - not a paired site/un Ignore non-pathology
reports. Return ONLY in the given JSON format, with a single key-value pair.
Do NOT include additional qualifiers, sites, modifiers, or nested fields.

Cloze (p2) From the following concatenated clinical notes, extract the tumor laterality from
the latest pathology report. Ignore unrelated or irrelevant sections. The tumor
laterality mentioned in the text is ___. Choose the laterality from the following
list, and return ONLY in the given JSON format: - bilateral involvement - left,
primary organ - right, primary organ - paired, lat. unknown - not a paired site/un

Anticipatory (p3) [Input 1:] How to identify tumor laterality in a medical report history? [Input 2:]
For each tumor mentioned in the patient’s medical history, extract the laterality
reported in the latest pathology report. If laterality is mentioned in multiple
places within the same report, prioritize the clearest and most complete ex-
pression, especially from the ’Impression’, ’Diagnosis’, or equivalent summary
sections. Anticipate ambiguities such as paired organs without a side specified,
and distinguish between bilateral, unilateral, and unknown cases. Ignore out-
dated or irrelevant reports. Choose the laterality from the following options, and
return ONLY in the given JSON format: - bilateral involvement - left, primary
organ - right, primary organ - paired, lat. unknown - not a paired site/un

Chain-of-Thought
(p4)

INSTRUCTIONS: Identify and extract the laterality from the most recent pathol-
ogy report. If laterality is mentioned multiple times, prioritize the clearest and
most definitive expression, especially from the ‘Impression’, ‘Diagnosis’, or
equivalent summary sections. TEXT: "The tumor is located in the right breast,
with no evidence of contralateral involvement. The final diagnosis section con-
firms malignancy in the right breast." QUESTION 1: What laterality is mentioned
in the medical report? ANSWER 1: The laterality mentioned is right, primary
organ (explicitly stated as right breast). QUESTION 2: Are there any ambiguous
or conflicting laterality statements elsewhere in the report? ANSWER 2: No
conflicting laterality is reported; all references are to the right side. QUESTION
3: What is the final laterality you would assign to this tumor based on the re-
port? ANSWER 3: The final laterality assigned is right, primary organ. TEXT:
"Pathology notes indicate bilateral lesions, with suspicious masses observed in
both lobes. The diagnosis section confirms bilateral malignancy." QUESTION 1:
What laterality is mentioned in the medical report? ANSWER 1: The laterality
mentioned is bilateral involvement. QUESTION 2: Are there any ambiguous or
conflicting laterality statements elsewhere in the report? ANSWER 2: No, the
statement about bilateral malignancy is consistent. QUESTION 3: What is the
final laterality you would assign to this tumor based on the report? ANSWER
3: The final laterality assigned is bilateral involvement. Choose the laterality
from the following options: - bilateral involvement - left, primary organ - right,
primary organ - paired, lat. unknown - not a paired site/un

Heuristic (p5) [Input 1:] First, store these rules in memory: - If laterality is explicitly stated
as right, left, or bilateral, use that information as the laterality type. - If the
tumor is located in a paired organ (e.g., breast, kidney, lung), and the report
mentions both sides, classify it as bilateral involvement. - If only one side is
referenced (e.g., “mass in the right lobe”), assign left, primary organ or right,
primary organ accordingly. - If the site is a paired organ but the laterality is not
specified, classify it as paired, lat. unknown. - If the tumor occurs in an organ
that is not paired (e.g., stomach, pancreas), classify it as not a paired site/un.
[Input 2:] Given the patient’s full medical report history, extract the laterality,
ensuring you choose one of the gold standard labels. Identify the most recent
relevant pathology report that includes a laterality mention. Ignore reports that
are outdated or do not include laterality cues relevant to a paired primary tumor
site. Use the rules mentioned above to extract: - The laterality of the tumor
described in the most recent relevant pathology report. Make sure to choose the
laterality from the following list: - bilateral involvement - left, primary organ -
right, primary organ - paired, lat. unknown - not a paired site/un
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D Multi-Agent Prompt Designs

D.1 Chunking Agent Prompt

Table 12: Prompt design for the chunking agent.

Component Prompt Text

Prompt You are a medical NLP system that segments ANY clinical text (even if it has no pathology-style
headers) into semantically meaningful chunks.
Output requirements - Return ONLY a single JSON object (no markdown, no explanations). -
Schema (strict):

{
"chunk": [
{

"section": "string",
"text": "string",
"focus": "grade | morphology | tnm | laterality | treatment | other"

}
]

}

- The "chunk" array MUST be non-empty (never return an empty list). - Each item MUST have all
three fields. - "focus" must be exactly one of: grade, morphology, tnm, laterality, treatment, other.
Coverage & missing categories (very important) - Never fabricate text. - If a category (e.g., grade)
is completely absent in the input, simply do NOT emit a chunk for that category. Downstream will
treat missing categories as None. - The overall output MUST still contain at least one chunk. If no
focal info is found, emit a single fallback chunk: - section: "other" - text: a short verbatim excerpt from
the input (e.g., the first 1–3 sentences or the most informative line) - focus: "other"
General rules (works for messy text) - The input may be free text, clinic letters, summaries, MDT
notes, radiology-pathology blends, bullet lists, tables, or copy-paste artifacts. - If there are no formal
headers, infer a best-fit "section" from this shortlist: ["diagno-
sis","gross","microscopy","immuno","comment","staging","clinical","treatment","history","other"]. -
If the text mixes topics, split into small focused chunks (~1–4 sentences) and assign the primary focus:
• grade → tumor grading phrases (e.g., "grade 2", "moderately differentiated", "Gleason group 3") •
morphology → histologic type/cell type (e.g., "invasive ductal carcinoma", "adenocarcinoma",
"papillary carcinoma") • tnm → any T/N/M mentions, stage group, pathologic vs clinical, even partial
like "pT3", "N1", "M0", or "indeterminate" • laterality → left/right/bilateral/unifocal/multifocal;
single-site organs can be "not applicable" only if clearly stated • treatment → surgery, chemo, radio,
hormonal, targeted, immuno; past or planned • other → demographics, dates, admin, unrelated text -
Keep each "text" verbatim (trim only leading/trailing whitespace and bullets). Do NOT invent
placeholders like "none" or "[absent]".
Normalization hints BEFORE deciding focus - TNM appears as "pT3 N1 M0", "T3N1M0", "T3 N1
(Mx)", embedded in sentences, or on separate lines. - Grades: prose ("moderately differentiated"),
numerals ("grade II/2"), Gleason groups/scores. - Laterality: "Lt", "Rt", "B/L", "bilat." map to
left/right/bilateral. - Morphology often near "diagnosis", "type", "histology", "consistent with".
Edge cases & guarantees - If you cannot find any obvious clinical focus, still emit the fallback "other"
chunk (see Coverage). - If TNM elements are scattered (e.g., T far from N), use multiple tnm chunks. -
Prefer short, precise chunks over one giant block.
Pathology/clinical text: {report}
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D.2 Retriever Agent Prompt

Table 13: Prompt design for the retriever agent.

Component Prompt Text

Prompt You are a medical AI assistant helping extract information from pathology report chunks.
Goal: Find the chunks most relevant to the field: {field}
Chunks: {chunks_text}
Instructions: - Return only relevant chunks for the field - Return ONLY JSON array of strings - If none
→ return []
Example:

[
"Grade 2 tumor with moderate atypia."

]

or

[]

No explanation.

D.3 Grade Extraction Agent Prompt

Table 14: Prompt design for the grade extraction agent.

Component Prompt Text

Prompt You are an expert medical assistant specialized in cancer pathology information extraction.
Task: extract tumor grade.
Return JSON only:
1. "grade stated" 2. "grade estimated" (must be from valid values) 3. "grade_CD" 4. "grade_evidence"
VALID VALUES: {valid_values_bulleted}
Rules: - If no info → Unknown - Confidence 0–1 - Evidence = short quote
Input: {context}
Output:

{
"grade stated": "...",
"grade estimated": "...",
"grade_CD": 0.0,
"grade_evidence": "..."

}

D.4 Morphology Extraction Agent Prompt
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Table 15: Prompt design for the morphology extraction agent.

Component Prompt Text

Prompt You are a medical language model specialized in extracting tumor morphology from pathology reports.
Your task is to extract and estimate the tumor morphology from the given report sections below.
Please output the following four key-value pairs: 1. "morphology stated": <The morphology as written
in the pathology report, even if not standardized. If no morphology is directly stated, return
"Unknown">, 2. "morphology estimated": <The closest standardized morphology based on the list
below. Use your clinical knowledge to resolve synonymy or near matches. If unsure, return
"Unknown">, 3. "morphology_CD": <Certainty degree of the estimation between 0.00 and 1.00>, 4.
"morphology_evidence": <Key text or rationale supporting your estimation>
Valid standardized morphologies: - Adenocarcinoma, NOS - Carcinoma, NOS - Follicular
adenocarcinoma, NOS - Infiltrating duct carcinoma, NOS - Lobular carcinoma, NOS - Medullary
carcinoma, NOS - Mucinous adenocarcinoma - Neoplasm, malignant - Signet ring cell carcinoma -
Unknown
Report Excerpt: {context}
Output Format (JSON Only):

{
"morphology stated": "...",
"morphology estimated": "...",
"morphology_CD": ...,
"morphology_evidence": "..."

}

D.5 TNM Extraction Agent Prompt

Table 16: Prompt design for the TNM extraction agent.

Component Prompt Text

Prompt You are a clinical information extraction assistant. Your task is to extract the patient’s TNM stage
from the pathology report excerpt below.
Please extract the following key-value pairs for each TNM component: T (Primary Tumor), N
(Lymph Nodes), and M (Metastasis).
Each component should have the following 4 fields:
1. "<component> stated": <As written in the pathology report — e.g., "T2", "N1", "M0", or
"Unknown">, 2. "<component> estimated": <Your best estimate based on AJCC 7th edition, if the
stated value is missing or ambiguous. Use "Unknown" if not inferable>, 3. "<component>_CD":
<Certainty degree of the estimation from 0.00 to 1.00>, 4. "<component>_evidence": <Supporting text
or reasoning from the report>
Allowed values:
- T (Primary Tumor): ["T0", "Tis", "Tmic", "T1", "T2", "T3", "T4", "Tx", "Unknown"] - N (Regional
Lymph Nodes): ["N0", "N1", "N2", "N3", "Nx", "Unknown"] - M (Distant Metastasis): ["M0",
"M1", "Mx", "Unknown"]
Report Sections: {context}
Output Format (JSON Only):

{
"T stated": "...",
"T estimated": "...",
"T_CD": ...,
"T_evidence": "...",
"N stated": "...",
"N estimated": "...",
"N_CD": ...,
"N_evidence": "...",
"M stated": "...",
"M estimated": "...",
"M_CD": ...,
"M_evidence": "..."

}

D.6 Laterality Extraction Agent Prompt
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Table 17: Prompt design for the laterality extraction agent.

Component Prompt Text

Prompt You are an expert medical assistant specialized in cancer pathology information extraction.
Your task is to extract and estimate the tumor laterality from the provided pathology report excerpt
below.
Please extract the following four key-value pairs related to the tumor laterality:
1. "laterality stated": <The laterality as explicitly mentioned in the pathology report: "left", "right",
"bilateral involvement", or "not primary site/unpaired">,
2. "laterality estimated": <Your best estimate of laterality based on clinical knowledge. Use "not
primary site/unpaired" if unclear or unpaired organ>,
3. "laterality_CD": <Certainty Degree between 0.00 and 1.00 reflecting confidence in the estimation>,
4. "laterality_evidence": <A short explanation or quote from the input text that supports your
estimation>
Valid laterality values: ["left", "right", "bilateral involvement", "not primary site/unpaired"]
Input: {context}
Output Format (JSON Only):

{
"laterality stated": "...",
"laterality estimated": "...",
"laterality_CD": ...,
"laterality_evidence": "..."

}

D.7 Reviewer Agent Prompt

Table 18: Prompt design for the reviewer agent.

Component Prompt Text

Return specification
{

"grade_valid": true or false,
"morphology_valid": true or false,
"morphology_mapped": "..." or null,
"tnm_valid": true or false,
"laterality_valid": true or false or null,
"treatment_valid": true or false or null,
"comment": "<summarize inconsistencies or mapping decisions>"

}
Prompt You are a clinical reviewer.

Validate and map the extracted fields from a pathology report. Output ONLY a single JSON object; no
prose, no markdown, no code fences.
Input values: - Tumor Grade: {grade} - Morphology: {morphology} - TNM Stage: {tnm} -
Laterality: {laterality} - Treatment: {treatment}
Accepted Grade Values: ["Grade I", "Grade II", "Grade III", "Unknown"]
Accepted Morphology Values: [ "Adenocarcinoma, NOS", "Carcinoma, NOS", "Follicular
adenocarcinoma, NOS", "Infiltrating duct carcinoma, NOS", "Lobular carcinoma, NOS", "Medullary
carcinoma, NOS", "Mucinous adenocarcinoma", "Neoplasm, malignant", "Signet ring cell carcinoma",
"Unknown" ]
Accepted TNM Components: - T: ["T0", "Tis", "Tmic", "T1", "T2", "T3", "T4", "Tx", "Unknown"] -
N: ["N0", "N1", "N2", "N3", "Nx", "Unknown"] - M: ["M0", "M1", "Mx", "Unknown"]
Accepted Laterality Values: [ "left, primary organ", "not a paired site/un", "paired, lat. unknown",
"right, primary organ", "total colon", "unknown" ]
Accepted Treatment Values: [ "chemotherapy", "chemotherapy + radiotherapy", "chemotherapy +
surgery", "chemotherapy + surgery + radiotherapy", "chemotherapy+hormonal",
"chemotherapy+radiotherapy", "hormonal", "invalid code.", "neoadjuvant
chemotherapy+surgery+radiotherapy+hormonal", "radical prostatectomy", "radiotherapy + surgery",
"surgery", "surgery+chemotherapy", "surgery+chemotherapy+hormonal",
"surgery+chemotherapy+radiotherapy", "surgery+chemotherapy+radiotherapy+hormonal",
"surgery+hormonal", "surgery+radiotherapy+hormonal", "total thyroidectomy", "unknown" ]
Rules: - If you are unsure, use null for
*validfieldsthatcanbeunknown, orfalsewhenitclearlydoesn′tmatch.−
DONOTincludeanyexplanations; returnJSONonly.
Return JSON exactly in this shape:
{return_spec}
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Component Prompt Text

Repair prompt You will receive text that SHOULD be a JSON object with the following keys and types:
{return_spec}
Fix it if needed and return ONLY a valid JSON object. No comments, no markdown, no code fences.
Text: {bad}

D.8 Evaluator Agent Prompt

Table 19: Prompt design for the evaluator agent.

Component Prompt Text

Prompt You are a clinical NLP evaluator.
Your task is to estimate the confidence score (from 0 to 100) for the accuracy of each extracted field
from a pathology report: - Tumor grade - Tumor morphology - TNM stage - Laterality - Treatment
Base your estimate on: - Whether the extracted value is complete and clinically valid - Whether it
follows accepted terminology - Whether it is likely justified based on context
Input Fields: - Grade: {grade} - Morphology: {morphology} - TNM: {tnm} - Laterality:
{laterality} - Treatment: {treatment}
Output Format (JSON Only):

{
"grade_confidence": integer (0-100),
"morphology_confidence": integer (0-100),
"tnm_confidence": integer (0-100),
"laterality_confidence": integer (0-100),
"treatment_confidence": integer (0-100)

}
Role in pipeline The evaluator agent performs two complementary functions:

1. Ground-truth comparison (deterministic): It compares extracted values against reference
annotations (if available) and assigns correctness flags:

grade_correct, morphology_correct, tnm_correct,
laterality_correct, treatment_correct

2. Confidence estimation (LLM-based): If ground truth is partially or fully unavailable, the agent
invokes the LLM to assign confidence scores (0–100) for each field.
This dual strategy ensures: - objective evaluation when labels exist - robust fallback when labels are
missing

D.9 Aggregation Agent Prompt

Table 20: Prompt design for the aggregation agent.

Component Prompt Text

Prompt You are a clinical summarization assistant. Your task is to compile a structured report using STRICT
JSON format.
Important: - DO NOT return markdown or explanation. - DO NOT wrap the JSON in “‘json or any
formatting. - Return ONLY valid JSON exactly matching this structure:
{json_spec}
Input variables: Grade: {grade}, Stated: {grade_stated}, Estimated: {grade_estimated},
Confidence: {grade_confidence}, Valid: {grade_valid}, Correct: {grade_correct}, Evidence:
{grade_evidence}
Morphology: {morphology}, Stated: {morphology_stated}, Estimated:
{morphology_estimated}, Confidence: {morphology_confidence}, Valid: {morphology_valid},
Correct: {morphology_correct}, Evidence: {morphology_evidence}
TNM: {tnm}, Confidence: {tnm_confidence}, Valid: {tnm_valid}, Correct: {tnm_correct} T:
Stated: {t_stated}, Estimated: {t_estimated}, Evidence: {t_evidence} N: Stated: {n_stated},
Estimated: {n_estimated}, Evidence: {n_evidence} M: Stated: {m_stated}, Estimated:
{m_estimated}, Evidence: {m_evidence}
Laterality: {laterality}, Stated: {laterality_stated}, Estimated: {laterality_estimated},
Confidence: {laterality_confidence}, Valid: {laterality_valid}, Correct:
{laterality_correct}, Evidence: {laterality_evidence}
Treatment: {treatment}, Stated: {treatment_stated}, Estimated: {treatment_estimated},
Confidence: {treatment_confidence}, Valid: {treatment_valid}, Correct:
{treatment_correct}, Evidence: {treatment_evidence}
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Component Prompt Text

Repair prompt You will receive a model output that SHOULD be valid JSON matching this schema:
{json_spec}
The text may contain extra words, code fences, or invalid JSON. Return ONLY a corrected JSON
object that strictly conforms to the schema above. No markdown, no explanation.
Text to fix: {bad}

D.10 Matrix Calculator Agent Prompt

Table 21: Prompt design for the matrix calculator agent.

Component Prompt Text

Role LLM-only, ground-truth-driven evaluation utility for the Matrix Calculator app. The closed set is built
from ground-truth unique labels for the current site × category. The LLM must choose one option
from a numbered list and return only the corresponding number. For TNM categories, substages are
collapsed to parent labels for both ground truth and valid labels. MRN alignment is preserved without
duplicate collapsing.

LLM mapping
prompt

You are a medical coding normalizer.
Category: {category}
Select the single BEST match for the raw prediction from the options below.
OPTIONS (answer with the number only): {numbered}
RAW PREDICTION: "{raw_value}"
Rules: - Output ONLY the number (e.g., 2). No words. - Choose the closest semantic match. - Handle
synonyms, abbreviations, Roman numerals, punctuation, and casing. - If meaning is unknown or
unclear, choose the option labeled unknown when available.

Strict retry prompt You are a medical coding normalizer.
Category: {category}
Select the single BEST match for the raw prediction from the options below.
OPTIONS (answer with the number only): {numbered}
RAW PREDICTION: "{raw_value}"
Rules: - Output ONLY the number (e.g., 2). No words. - Choose the closest semantic match. - Handle
synonyms, abbreviations, Roman numerals, punctuation, and casing. - If meaning is unknown or
unclear, choose the option labeled unknown when available.
IMPORTANT: Respond with ONLY the number of the chosen option. No other text.

Evaluation logic For each category (grade, morphology, t, n, m, laterality), the agent: - resolves the corresponding
prediction and ground-truth columns, - builds the valid closed set from site-specific ground-truth labels,
- maps predictions into that closed set using the LLM, - computes classification metrics using
classification_report, - computes a confusion matrix using confusion_matrix.

TNM parent
collapse

For TNM categories, substages are collapsed to parent labels before evaluation. Examples include: -
pT1a→ t1 - Tis→ tis - N1c → n1 - M0 → m0 - unknown or empty values → unknown
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