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Iterative refinement and goal articulation
to optimize large language models for
clinical information extraction
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Extracting structured data from free-text medical records at scale is laborious, and traditional
approaches struggle in complex clinical domains. We present a novel, end-to-end pipeline leveraging
large language models (LLMs) for highly accurate information extraction and normalization from
unstructured pathology reports, focusing initially on kidney tumors. Our innovation combines flexible
prompt templates, the direct production of analysis-ready tabular data, and a rigorous, human-in-the-
loop iterative refinement process guided by a comprehensive error ontology. Applying the finalized
pipeline to 2297 kidney tumor reports with pre-existing templated data available for validation yielded
a macro-averaged F1 of 0.99 for six kidney tumor subtypes and 0.97 for detecting kidney metastasis.
We further demonstrate flexibility with multiple LLM backbones and adaptability to new domains,
utilizing publicly available breast andprostate cancer reports. Beyondperformancemetrics or pipeline
specifics, we emphasize the critical importance of task definition, interdisciplinary collaboration, and
complexity management in LLM-based clinical workflows.

Extracting structured information from free-text electronic medical records
(EMR) presents a significant challenge due to their narrative structure, spe-
cialized terminology, and inherent variability1. Historically, this process has
been labor-intensive and error-prone, requiring manual review by medical
professionals2–4, thereby hindering large-scale retrospective studies and real-
world evidence generation5. Consequently, automated, reliable methods are
needed to extract clinically relevant information fromunstructuredEMRtext6.

Natural language processing (NLP) techniques, including rule-based
systems and early neural models, have struggled with the nuances of the
medical domain7,8. While transformer-based architectures like
ClinicalBERT9, GatorTron10, and others11–13, furthered the state-of-the art,
they often require extensive fine-tuning on large annotated datasets, which
are costly and time-consuming to create14,15. The challenge is particularly
acute in specialized tasks like the extraction of immunohistochemistry
(IHC) results from pathology reports, which requires identifying and
mapping tests to the correct results and specimens, resolving synonyms, and
navigating diverse terminology.

The rapid emergence of generative large language models (LLMs)16

offers a potentially transformative approach. Their large number of para-
meters and ability to process extensive context windows enable them to
retain and “reason” over substantial amounts of domain-specific knowledge
without fine-tuning17–20. Natural language prompts allow a high degree of
flexibility, enabling rapid iteration and adaptation to new entities and
instructions21,22.

Recent studies report promising results using LLMs for text-to-text
medical information extraction23. Initial efforts have successfully extracted
singular/non-compound report-level information, such as patient char-
acteristics from clinical notes24, and tumor descriptors/diagnosis from
radiology25 and pathology reports26,27. Studies have also demonstrated the
potential for extracting inferred conclusions, such as classifying radiology
findings28 and cancer-related symptoms4. However, challenges remain,
particularly factually incorrect reasoning29,30, and the potential for infor-
mation loss when forcing complex medical concepts into discrete
categories31.
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Evaluating LLM performance is complicated by the lack of standar-
dized error categorization that accounts for clinical significance and the
limitations of traditional metrics like exact match accuracy, which are ill-
suited for open-ended generation32–36. For example, misclassifying a test
result as “negative” versus “positive” is substantially different than minor
grammatical discrepancies between labels, e.g., “positive, diffusely” versus
“diffuse positive”. This open-ended style thus necessitates methods to
constrain generation in order to minimize requisite downstream
normalization37,38. Furthermore, many existing clinical NLP datasets utilize
BERT-style entity tagging, limiting their use for benchmarking end-to-end
information extraction33,39,40. Nonetheless, our lack of pre-annotated data,

high degree of entity complexity, and desire for flexibility, coupled with the
rapidly improving performance of LLMs41, prompted us to explore their
potential.

To address these challenges, we developed a novel LLM-based
pipeline for end-to-end information extraction from real-world clinical
data. We define ‘end-to-end’ here as encompassing: (1) entity identi-
fication, (2) clinical question inference (e.g., determining the final
diagnosis), (3) terminology normalization, (4) relationship mapping
(e.g., linking IHC results to specific specimens), and (5) structured
output generation. Our approach leverages three key innovations:
flexible prompt templates with a centralized schema (Fig. 1a), multi-

Feature/Report Segmentation Template

Extraction Schema & Report Text

JSON Formatted Output

Feature/Specimen Segmentation Template

Example Report Text
A. Anterior left sixth rib lesion:
- Metastatic carcinoma poorly differentiated, suggestive of clear cell RCC
B. Left lung lesion biopsy:
- Metastatic carcinoma poorly differentiated, suggestive of clear cell RCC
Tumor is poorly differentiated, definitive histological classification is not possible.
IHC performed on B2. CA -9 is focally positive and BAP 1 is intact (positive nuclear staining) in tumor cells. The diagnosis remains 
unchanged.

Histology Schema
“histology” : {

“labels”: [
“Clear cell RCC ”, “RCC, (unclassified) ”

],
“segmentation ”: “Extract all qualifiers of confidence in 

histology”,
“standardization" : “Histology must be definitive ”}

Immunohistochemistry Schema
“immunohistochemistry ” : {

“test names”: [“BAP-1”, “PAX-8”, “AE1/AE3”, “CK7”, “CA-IX”],
“synonyms”: [“AE1/AE3 (pancytokeratin) ”, “CA-IX (CA-9)”],
“test results”: {

“status”: [“Positive”, “Negative”, “Intact”, “Loss”],
“intensity”: [“strongly”, “weakly”],
“extent”: [“patchy”, “diffuse”, “focal”],
“pattern”: [“box-like”, “cup like”]

}
“segmentation 1”: “Capture FISH tests as well as IHC tests, 

ensure that adendums with updates to results are captured ”,
“segmentation 2”: “Use specimen X and block 0 if not stated 

in report”,
“standardization" : “If a report states ‘Intact (positive …)’ 

favor only ‘Intact’. Result modifiers, if any, should be added in 
order of status, intensity, extent, and pattern. Check the 
provided list of non -obvious synonyms and standardize to the name 
provided under `test names` ”}

Diagnosis Schema
“diagnosis” : {

“labels”: [
“Benign neoplasm of kidney ”, “Metastatic RCC) ”

],
“segmentation”: “Extract locations of metastasis if 

present”,
“standardization" : “Metastatic RCC must be confirmed at a 

distant organ other than kidney, direct tumor extension into 
neighboring organs/tissue does not constitute metastasis"}

(a)

IHC/FISH Segmentation I Template
Segment text relevant to {{feature}} 
Organize by specimen
... reasoning and formatting instructions ...
Unique instructions: {{segmentation}}

Segment text relevant to IHC/FISH
... reasoning and formatting instructions ...
Unique instructions: {{segmentation 1}}

IHC/FISH Segmentation II Template
Organize the text by specimen and block
...reasoning and formatting instructions...
Unique instructions: {{segmentation 2}}

IHC/FISH Standardization Template

Feature/Report Standardization Template Feature/Specimen Standardization Template

Return a standardized label from {{labels}} for each specimen
... reasoning and formatting instructions ...
Unique instructions: {{standardization}}

For each specimen and block, return 
standardized test names and results from 
{{test names}} {{test results}} 

Favor the first test name {{synonyms}}
... reasoning and formatting instructions ...
Unique instructions: {{standardization}}

Return a standardized label from {{labels}}
... reasoning and formatting instructions ...
Unique instructions: {{standardization}}

Segment text relevant to {{feature}} 
... reasoning and formatting instructions ...
Unique instructions: {{segmentation}}

{
"reasoning" : "...",
"A_histology" : "RCC,(unclassified)",
"B_histology" : "RCC,(unclassified)"
}

Tabular Output

histology

item
A

specimen
RCC,

(unclassified)

label

histology B
RCC,

(unclassified)

histology

item
A

specimen
RCC,

(unclassified)

label

histology B
RCC,

(unclassified)

(b)

Fig. 1 | Example schema andPromptflowoverview. aAbbreviated examples of the
extraction schema for immunohistochemistry (IHC) and fluorescence in situ
hybridization (FISH), histology, and diagnosis, demonstrating the inclusion of
entity-specific instructions, standardized labels, and a structured vocabulary for
IHC test reporting. An abbreviated report text is included for reference.
b Overview of pipeline steps. Each prompt template included base instructions
consistent across entities, and placeholders for entity-specific instructions and

labels that could be easily “hot-swapped”, with the {{}} indicating where infor-
mation from the schema is pasted in. All template sets include initial prompts to
segment and organize text, a subsequent standardization prompt to normalize
labels and produce structured output, and a final Python step for parsing into
tabular data. The full output from segmentation steps, both reasoning and the
segmented text, is passed to subsequent steps. The resulting data is in tabular
format for immediate downstream utility.
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step LLM interactions with chain-of-thought reasoning (Fig. 1b), and a
comprehensive error ontology. Developed through iterative “human-
in-the-loop”42 refinement, this ontology provided a systematic frame-
work not only for classifying discrepancies but also for understanding
the diverse contextual challenges inherent in extracting nuanced
information from complexmedical text, thereby guiding the refinement
of our extraction objectives.

We demonstrate this pipeline using renal tumor pathology reports,
extracting and normalizing report-level diagnosis, per-subpart/speci-
men histology, procedure, anatomical site, and detailed multipart IHC
results for 30+ assays at both the specimen and tissue block level. We
focus primarily on renal cell carcinoma (RCC) given the high volume of
RCCpatients treated atUT Southwestern, the diversity of RCC subtypes
and the wide variety of ancillary studies used for subtyping, and a
multidisciplinary UTSW Kidney Cancer Program recognized with a
Specialized Program of Research Excellence award from the National
Cancer Institute.

Thispaperdetails thepipeline’s iterativedevelopmentutilizing152diverse
kidney tumor reports, highlighting how the error ontology revealed crucial
insights into taskspecificationandreport complexity.Wesubsequentlyvalidate
the finalized pipeline on 3520 institutional reports and assess its portability
using independent, publicly available breast and prostate cancer datasets.

Beyond the technical specifics of our pipeline, we place particular
emphasis on the broader considerations that arose during development.
Specifically, our focus shifted from engineering prompts that could extract
information, to precisely definingwhat information to extract andwhy. This
experience underscores that, as AI approaches human-level intelligence in
many domains41, successmay increasingly hinge on the clear articulation of
objectives, rather than on singular workflow methodologies. As such, by
detailing both our successes and pitfalls, we hope to provide a roadmap of

generalizable context and considerations for future AI-powered clinical
information extraction workflows.

Results
Workflow refinement and gold-standard set
A development set consisting of 152 reports reflecting diverse clinical
contexts was used to guide iterative “human-in-the-loop”42 refinement of
our pipeline, ultimately resulting in our error ontology and a set of “gold-
standard” annotations reflecting our desired pipeline output; Fig. 2, see
Methods for details. In total, 89 reports contained local/regional RCC, 41
contained metastatic RCC, nine contained non-RCC malignancies such as
urothelial carcinoma, and 13 contained benign or neoplasms of uncertain
behavior of kidney such as renal oncocytoma; Supplementary Fig. 1. A flow
chart for defining anddocumentingdiscrepancies across iterations aswell as
an introduction to error contexts, posed as broader questions regarding
information extraction aims, is provided in Fig. 3. Several error context
examples are provided in Tables 1–5, with the remainder in Supplementary
Tables 1–11.

Following six iterative refinement cycles with GPT-4o 2024-05-1343 as
the LLM backbone, our pipeline achieved strong alignment with the gold-
standard annotations (1413 total entities: 152 diagnoses, 651 specimen-level
labels, 610 IHC/FISH results). The final iteration yielded amajor LLM error
rate of 0.99% (14/1413) with no major annotation errors identified; Fig. 4a.
Schema issues necessitating more than flagging for review were also
eliminated; Fig. 4b and Supplementary Figs. 2–4. Supplementary Table 12
details distinct iterationupdateswith respect tofluctuating error prevalence.

This iterative refinement process, systematically guided by our
error ontology, provided critical insights into the diverse challenges
encountered when extracting complex information from pathology
reports, primarily falling into categories related to inherent report

Fig. 2 | Overview of the iterative pipeline
improvement and gold-standard set creation
process. After completing each iteration, the
schema, prompts, LLM outputs, and gold-standard
are incrementally versioned, e.g., V1, V2, V3, etc.
The gold-standard set was structured in the exact
format as the table that held the LLM outputs, with
columns for report ID, specimen (and block when
applicable) name, item name, e.g., histology, and
item label, e.g., clear cell RCC, so that items could be
programmatically matched for review. The same
LLM backbone (GPT-4o 2024-05-13) is utilized
through all iterations.

Gold V1

Prelim Output

Run LLM Pipeline

Manually review
and correct

Modify schema
and prompts to
reflect desired

behavior Schema V1 Prompts V1

Schema V0 Prompts V0 Report Text

Prelim Output Report Text

Run LLM Pipeline

Schema V1 Prompts V1 Report Text LLM V1

Match gold items 
to LLM items

LLM V1Gold V1

Matched V1

Manually review
discrepancies,

annotate w/source
of error, and
update gold if

needed
Report Text

Matched V1

Errors V1Gold V1 Gold V2

Iteration finished
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complexities, difficulties in task specification, normalization hurdles,
and the integration of medical nuance.

Report complexities
First, certain inherent report characteristics consistently generated dis-
crepancies. Five complex outside consultations accounted for dis-
proportionately many minor IHC/FISH discrepancies; Fig. 4a. These
“problematic reports” all contained a mix of IHC/FISH tests where the
associated block or specimen was clearly identified for some tests but not
others. In such instances, rather than indicating ambiguity, the LLMwould
often incorrectly duplicate results across all specimenswith similar histology
(Table 1). Additionally, outside consultations often contained discordant
reporting conventions for specimen names. For example, a specimen
designated as “B”by the outside institution, could be referred to internally as

specimen “A”; Supplementary Table 1. Despite adding more illustrative
examples of correctly mapped output to the prompts, these challenges
persisted; Fig. 4a, b. We also observed that major errors in IHC/FISH
extraction, primarily missing results, were more prevalent in reports con-
taining a high volume of tests (>10), and ambiguity arose in defining the
severity of missing results when tests were mentioned by name but poten-
tially not performed (Supplementary Table 2).

Specification issues
Second, precisely defining the desired information scope and granu-
larity (“specification issues”) was a key refinement focus. This required
clarifying relevant entities when multiple labels were possible (e.g.,
anatomical sites, Table 2) and optimizing the level of detail for IHC
results. The latter involved shifting from an exhaustive list of potential

Fig. 3 | Flow chart for documenting discrepancy source, severity, and context for
an iteration.Aftermatching LLM entities to gold-standard entities, e.g., specimenA
histology, the labels are checked for discordance (clear cell RCC vs papillary RCC).
Discrepancies are then assessed for source and severity. Issue contexts are intro-
duced as questions needing to be asked about both workflow requirements and how

certain kinds of deviations from instructions might need to be addressed. For the
final two contexts: “Formatting only” refers to discrepancies that are purely due to
standardized spellings/punctuation (BAP-1 vs BAP-1), while “Blatantly Incorrect
Reasoning” refers to errors not arising from any given nuanced context (e.g., hal-
lucinating a test result not present in the report text).
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test results to a structured vocabulary capturing the distinct dimensions
of status, intensity, extent, and pattern, allowing more flexible yet
standardized representation; Table 3. Additional instructions were
needed to handle nested labels, i.e., one label is more precisely correct
than another, and the preferred level of granularity for capturing ana-
tomical sites; Supplementary Tables 3, 4. Ontological nuances also
required explicit instructions; for example, clarifying that a

“peripancreatic mass” should not be coded as pancreatic metastasis
required guidance on interpreting directional terms (Table 444).

We also addressed ontological overlap, i.e., multiple labels could be
considered fully correct, by establishing prioritization rules. For example,
defining the preferred primary status for BAP-1 when both “Positive” and
“Intact” were reported (Supplementary Table 5). Finally, in certain cir-
cumstanceswhen individual specimens shared characteristics, we needed to

Table 1 | Mixed known/unknown entity mapping

Report Texta Review of outside slides
A. Skin, abdomen
- Metastatic carcinoma, IHC profile suggestive of renal primary
B. Skin, upper back
- Metastatic carcinoma, IHC profile suggestive of renal primary
…
IHC slides are positive for CK7, … IHC stains were performed on block A2 and showed the
following reactivity: PAX8 * Positive

Discordant Labels X_block_X0_IHC_CK7: Positive
A_block_A2_IHC_PAX-8: Positive

A_block_A0_IHC_CK7: Positive
B_block_B0_IHC_CK7: Positive
A_block_A2_IHC_PAX-8: Positive

Context - The initial schema instructed the use of specimen “X” as a stand-in when it is not clear which specimen was
used for a test.

- In cases with multiple specimens of identical histology, for IHC tests lacking a specified specimen, the LLM
would continue to provide a duplicate set of results for all specimens.

Addressing
Action

- A brief description of this situation along with a properly constructed output was added to the IHC/FISH
segmentation II and standardizationprompt. This newexample providedadditional reinforcement tomaintain
using Xwhen specimen/block is not specified and the provided names only for the tests for which specimen/
block correspondence is explicit.

Continued Error Severity Examples - Major: If the duplicated set of results was returned for both A & B but B was benign tissue.
-Minor: Continued duplicated results, but only in the context of both specimens containing identical histology.

aNote that report text details and exact wording for this example and all subsequent examples have been modified for brevity and to further enhance anonymity.

Table 2 | Relevance of multiple labels

Report text A. Right kidney and adrenal gland, radical nephrectomy:
- Renal cell carcinoma, clear-cell type
- Adrenal gland, negative for malignancy

Discordant labels A_anatomical-site: Kidney, right; Adrenal gland A_anatomical-site: Kidney, right

Context - The original instructions required listing all anatomical sites in the specimen, as some specimens have multiple
anatomical sites.

- In the above report, the adrenal gland and kidney are anatomical sites in the same subpart; however only the kidney is
positive for RCC.

- Ambiguity arose over whether to include both sites in the label for such contexts.

Addressing
Action

- It was decided that for our purposes, we wanted the “anatomical site” field to continue to capture the primary organs/
tissues removed for a specimen with no carve-outs for histology. As such, in this case, we would rely on the diagnosis
and histology fields to guide our understanding that this was NOT a case of adrenal metastasis.

Continued Error Severity Examples - Major: An anatomical site of only “Adrenal gland”, omitting the more important site.
-Minor: An anatomical site of only “Right kidney”. Although the adrenal gland ismissing, because it is only benign tissue
and not an RCC metastasis, its omission does not substantially affect the planned downstream analysis.

Table 3 | Specification issues, granularity

Report text IHC was performed on A2. Tumor cells are diffusely positive for CA-IX in a membranous pattern

Discordant labels A_block_A2_IHC_CAIX: Positive, diffuse membranous A_block_A2_IHC_CAIX: Positive, diffuse

Context - In our original schema, we attempted to provide a list of all possible IHC results to choose from.
- After review, we found this to be entirely impractical as the space of possible test results became enormous.
- We needed to precisely define the granularity of test results that we were interested in.

Addressing
Action

-We shifted to amoremodular schemacomprising four dimensions—status, intensity, extent, and pattern—eachwith its own
controlled vocabulary (see Fig. 1A for an example).

- Under this new approach, the LLM is instructed to sequentially append any applicable modifiers (intensity, then extent, then
pattern) to the primary status label, omitting those not present.

Continued error severity examples - Major: Returning only “Positive” as in RCC, we are very interested in detailed CA-IX staining patterns.
- Minor: If in the example report, CA-IX had additional describers/modifiers that we are not interested in, thus are not in the
schema, and are then returned by the LLM. These additionalmodifierswould not be factually incorrect, butwould be beyond
the standardized level of detail that we desire.
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clarifywhen the label for one entity can affect that of another (e.g., Specimen
A and B both originate from a “nephrectomy”, but in the report text spe-
cimen A’s procedure is referred to only as a “resection”(Supplementary
Table 6).

Normalization difficulties
Third, normalizing terms and handling free-text entries remained chal-
lenging. While necessary to avoid information loss31, the inclusion of
“Other-<as per report>“ categories consistently generated minor dis-
crepancies due to the difficulty of achieving verbatim matches between the
LLM output and gold-standard (Supplementary Table 7).

Specific IHC/FISH term normalization, like standardizing “diffusely”
to “diffuse”, also proved problematic. This single normalization challenge
accounted for over half of the remaining formatting-only discrepancies in
the final iteration (15/28 errors) despite the target term “diffuse” being
relatively infrequent overall (46/610 IHC/FISH annotations). Investigating
potential causes, we examined the GPT-4o tokenizer’s45 byte pair encoding
(BPE)46 behavior. We found “diffusely” tokenization varied with the pre-
ceding character: splitting into three tokens (“diff”, “us”, “ely”) after a
newline but two (“diffus”, “ely”) after a space. While BPE segmentation is
complex, we hypothesize this differential sub-word tokenization may con-
tribute to the inconsistent application of this specific normalization rule. In
contrast to these difficulties, the workflow proved highly adept at normal-
izing historical terminology to updated terms (Fig. 4b and Supplementary
Table 8).

Medical nuance
Finally, difficulties in integrating medical history and nuance required
clinical domain expertise and corresponding adjustments. For example,
the pathologist on our team clarified that in pathology reporting, the

terms “consistent with” or “compatible with” often carry more con-
clusive meaning than in general parlance, leading us to adjust
instructions regarding the level of certainty provided by these terms
(Supplementary Table 947). Similarly, interpreting complex distinc-
tions, such as delineating local vs. distant lymph node metastases and
assessing the relevance of medical history, necessitated providing
detailed clinical context within the prompts (Table 5 and Supplemen-
tary Tables 10, 11).

Assessing LLM interoperability
LLM backbone interoperability was assessed by comparing pipeline output
using GPT-4o 2024-05-13, Llama 3.3 70B Instruct48, and Qwen2.5 72B
Instruct49 to the final gold-standard. Exact match accuracies were 84.1% for
GPT-4o, 78.1% for Qwen2.5, and 70.1% for Llama 3.3. Applying fuzzy
matching for IHC/FISH items (ignoring test name punctuation/capitali-
zation and relaxing specimen/block mapping criteria) improved these
respective accuracies to 90.0, 86.1, and 82.0%. See Supplementary Table 13
for concrete examples of matching criteria and Supplementary Table 14 for
exact counts of match type for each model. Exact match inter-model
agreement between GPT-4o and the open-weight models was high (84.8%
withQwen2.5, 82.2%withLlama 3.3). These results suggest the core prompt
and schema logic is transferable, though model choice impacts
performance.

Validation against preexisting data
Applying thefinalized pipeline (usingGPT-4o 2024-08-06) to 2297 internal
kidney tumor reports with available structured EMR data for validation
yielded high performance for identifying six key kidney tumor histologies
(clear cell RCC, chromophobeRCC, papillary RCC, clear cell papillary renal
cell tumor/CCPRCT, TFE3-rearranged RCC, and TFEB-altered RCC) with

Table 4 | Specification issues, ontology

Report text C. Peripancreatic mass, excision:
- Metastatic renal cell carcinoma, clear cell type

Discordant labels C_anatomical-site: Other- peripancreatic mass C_anatomical-site: Pancreas

Context - Because the mass is described as being peripancreatic, is it precise to label the site as pancreas?
- Additionally, in the context of metastasis, the histology of a tissue specimen should not be mistaken for its
anatomical site

Addressing
action

- Added to anatomical site standardization instructions: “Analyze whether there are any position or direction terms
that are relevant, for example, a “peripancreaticmass”would not be capturedas ‘Pancreas’ as this refers to amass
in the tissue surrounding the pancreas.… renal cell carcinoma that has metastasized to the left lung would ONLY
have the anatomical site ‘Lung, left’ if the specimen ONLY contains lung tissue.”

Continued error severity examples - Major: Continued use of the label “pancreas” would be considered major, as we have now instructed that the
anatomical site must be consistent with the originating tissue.

- Minor: In some cases, continued usage of the “Other” label vs a specific provided label can be justified as a minor
error if the site listed in the text does not cleanly map to labels in the schema. For example, an “intradural tumor”
developswithin the spinal cord, thus does not cleanlymap to our schema label of “Spine, vertebral column” as this
has a connotation of a tumor developing in bone tissue, although for our purposewe find thismapping acceptable.

Table 5 | Integrating medical history

Report text A. Soft tissue mass, parasplenic
- Poorly differentiated carcinoma, consistent with known renal cell carcinoma
Note: Prior history of papillary renal cell carcinoma is noted.

Discordant labels A_histology: Papillary renal cell carcinoma A_histology: Poorly differentiated carcinoma

Context - Should we label this specimen as papillary RCC inferring from the medical history, or only use the current report histology
(poorly differentiated carcinoma)?

- The goal is to avoid automatically applying historical findings unless they are truly consistent with current specimen details.

Addressing
action

- Added to histology standardization instructions: “If a specimen is consistent or compatiblewith a knownhistology, youmay
use that histology as part of your choice of a label, but ensure that the histology you choose is still applicable to the current
specimen.”

Continued error severity examples - Major: If the report were to instead lack the “consistent with known renal cell carcinoma” modifier, then the histology
“Papillary RCC” would be a major error, as it would be reporting medical history alone.

- Minor: Labeling the specimen “RCC, no subtype specified” instead of “papillary RCC,” even though the text leans toward
papillary (note the specimen is only consistent with renal cell carcinoma- no subtype specified). While not optimal, it does
not fundamentally misclassify the specimen.
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24 34 16 8 7 9
7 20 9 13 17 13

1
6 27 12 15 28 30

2 4 1

1 3 1 1

15 2 13 3 2 1
3 1

2 1
3 10 1 14

32 4 3 8
3 5 1 5 4 2

12 9 4 5 3 1
3 11 3 6 3

11
7 1 3

13 25 15 14 17 2

1 1 2

1
1

12
17

1 12 7 9 5 9
2 1

2
9 2 1 1 3

1

9 3 5 1
16

1 6 8 5 9 5

5 2
17 2 2
2 3

76 1
2

1 1
5 11 16

14 2 5 10 6
52 6 29 7 3

11 1 9 1

Major/Minor Annotation Discrepancy Schema Issue

Minor LLM Discrepancy Major LLM Error

IT1 IT2 IT3 IT4 IT5 IT6 IT1 IT2 IT3 IT4 IT5 IT6

Flag for Review
Blatantly Incorrect Reasoning
Wording of Other Categories

Terminology Drift
Specification Issues− Ontology

Specification Issues− Granularity
Relevance of Multiple Labels

Relevance of Missing Data
Mixed Known and Unknown Entity Mapping (Duplicate)

Mixed Known and Unknown Entity Mapping
Inter−Entity Attribution

Integrating Medical History
Formatting Only

Discordant Reporting (Duplicate)
Discordant Reporting
Borderline Attributes

Flag for Review
Blatantly Incorrect Reasoning
Wording of Other Categories

Terminology Drift
Specification Issues− Ontology

Specification Issues− Granularity
Relevance of Multiple Labels

Relevance of Missing Data
Mixed Known and Unknown Entity Mapping (Duplicate)

Mixed Known and Unknown Entity Mapping
Inter−Entity Attribution

Integrating Medical History
Formatting Only

Discordant Reporting (Duplicate)
Discordant Reporting
Borderline Attributes

b

Fig. 4 | Error/discrepancy results across workflow iterations. a Error/discrepancy
source, severity, and entity type across iterations. “Other Items” includes diag-
nosis, histology, procedure, and anatomical site. The five “Problematic reports” are
consistent across iterations. Counts of 0 are left blank. Column totals are not equal
across all iterations due to duplicate IHC/FISH entities and variations in

missingness. b Error/discrepancy contexts by source and severity across iterations
(IT). Counts of 0 are left blank. Due to the lower number of major annotation
errors, they have been grouped with minor annotation discrepancies for ease of
visualization. For all panels, the fill color scale is maintained with amaximum of 84
and a minimum of 1.
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a macro-averaged F1 score of 0.99, and an F1 of 0.97 for metastatic RCC
detection (Table 6).

A review of discrepancies for histological subtype showed continued
difficulty with integrating medical history; most clear cell false negatives
(28/32), for instance, resulted from incomplete use of a patient’s prior his-
tory of this subtype. Lower performance in detecting metastatic RCC was
primarily attributable to false positives due to misinterpreting medical
history (n = 6), local tumor extension (n = 5), and differentiation of regional
vs distant lymph nodes (n = 3). Such errors often occurred in complex or
ambiguous reports, underscoring the need for mechanisms to flag these
cases for human review.Demonstrating clinical utility, the pipeline correctly
identifiednecessary updates or corrections to the preexisting structureddata
in 27 instances (e.g., reflecting addended results or more current termi-
nology), all subsequently confirmedbyapathologist.Comprehensive details
on all discrepancies, both errors and correct updates, are included in Sup-
plementary Table 15.

Comparison to the regex baseline
The LLM pipeline demonstrated distinct advantages over a custom, rule-
based regex tool for extracting the six histologies of interest. The regex tool
performed reasonably well for common subtypes with fewer historical
variations in terminology (F1 scores: 0.96 Clear Cell, 0.91 Chromophobe,
0.89 Papillary RCC; Table 6). However, its performance degraded sub-
stantiallywhen encounteringwider terminology variation, historical naming

conventions, or results reported primarily in comments or addendums—
situations common for rarer subtypes. This resulted inmuch lower F1 scores
for CCPRCT (0.71), TFE3-rearranged RCC (0.11), and TFEB-altered RCC
(0.35), whereas the LLM pipeline maintained high accuracy and precision.
Full results for the regex tool are available in Supplementary Table 16.

Gauging internal consistency
To assess the internal consistency of extracted data across a broader
cohort, we analyzed the full set of 3520 internal reports (see Methods/
Supplementary Fig. 1 for cohort criteria). This group included the
aforementioned 2297 reports, plus an additional 1223 reports for which
no structured EMR data was available. For this analysis, we examined
the concordance between the pipeline’s extracted histology and asso-
ciated IHC results within the same specimen/subpart. Out of all avail-
able reports, 2464 subparts/specimens were identified as containing any
of the histologies of interest. Of these, 1906 were identified to have only
a single histology and corresponding IHC results for the same subpart;
Supplementary Fig. 1.

The pipeline showed a high degree of consistency, for example, 87/87
CD117 tests on specimens with chromophobe RCC were positive, and
accurate extraction of the CA-IX “cup-like” expected staining pattern for
CCPRCTwas demonstrated (Table 7). The two “box-like” results found for
CCPRCT corresponded to two tumors in a single report, wherein the LLM
was consistent with the report text. The case was subsequently reviewed and

Table 6 | Consistency between preexisting data and extracted histology and diagnosis of metastatic RCC

Clear cell RCC Ground truth

Absent Contains

LLM predicted Absent 576+ 1a 32 LLM F1: 0.99 (Regex F1: 0.96)

Contains 4 1671+ 13b

Papillary RCC Ground truth

Absent Contains

LLM predicted Absent 2061+ 1 2 LLM F1: 0.99 (Regex F1: 0.89)

Contains 0 232+ 1

Clear cell papillary renal cell tumor (CCPRCT) Ground truth

Absent Contains

LLM predicted Absent 2247 0 LLM F1: 0.98 (Regex F1: 0.71)

Contains 2 46+ 2

Chromophobe RCC Ground truth

Absent Contains

LLM predicted Absent 2188 1 LLM F1: 0.99 (Regex F1: 0.91)

Contains 0 105+ 3

TFE3-Rearranged RCCb Ground truth

Absent Contains

LLM predicted Absent 2289 0 LLM F1: 1 (Regex F1: 0.11)

Contains 0 7+ 1

TFEB-altered
RCCb

Ground truth

Absent Contains

LLM predicted Absent 2287 0 LLM F1: 1 (Regex F1: 0.36)

Contains 0 6+ 4

Metastatic RCC Ground truth

Non-
metastatic

Metastatic
RCC

LLM predicted Non-metastatic 2050 2 F1: 0.97

Metastatic RCC 14 230+ 1
a The digit after the plus here indicates the number of instanceswhere, after review of the report free text, the LLMprovided a pathologist-confirmed updated label (See Supplementary Table 15 for details).
b TFE3 was additionally matched to the older terminology- Xp11 translocation RCC. Similarly, TFEB wasmatched to t(6,11) translocation RCC. These terms were used in previous versions of CAP Kidney
templates.
See Supplementary Table 16 for full regex tool results.
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found to have a “cup-like”pattern and a correctionwas issued; Details on all
unexpected findings are documented in Supplementary Table 17.

Assessing clinical domain interoperability
Portability of the workflow and final prompt templates was assessed using
publicly available data from The Cancer Genome Atlas (TCGA)50–53. To
gauge generalization, prompt templates were not modified, and improve-
ments were performed on only the schema, with iterations concluding once
the schema adequately covered essential domain concepts and terminology.
Of the 757 available TCGABreast InvasiveCarcinoma54 (BRCA) reports, 53
contained the words “immunohistochemistry” and “HER2” in the pro-
cessed text. Three schema-only iterations were required to incorporate
domain-specific terminology and reporting conventions for extracting
HER2 (IHC and FISH), estrogen receptor (ER), and progesterone receptor
(PR) status.Thepipeline (usingGPT-4o2024-08-06) subsequently achieved
89% agreement with the curated tabular data; Supplementary Table 18.

Manual review of discrepancies suggestedmany were not LLM errors:
nine cases involved results present in the curated data but absent in the
scanned PDF, potentially indicating an alternate source for the curated
result. These nine specific data points, where required information was not
in the source text, were excluded from agreement calculations. Another
result thatfirst appeared to be an LLM false positivewas subsequently found
to reflect known clinical ambiguity regarding the classification of ER low-
positive results (1–9% staining)55.

Of the 333 available TCGA Prostate Adenocarcinoma56 (PRAD)
reports, 253 had corresponding Gleason Scores in the structured clinical
data and available report text. For this task, 98% agreement was achieved on
thefirst run (SupplementaryTable 19). The difference in convergence speed
(one run for PRAD vs. three for BRCA) highlights the impact of task and
report complexity: extracting multiple, detailed IHC results from longer,
more variable BRCA reports (average 9250 characters) proved more chal-
lenging than extracting a single report-level Gleason Score from shorter
PRAD reports (average 3440 characters).

Discussion
This study demonstrates that high accuracy in automated pathology report
information extraction with large language models (LLMs) is possible but
hinges on careful task definition and refinement. Although our pipeline
yielded strong performance—for instance, a macro-averaged F1 score of
0.99 on identifying important RCChistological subtypes and adaptability to
new entities such as Gleason Scores from prostate adenocarcinoma reports
—our experience underscores that the process of defining information
extraction goals may hold broader relevance than the performance metrics
or workflow technicalities alone.

It became evident that the model’s success depended heavily on the
clarity and depth of instructions. Consequently, a multidisciplinary team
with domain expertise in NLP and LLMs, downstream statistical analysis,
and clinical pathology became instrumental for success. Additional

Table 7 | Consistency between extracted histology and IHC/FISH results

Chromo-
phobe RCC

Papillary RCC CCPRCT Clear cell RCC TFE3
Rearranged RCC

TFEB
Altered
RCC

Total Number of specimensa 84 119 62 1630 6 5

CA-IX Expected→

Extracted ↓
Negative Focal/Patchy Positive or

Negative
Positive
(Cup-Like)

Positive or Positive
(Box-Like)

Negative Negative

Positive (cup-like) 0 1d 61 3d 0 0

Positive (box-like) 0 0 2c 164 0 0

Focal/patchy
positive

0 22 0 6c 0 1

Other positiveb 0 6 3 548 0 0

Negative 24 15 0 2c 5 3

CD117 Expected→

Extracted ↓
Positive Negative Negative Negative Negative Negative

Positive 87 0 0 1d 0 1c

Negative 0 4 6 26 2 3

Racemase Expected→

Extracted ↓
Negative Positive Negative Mixed Mixed Mixed

Focal/patchy
positive

0 2 0 7 0 0

Positive/
diffuse positive

2c 99 0 9 1 2

Negative 3 0 13 4 0 0

TFE3 Expected→

Extracted ↓
Negative Negative Negative Negative Rearranged Negative

Rearranged 0 0 0 0 6 0

Negative 2 7 0 6 0 4

TFEB Expected→

Extracted ↓
Negative Negative Negative Negative Negative Rearranged/

Amplified

Rearranged/
amplified

0 0 0 0 0 5

Negative 2 6 0 4 6 0
aSingle specimens may have multiple tests, thus column totals may be higher than the number of specimens.
bIncludes “Positive” alone, or with other modifiers not explicitly focal/patchy, cup-like, or box-like.
cReport reviewed and the LLM was correct, thus identifying a typographic mistake in the report free text (Supplementary Table 17 for details).
dReport reviewed and the LLM found to have made a mistake in either histology or IHC/FISH results (Supplementary Table 17 for details).
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collaboration came from the LLM itself—particularly through review of the
“reasoning” output.We found thatwell-meaning instructions like “focus on
the current specimen…, not past medical history” led to instances of
‘malicious compliance’ where the LLM followed instructions too literally,
discarding important contextual information. Rectifying this required
careful considerationof how instructionsmight be interpretedby themodel,
leading to increased specificity (Table 5). Underpinning this iterative pro-
cess, the systematic application of our error ontology proved invaluable, not
just for classifying discrepancies, but for prompting essential questions (as
per Fig. 3) and actively guiding the refinement of our extraction goals.

Cross-specialty collaboration was particularly vital for developing the
error ontology. While developed with expert clinical input, we do
acknowledge that our distinction between schema issues, major, andminor
errors relied on contextual interpretation and our specific downstream use
case. We thus caution against interpreting raw performance numbers in
isolation. Instead, we advocate for a holistic interpretation considering the
clinical significance of errors and their potential downstream impact,
informed directly by stake-holding researchers57,58. Interpretations could
therefore differ between groups. For example, in broader kidney cancer
research, deviations in the detailed staining pattern modifiers for CA-IX
could be considered ‘major’ errors, as the distinction between “box-like” vs
“cup-like” is decisive for RCC subtyping. However, if one were exclusively
studying oncocytoma, where CA-IX is canonically negative59, variations in
the details of a “Positive” result might sufficiently exclude this histology and
be considered ‘minor’.

We note several limitations of our study and workflow. The iterative
refinementprocess risked addingoverly specific ‘one-off’ rules;wemitigated
this by striving for generalizable instructions, using specific cases as exam-
ples rather than distinct rules (Table 4). Each refinement cycle also required
highly detailed and time-intensive human review. One might ask whether
an end-to-endmanual annotation followedby traditionalfine-tuningwould
have been easier. However, such an approach would have still demanded
extensivemanual review4, offerednoguaranteeof easily handling thediverse
and complex “error-inducing” contexts that we encountered, andmight not
have spurred the same level of insight into refining our information
extraction goals.Moreover, generative LLMtechnology is evolving rapidly41;
our prompt-based pipeline is more adaptable to both changes in clinical
entities and new model upgrades than static, fine-tuned architectures.

Furthermore, this approach currently produces only semi-structured
data that, in some instances, requires further downstream normalization.
While our research teampossessed this domain-specific skillset, allowing us
to prioritize granular detail over strict upfront standardization, this trade-off
may not be acceptable for all teams and situations. Future work could
leverage guided-decoding backends37,38 that can help constrain LLM gen-
eration to a predefined JSON schema. Such tools, along with increasing
baseline AI performance and methods to flag problematic reports for
human review, could further shift workflow efforts from managing for-
matting and data structuring requirements to well-informed task
specification.

Limitations related to gold-standard development and validation also
warrantmention.The standardwasdeveloped iteratively by the core teamto
refine complex task specifications, precluding formal inter-reviewer agree-
mentmetrics and limiting assessment of absolute annotation reliability.Our
validation strategy—large-scale internal checks on core entities and external
portability tests—aligned with the study’s focus on the refinement metho-
dology and task specification challenges, rather than exhaustive bench-
marking across everyfield against a static, held-out test set. As such,we posit
that as LLMs are utilized to perform increasingly complex tasks, particularly
those involving ambiguity and advancing medical knowledge, it may be
useful to conceptualize “gold-standard” not merely as static ground truth,
but as a dynamic reflection of evolving research goals and domain
understanding40,57,58.

In summary, our LLM-based pipeline for pathology report informa-
tion extraction highlights both strong performancemetrics and the intricate
processes required to achieve them. Our experience illustrates the

importance of thoroughly understanding extraction intentions and goals,
and how collaboration between domain experts—and even insights derived
from the LLMs themselves—are crucial to this process. By documenting
these complexities, we aim to provide a set of generalizable considerations
that can inform future LLM-based clinical information extraction pipelines.
As generative AImatures, flexible, human-in-the-loop strategiesmay prove
essential to ensuring workflows remain grounded in real-world clinical
objectives.

Methods
Defining the task
As detailed in the Introduction, we defined “end-to-end” information
extraction for this study to encompass entity identification, clinical question
inference, terminology normalization, relationship mapping, and struc-
tured output generation suitable for downstream analysis (e.g., tabular
datasets).

Initial entities to extract and normalize from reports included: (1)
report-level diagnosis; (2) per-subpart/specimen histology, procedure type,
and anatomical site; and (3) detailed specimen and tissue block-level IHC/
FISH (fluorescence in situ hybridization) test names and results. We first
defined an ‘extraction schema’, outlining standardized labels, a structured
vocabulary of terms and preferred synonyms for IHC results, and unique
entity-specific instructions; see Fig. 1a.Unique instructions provided entity-
specific context and logic, like differentiating regional vs. distant metastasis
based on lymph node involvement for diagnosis.

Labels for diagnosis were primarily derived from ICD-10 descriptors,
with procedure and histology labels primarily sourced from the con-
temporary College of American Pathologists (CAP) Cancer Protocol
Templates for kidney resectionandbiopsy60,61. Labels for anatomical site and
IHC/FISH, along with specialized labels such as the diagnosis “Metastatic
RCC,” were developed with guidance from pathology experts. While the
normalized lists covered common entities, free-text options (e.g., “Other-
<fill in as per report>”) were essential for capturing less frequent findings or
specific nuances not fully represented, thus preventing information loss.

Prompt templates
We used Microsoft Prompt flow62 to organize the workflow as a directed
acyclic graph, with nodes for Python code execution or LLM requests via
specific prompt templates. Reusable, modular prompt templates were
designed for portability. We developed three distinct template sets, each
optimized for a specific class of entity: The ‘feature report’ set for entities
with a single label per report, such as diagnosis; The “feature specimen” set
for entities with one label per specimen/subpart; And an IHC/FISH specific
set as it uniquely requires matching any number of specimens, blocks, test
names, and test results; see Fig. 1b. Initial prompts segmented andorganized
relevant text, while final prompts generated schema-normalized, parsable
JSON output.

All prompts required initial “reasoning” generation, passed to sub-
sequent prompts to create a “chain-of-thought”63. This has been shown to
enhance LLM performance across a wide range of tasks64,65, and provides
insight into specific limitations and usage of our instructions66. The rea-
soning instructions prompted the LLM to consider uncertainties and
articulate its decision-making process for text segmentation or standardi-
zation. Prompt templates were written in markdown format for organiza-
tion and included examples of properly structured JSON responses. Full
schema and templates are included in the Supplementary Information and a
GitHub repository for implementation can be found at github.com/
DavidHein96/prompts_to_table.

Workflow refinement and gold-standard set
We selected 152 reports reflecting diverse clinical contexts from a set of
patients with kidney tumor related ICD-10 codes in their EMR history;
Supplementary Fig. 1. This included reports with multiple specimens,
complex cases that required expert consultation, biopsies and surgical
resections, various anatomical sites such as primary kidney and suspected
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metastases, and both RCC and non-RCC histologies. All data was collected
under the purview of our institutional IRB STU 022015-015.

These reports were used to iteratively develop the pipeline, error
ontology, and a corresponding “gold-standard” annotation set that could be
used for benchmarking. First, the workflow was executed with preliminary
prompts and schema to generate rough tabular outputs, allowing for
expedited manual review and reducing annotation burden for creating the
initial gold-standard set. Subsequently, the prompts and schema were
updated to reflect desired changes, and the workflow was executed again.
The output was thenmatched to gold-standard annotations and discordant
results were manually reviewed, with source and severity of the discrepancy
documented and used to inform subsequent adjustments to the workflow
and gold-standard. This process was then repeated iteratively, as outlined in
Fig. 2.

A data scientist (5 years clinical oncology experience) and a statistician
(13 years kidney cancer research experience) reviewed annotations and
discrepancies with all uncertainties or ambiguities deferred to a board-
certified pathologist specializing in genitourinary pathology (23 years’
experience). All development usedGPT-4o (2024-05-13, temperature 0) via
a secure HIPAA-compliant Azure API43.

Creating an error ontology
A structured error ontologywas developed to both provide a framework for
classifying the source and severity of discrepancies between the LLM out-
puts and the gold-standard, and to highlight generalizable contexts inwhich
discrepancies arose. The ontology comprises three sources of discrepancy:
LLM, manual annotations (errors introduced to the gold-standard set by
incorrect or insufficient annotation in a prior step), and what we term
“schema issues”. Schema issues represent instances where the LLM and
gold-standard were discordant, yet both appeared to have adhered to the
provided instructions. In these cases, the instructions themselveswere found
to be insufficient or ambiguous. Both LLM and manual annotation dis-
crepancies were further subclassified as “major” or “minor” severity based
on their potential impact on clinical interpretation or downstream analysis.

A flow chart for defining and documenting discrepancies as well as an
introduction to the error contexts, presented as broad questions regarding
information extraction aims, is provided in Fig. 3. Detailed examples for a
subset of contexts are given in Tables 1–5, with the remainder plus addi-
tional examples in Supplementary Tables 1–11. For each context, we first
provide two potential labels for an entity arising from insufficient instruc-
tions in the given context. This is followed by our addressing methodology,
and further examplesof LLMorannotation error severity in similar contexts
(provided that we found our instructions to be sufficient).

Stopping criteria
Refinement concludedupon reaching zeromajormanual annotation errors,
a near-zero rate of minor annotation discrepancies, a major LLM error rate
near or below 1%, and an elimination of most schema errors, except those
arising from complex cases deemed requiring human review. Upon
reaching these criteria, we retrospectively reviewed the error documentation
for each iteration to ensure consistency in our categorization (e.g., refining
initial broad specification issues into more granular categories).

Assessing LLM interoperability
LLM backbone interoperability was assessed by comparing GPT-4o
2024-05-13, Llama 3.3 70B Instruct48, and Qwen2.5 72B Instruct49 out-
puts to the final gold-standard: First by exact match using the full spe-
cimen, block and test namewhen applicable, then by using an additional
“fuzzy match” for IHC/FISH items that ignored punctuation and capi-
talization in the test name and did not require the specimen or tissue
block identifiers to match the gold-standard. See Supplementary Table
13 for examples of match criteria. Exact match inter-model agreement
between GPT-4o and the two open-weight models was also calculated.
Both open-weight models were run on local compute infrastructure,
with generations using a temperature of 0.

Internal application and validation
Our finalized pipeline was run using GPT-4o 2024-08-06 on the free
text portion (final diagnosis, ancillary studies, comments, addendums)
of 3520 internal pathology reports containing evidence of renal tumors
spanning April 2019–April 2024; see Supplementary Fig. 1 for addi-
tional details on inclusion criteria. Of these reports, 2297 utilized
additional discrete EMR fields corresponding to CAP kidney resection/
biopsy and internal metastatic RCC pathology templates; This struc-
tured data could be pulled separately from the report text and was used
for cross-referencing LLM output regarding metastatic RCC status and
the presence or absence of six kidney tumor subtypes: clear cell RCC,
chromophobe RCC, papillary RCC, clear cell papillary renal cell tumor
(CCPRCT), TFE3-rearranged RCC, and TFEB-altered RCC. Dis-
crepancies were manually reviewed using the free-text report as ground
truth. Notably, the LLM needed to infer updated TFE3/TFEB subtypes
from older ‘MiT family translocation RCC’ terms present in some
structured data (per CAP Kidney 4.1.0.0)60,61.

To provide a baseline for histology extraction andmapping to updated
terminology, we developed a custom rule-based regular expression (regex)
tool targeting predictable structural and lexical patterns commonly
observed in the “final diagnosis” section of reports, where primary histology
is typically stated. This represented a pragmatic, non-machine learning
approach using domain heuristics for comparison.

To attempt scalable validation of LLM extracted histology and IHC/
FISH results across all 3520 reports, including those with no available
templated data, we selected all extracted subparts/specimens with a
single histology of the above six for which IHC/FISH results were also
extracted. We then assessed the consistency of the histological subtype
with the expected IHC/FISH pattern for five common markers used to
differentiate renal tumor subtypes; CA-IX, CD117, Racemase, TFE3, and
TFEB67. Unexpected findings were subject to manual review of the
report text.

Assessing clinical domain interoperability
Adaptability to different clinical domains was evaluated using The Cancer
Genome Atlas (TCGA)50–52 breast invasive carcinoma (BRCA)54 and pros-
tate adenocarcinoma (PRAD)56 pathology reports that had undergone
scanned PDF to text optical character recognition (OCR) processing and
had corresponding tabular clinical data available53. For BRCA reports, we
extracted results for HER2 (both FISH and IHC separately), progesterone
receptor (PR), and estrogen receptor (ER), utilizing only modified IHC/
FISH schema labels and instructions. We restricted the reports to those
containing the words “immunohistochemistry” and “HER2” to ensure IHC
results were present in the OCR processed text.

For PRAD reports, we extracted Gleason Scores using the ‘feature
report’ flow with only modifications to the schema instructions and labels.
All external validation was done using GPT-4o (2024-08-06 via Azure,
temperature of 0).

Data availability
The data used in this study contains patient identifiers and cannot be shared
publicly due to privacy regulations and institutional policies. The publicly
available breast cancer reports and clinical data canbe foundathttps://www.
cbioportal.org/study/clinicalData?id=brca_tcga_pub2015. The publicly
available prostate cancer reports and clinical data can be found at https://
www.cbioportal.org/study/summary?id=prad_tcga_pub. The optical char-
acter recognition processed reports are available at https://data.mendeley.
com/datasets/hyg5xkznpx/1.

Code availability
Code for implementing the workflow described in this paper is available at
https://github.com/DavidHein96/prompts_to_table.
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