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Abstract

Extracting structured information from clinical notes requires navigating a dense web of
interdependent variables where the value of one variable logically constrains others. Existing
Large Language Model (LLM)-based extraction pipelines often struggle to capture these
dependencies, leading to clinically inconsistent outputs. We propose deep reflective reasoning, a
large language model agent framework that iteratively self-critiques and revises structured
outputs by checking consistency among variables, the input text, and retrieved domain
knowledge, stopping when outputs converge. We extensively evaluate the proposed method in
three diverse oncology applications: (1) On colorectal cancer synoptic reporting from gross



descriptions (n=217), reflective reasoning improved average F1 across eight categorical synoptic
variables from 0.828 to 0.911 and increased mean correct rate across four numeric variables from
0.806 to 0.895; (2) On Ewing sarcoma CD99 immunostaining pattern identification (n=200), the
accuracy improved from 0.870 to 0.927; (3) On lung cancer tumor staging (n=100), tumor stage
accuracy improved from 0.680 to 0.833 (pT: 0.842—0.884; pN: 0.885—0.948). The results
demonstrate that deep reflective reasoning can systematically improve the reliability of LLM-
based structured data extraction under interdependence constraints, enabling more consistent
machine-operable clinical datasets and facilitating knowledge discovery with machine learning
and data science towards digital health.

Introduction

Structured data extraction from unstructured free text to enable machine-operable data and
facilitate knowledge discovery with machine learning and data science is crucial for digital
health!2. Clinical notes contain much of the information needed for clinical decision-making,
quality reporting, registry abstraction, and research, yet these data remain difficult to use at scale
because they are embedded in free text. The most practical representation of extracted structure
is often a set of key—value pairs, where each key corresponds to a variable of interest (e.g., tumor
site, margin status, histologic type) and each value corresponds to a standardized category or
numeric measurement, or a list of them. In healthcare, as in other fields, variables of interest are
typically interdependent rather than independent. The rise of Large Language Models (LLMs)
has revolutionized the Al field and is shifting the paradigms of biomedical research and
healthcare provision®-!°. LLMs have become a powerful tool for structured data extraction or
information extraction (IE)!!14, However, it has been challenging to make LLMs to stay with the
constraints of variable interdependence relationships among variables. For example, LLM
extracted attributes {"Margin Status for Invasive Carcinoma": "Invasive carcinoma present at
margin"}, {"Closest Margin to Invasive Carcinoma": "Radial (circumferential) or mesenteric"},
and {"Distance of Tumor from Closest Margin (cm)": 0.3} are inconsistent, because they cannot
be true at the same time. In term of mathematic logic, the conjunction of these three propositions
is false or leads to a contradiction.

In this study, we propose deep reflective reasoning, an LLM-agent framework designed to
improve structured biomedical information extraction under interdependence constraints. The
approach performs iterative self-critique and self-revision: the agent reviews its own predicted
variable values, checks them for consistency among variables, the source text, and domain
knowledge, and updates outputs until predictions converge. Fig. 1&2 summarize the agent
architecture and the end-to-end workflow for integrating this framework into synoptic reporting.
Our main motivating application is to generate pathology synoptic reports from gross description
of unstructured clinical notes in the field of colorectal cancer. For this application, our
experiments achieved average accuracy of 0.9167, where accuracies of 4 important variables
including Rectal Tumor Location, Macroscopic Tumor Perforation, and Margin Status are over
0.95. This work demonstrates the feasibility of using deep reflective reasoning to generate pre-
synoptic data reports from free text gross description. To further demonstrate the effectiveness
and generality of our approach, we also applied the method to two other medical applications: (a)
identifying CD99 immunostaining patterns from Ewing Sarcoma free text pathology reports,



scanned from paper documents; (b) estimating lung cancer tumor stage from free text clinical
notes.

Colorectal cancer (CRC) poses a major global health challenge. CRC is the third most common
cancer with about 1.9 million new cases annually and the second leading cause of cancer-related
death with 0.9 million annually worldwide!>:!®, A concerning trend is the increasing incidence of
CRC among younger adults under the age of 50'7-!8, which signals the needs of strengthening
CRC knowledge discovery on diagnosis, prognosis, effective treatment, and prevention. Synoptic
reporting refers to structured surgical pathology reporting, composed of a list of required data
elements (or variables) and predefined standardized values, to ensure data completeness,
accuracy, consistency, scalable data capture, interoperability, and exchange, thus facilitating
biomedical research and clinical service delivery!®-*’. Compared with traditional narrative format
of pathology reports, synoptic reports can also better facilitate machine learning for medical
knowledge discovery and broader Al applications such as intelligent clinical decision supporting.
The problem of generating synoptic data values from narrative or free text of gross description is
a challenging task in three unique ways: (1) the task requires proper understanding of complex
anatomic structure of colon and rectum and their associated complex terms and alternative
synonyms; (2) the text description given in clinical notes such as gross description is often non-
standardized, inexplicit, vague, ambiguous, and incomplete; (3) the task needs reasoning
capability to derive a synoptic value from complex text description of related tumor properties.
This article presents our approach to tackling the challenges by using deep reflective reasoning
with Large Language Model (LLM) agents. From the perspective of leveraging Al in medical
practice, this research intends to reduce the burden on pathologists from tedious and laborious
work of reading messy gross reports or other clinical notes and to focus on critical work, as
illustrated in Fig. 2. We use a dataset of 217 CRC cases collected at the University of Texas
Southwestern Medical Center (UTSW) between 2010 and 2020 for this research. Together, these
studies demonstrate that deep reflective reasoning can systematically improve the reliability of
LLM-based structured extraction in settings where multiple interdependent clinical variables
must be inferred and reconciled, enabling more consistent machine-operable datasets for digital
health applications.

Results

We present the results of this work in three parts: (1) overall performance of colorectal cancer
structured pre-synoptic data generation from gross description; (2) reflective reasoning
algorithm; (3) the performance of reflective reasoning.

Overall performance

We provide the performance of the final reflective reasoning over one-by-one query with RAG
as follows. Table 1 (a) shows the overall performance on 8 categorical variables and the average
performance metrics. The comprehensive score for all variables, average F1 score, is 0.9112. The
number following each variable is the number of classes or categorical values that variable has.
We provide the whole list of classes for each variable as a JSON file in the supplementary
materials. “Margin Status for Invasive Carcinoma” (with 5 classes) achieved best performance
with accuracy of 0.9697 and F1 score of 0.9707. “Tumor Extent” (with 9 classes) achieved an
accuracy of 0.8198 and F1 score of 0.7933, which is the lowest performance score among all



variables. Table 1 (b) presents the overall performance on 4 numeric variables. Correct rate is
defined as the number of correctly predicted cases divided by the total number of cases evaluated
for the variable. Correct rate is equivalent to accuracy in the sense of treating each specific
numeric value as a class. A numeric prediction is regarded as “correct” if the predicted number
exactly equals to the ground truth value. In the evaluation, we excluded cases where the ground
truth of synoptic data conflicts with the real gross description text, or the ground truth is not
precisely defined, such as values like “Cannot be determined”, “Other”, “Not applicable” and so
on. The rate of cases evaluated is given as “coverage”. The coverage for numeric variables is
lower, because in many pathology reports, the gross description did not provide specific values
for some numeric synoptic data elements.

“Tumor Site” is a critical variable in the synoptic data generation process. In additional to the
challenges addressed in the introduction section, another aspect of complexity for tumor site is
that it has 12 elementary classes, and a tumor could appear in the intersection of two adjacent
colorectal sections. “Tumor Site” achieved accuracy of 0.8582 and F1 score of 0.8484. Fig. 3a
shows the confusion matrix of tumor site. From our experiments, we observed that LLMs
frequently struggled with accuracy around ascending colon, cecum and ileocecal valve and
around rectum, rectosigmoid, and sigmoid colon. In Fig. 3a, we merged rectosigmoid and rectum
together as a single class, because rectosigmoid is virtually just a concept to indicating the
boundary of rectum and sigmoid, and tumor site is assigned to rectosigmoid if and only if
differentiation between rectum and sigmoid according is not possible?!. In the confusion matrix,
the most significant false prediction is around the subtle area of cecum and ascending colon,
where LLM mistakenly classified 3 ascending colon cases as cecum. Overall, the number of false
predictions is generally small. Later in Fig. 5, we will use a case as example to reveal the
complexity of the problem and the reasoning.

Fig. 3b ~ 3g present the confusion matrixes of “Rectal Tumor Location”, “Macroscopic Tumor
Perforation”, “Tumor Extent”, “Macroscopic Tumor Perforation”, “Margin Status for Invasive
Carcinoma”, and “Closest Margin to Invasive Carcinoma”. Among them, “Margin Status for
Invasive Carcinoma” (with 5 classes) achieved best performance with accuracy of 0.9697 and F1
score of 0.9707. “Tumor Extent” (with 9 variables) got accuracy of 0.8198 and F1 score of
0.7933, which is the lowest performance score among all categorical variables. This score
reflects that the task for tumor extent is more challenging. As we will see later in case analysis,
LLM struggled with complex anatomic structure and associated terminology of colon and rectum
as well as their adjacent structures. As a result, in some scenarios, LLM failed to decern the
semantics of some standard values for tumor extent, particularly, "Invades through muscularis
propria into the pericolonic or perirectal tissue", "Invades visceral peritoneum (including tumor
continuous with serosal surface through area of inflammation)", and "Directly invades or adheres
to adjacent structure(s)". The case analysis illustrated in Fig. 4c provides more detailed analysis.

Fig. 3h ~ 3k present the estimated (y-axis) vs the ground truth (x-axis) of tumor size, distance of
tumor to the closest margin, distance to radial margin, and distance to distal margin.

Reflection performance analysis

Using the above algorithm and the result of one-by-one query with RAG as the baseline, we
conducted 16 rounds of reflections. Fig. 4a presents the average F1 score for categorical synoptic



variables, the average correct rate for numerical variables, and the number of cases revised in
each round of reflection. As the figure shows, after round 3, the reflective reasoning converged to
average correct rate of 0.8953 for all numeric variables; after round 10, the reflective reasoning
converged to two average F1 scores, 0.9112, and 0.9061, for all categorical variables; after round
10, the reflection converged with 193 cases but kept revising the rest 24 cases. Fig. 4b illustrates
the performance improvement and convergence with the rounds of reflections. After 10 rounds of
reflection, the reflective reasoning converged for all numeric variable and most categorical
variables but oscillated only on one or two standard values of 24 categorical variables. Fig. 4¢
provides an in-depth investigation about reflection process by showcasing a specific case (which
is one of 24 cases not completely converged), where the reflection oscillates between two
standard values of “Tumor Extent”, and all other synoptic variables are converged in the
reflective reasoning. In this case, the reflective reasoning revised the standard value of synoptic
variable “Margin Status for Invasive Carcinoma” from “Invasive carcinoma present at margin”
to “All margins negative for invasive carcinoma” in round 10 and converged to this revised value
in the followed rounds. Starting from round 10, the reflective reasoning begins to oscillate
between two standard values of “Directly invades or adheres to adjacent structure(s)” and
“Invades through muscularis propria into the pericolonic or perirectal tissue” for synoptic
variable “Tumor Extent”, reflecting LLM having high uncertainty. As Fig 4a shows, there are 24
cases not completely converged and oscillating with one or two variables on two standard values,
just like the example shows.

From our observations in the experiments, deep reflective reasoning may converge to two type of
states: (1) a unique state, where each variable converges to a unique value; (2) an attractor, or a
ring of several states, where at least one variable keeps switching from one value to another
within two (or more) values, that is, LLM output keeps “walking” in a circle. To ensure having
the same LLM output for the same input, we have set LLM’s parameter temperature as 0.
Therefore, when deep reflective reasoning converges to either a unique state or a more dynamic
attractor, LLM out will stay with those states rather than generate new states.

Comparison of alternative LLM solutions
Table 2 compares the performance of different alternative LLM solutions, including,

1) one-by-one query without knowledge embedding

2) one-by-one query with RAG

3) reflection on one-by-one query with RAG (round 10, best in the converging states)
4) reflection on one-by-one query with RAG (round 11, worst in the converging states)

From the table, we can see that the average F1 score of one-by-one query with RAG is 0.07
higher than the one without RAG, reflecting the effectiveness of RAG. The reflective reasoning
further improves the average F1 score by 0.0835, or minimally 0.0784, comparing with one-by-
one query with RAG, reflecting the effectiveness of the reflection.

Case analysis

Fig. S presents our error analysis on reasoning about tumor site, a critical synoptic data item. We
conduct the analysis with two cases. Fig. 5a illustrate an interesting scenario with case R0014. In
the illustration of colon and rectum??, the length of each colorectal section is from CAP



guideline?! (B. Anatomic Sites). The gross description about the tumor site is a bit complex and
requires careful interpretation of anatomical landmarks. The LLM (Llama3.3-70b) focused on
partial information and overlooked a critical component of the gross description: “8.5 cm from
the proximal margin, 12.0 cm from the distal margin.” This positional detail, when analyzed in
full context, provides a clearer indication of the tumor’s location along the colon. However, the
phrase “located within the proximal aspect of the ascending colon” combined with the 8.5cm
proximal margin may have biased the LLM to conclude incorrectly that the tumor resides within
the ascending colon. This confusion highlights a core limitation: the model’s insufficient
understanding of gastrointestinal anatomy and surgical specimen orientation. Moreover, the
LLM's reflections failed to correct this initial misinterpretation, likely due to the core limitation
and lack of deep anatomical reasoning. This case underscores the importance of integrating
domain-specific anatomical knowledge into knowledge engineering with LLMs. The task of
accurately inferring tumor site from clinical notes is particularly challenging, as it demands not
only linguistic comprehension but also a robust spatial understanding of organ structures and
surgical practices. Without such understanding, even advanced language models may
consistently misclassify or oversimplify anatomical descriptions.

We present another case, R044, in Fig. Sb. The gross description did not explicitly specify which
colon section the tumor site is. The descriptions about specimen and margins imply the tumor
located within ascending colon. According to CAP guideline (B. Anatomic Sites)?!, the total
length of cecum and ascending colon is about 29cm maximally. The specimen is 27cm, where
ascending colon is between 18-20cm, and cecum is between 7-9cm. Given that distal margin is
5.5cm and proximal margin is 15cm, no matter what length the ascending colon / cecum has, the
tumor should be within ascending colon. The LLM picked the relevant text from the lengthy
gross description; however, the LLM failed to infer the tumor site correctly, probably due to
misleading by partial information of “Within the cecum, there is a 1.5 cm perforation ...”, as
well as the weakness in geometric and numeric reasoning in the context of complex anatomic
structure. The LLM reflections failed to correct the error for the same weakness.

Next in Fig. 6, we switch the analysis to the effects of reflection by using case R0227 as an
example. Fig. 6a shows that the gross description of multiple lesions and ileum being the largest
part of the specimen may lead the LLM biased towards collecting evidence to support cecum as
major tumor site in both the initial synoptic data estimation and the reflections. Actually, from
the right colon specimen of 17cm with lesion “extends to distal margin” implies the tumor
resides at ascending colon rather than cecum. Fig. 6b shows that, in the initial estimation of
radial margin, the LLM collected the relevance evidence but confused with the concepts about
lesion dimensions and radial margin; however, in reflection process, the LLM correctly identified
and fixed the error. This error made in the initial estimation reveals that the LLM is struggling
with the complex terms in gross description to understand the concepts correctly. In Fig. 6¢, for
distal margin, the LLM accurately captured the right evidence and made correct judgment in both
initial estimation and the reflections. In Fig. 6d, for closest margin, due to previous error of
treating 0.5cm as radial margin, the LLM made the same mistake to assess closest margin as
0.5cm in initial estimation. What even worse is that the LLM did not take the distal margin of
zero into account in estimating closest margin, reflecting the poor understanding of the key
concept. Fortunately, in reflective reasoning, the LLM correctly fixed the error. Finally, in Fig.
6e, we present the estimation of margin status. In the initial estimation, the LLM made wrong
assessment of “All margins negative for invasive carcinoma”, although the LLM considered all
relevant evidence, including “... extends to the distal margin”, which is somewhat ambiguous



about whether to really involve distal margin or not, and the LLM argued that “extends to but
does not involve the distal margin”. In the reflection, the LLM focused on the core evidence and
correctly fixed the previous errors.

Deep reflective reasoning about CD99 immunostaining pattern in Ewing sarcoma

We demonstrate the effectiveness of deep reflective reasoning with a different application —
CD99 immunostaining pattern identification in Ewing sarcoma (EWS), which is a rare bone
cancer in young people. CD99 (also known as MIC2) is an integral membrane glycoprotein
strongly and is diffusely expressed in nearly all EWS tumors, thus being considered an important
factor for the diagnosis of Ewing sarcoma?*-*, CD99 immunostaining pattern is characterized in
combinations of two aspects: (1) membranous vs cytoplasmic, and (2) focal, patchy vs diffuse.
To demonstrate the generality of deep reflective reasoning with different LLMs, in this
application, we use an advanced reasoning LLM — gpt-5.1. Fig. S4a presents the performance
metrics with confusion matrix of CD99 pattern identification by gpt-5.1without reflection. Fig.
S4b presents the performance metrics with confusion matrix of CD99 pattern identification by
gpt-5.1with reflection using back-view of 2 rounds (i.e. for each case, looking back two rounds
of LLM output). The reflective reasoning converged at round 3. The deep reflective reasoning
improves the accuracy from 0.8698 (without reflection) to 0.9271.

Deep reflective reasoning about lung cancer TNM staging

The third application we select to demonstrate deep reflective reasoning is lung cancer TNM
staging with clinical notes. By AJCC7, Tumor Stage is dependent on three variables primary
tumor (pT), Regional Lymph Nodes (pN,) and Distant Metastasis (pM) as presented in Fig. SS.
pT depends on factors of tumor size, tumor extent, tumor nodules, and the extent of tumor
associated atelectasis or obstructive pneumonitis, with more sophisticated relations intwined with
anatomical structures. For this more complex problem, we use back-view of 10 rounds in
reflective reasoning. We execute the reasoning 15 rounds and there are only 2 cases remaining
unconverged. Fig. S3 left panel shows the results of TNM staging estimation by Llama3.3
without reflection. The right panel shows the results by 15 rounds of deep reflective reasoning
with back-view of 10 rounds. The deep reflective reasoning improves the accuracy of pT from
0.8421 to 0.8842, the accuracy of pN from 0.8854 to 0.9479, and the accuracy of tumor stage
from 0.6796 to 0.8333.

Discussion

This article presented our approach to utilizing deep reflective reasoning of LLM for structured
data extraction from unstructured free text of clinical notes in three biomedical applications,
including (1) generating structured pre-synoptic data from gross description of colorectal
cancers, (2) identifying immunohistochemical (IHC) staining patterns from the scanned archived
pathology reports of Ewing sarcoma, curated by the Children’s Oncology Group over 19 years,
and (3) assessing lung cancer TNM staging from clinical notes. Across these settings, reflective
self-critique systematically improved accuracy over a one-pass extraction baseline and reduced
clinically implausible contradictions among extracted variables, supporting the use of LLM
agents to create more reliable machine-operable datasets for digital health.



Reflection®?°-?7 is an important mechanism for improving LLMs' performance. The deep
reflective reasoning method presented in this article is different from most existing reflection
frameworks such as DeepSeek R18, Reflexion?’, and CRITIC?’, which combine with
reinforcement learning paradigm and use external feedback from environment. Our deep
reflective reasoning approach don't need external/additional supervision signal for revision,
instead we use self-correction by self-critics on the consistency between the response of the LLM
and the given facts and knowledge, thus being purely self-reflection, an internal thinking process
of review and revise till converged; and we feed LLM with multiple previous round outputs as a
mechanism to compensate LLMs weakness of without backtracking. Usually, existing
frameworks let an LLM agent reflection for a fixed number of rounds. However, different rounds
typically lead to different results, thus imposing some randomness to the result. We attempt to
conduct much longer reflective reasoning with multiple back-views and stop the reasoning when
the reflection is converged, or at least till a dominating number (such as over 90%) of cases in
question converged.

Our method is inspired by the following observations. With a transformer-based architecture and
self-attention mechanisms?®, an LLM generates output through an autoregressive inference
process where the model iteratively predicts the most probable next token in a sequence based on
the statistical patterns and semantic relationships learned during pre-training with vast amount of
text data. Therefore, essentially an LLM makes reasoning in a sense of statistical reasoning, just
like a seasoned master to answer a question based on his rich experience-grounded intuition.
Logic-based reasoning systems use heuristic search, such as tree-based depth-first or breath-first
search strategy combined with “backtracking” mechanism to search for consistent binding of
values to the requested variables from a large number of possible combinations of variable
values. LLMs do not have mathematically rigor mechanisms to confine their search space within
the specified constraints or implicitly implied constraints of logical relationships among the
attributes of interest, the given facts, and the knowledge to use. As a result, LLMs may generate
output that is inconsistent between the values of variables or inconsistent with facts or
knowledge. However, it is possible to let LLMs to review or criticize the outputs by examining
the possible inconsistencies and revise the output, thus improving the final output. While self-
correction is an interesting and challenging mechanism for LLM agents, our research with the
presented three applications shows that it is feasible for LLM agents to make self-correction
through self-reflection without external feedback from the environment. Even for the advanced
reasoning model such as gpt-5.1, there is still room for improvement through reflection.

From the medical application perspective, the results of our experiments with colorectal cancer
show that it is feasible to utilize deep reflective reasoning for automatic generation of structured
synoptic data from free text of gross description of colorectal cancers. This Al powered
automation in the direction of digital health can simplify the workflow of pathology reporting,
significantly reduce pathologists’ time on the tedious work of reading frequently messy gross
description, improve accuracy in handling the text information, and focus on studying the
pathology slides.

CD99 (MIC2) plays a critical role in Ewing sarcoma diagnosis®***. CD99 immunostaining
patterns were expressed in various free text expression patterns, in addition to data acquisition
challenges since pathology reports were collected by COG from multiple different institutions
over 19 years, with different styles, and collected as scanned PDF documents with various
qualities. We use GPT-5.1, an advanced reasoning LLM, to cope with the problem. By applying



deep reflective reasoning, we improved the accuracy of CD99 pattern identification from 0.8698
to 0.9271. The high accuracy of CD99 pattern identification will enable EWS researchers to
explore its importance in diagnosis, treatment or outcome prediction.

Our experiments with lung cancer TNM staging further reveals that deep reflective reasoning can
help to improve the quality of structured data extraction from unstructured free text, particularly,
for the problems with multiple interdependent variables of interest. The problem we address here
is beyond simple data extraction from text where there are direct and explicit statements, instead
there is the need of reasoning with domain-specific intertwined biomedical relations among
variables. Using standardized structured data in healthcare is a crucial move for the purpose of
enabling machine-operable data and facilitating knowledge discovery with machine learning and
data science towards digital health.

Further research can go in several directions. First of all, reasoning is a core essential capability
that an Al agent as either co-scientist or copilot for clinicians should have. We will extend our
research in the direction of enhancing LLM agents reasoning capability via more effective
knowledge engineering. Secondly, we will extend our LLM facilitated workflow of synoptic
reporting to include image feature recognition from digital slides, to build a copilot for
pathologists. Finally, we will apply deep reflective reasoning in disease diagnosis and prognosis
by using structured data extracted from multiple sources such as encounter notes, progress notes,
pathology reports, CT notes, MRI notes, and others.

In summary, deep reflective reasoning provides an effective, model-agnostic strategy to improve
LLM-based structured information extraction in settings with multiple interdependent clinical
variables. By promoting internally consistent, guideline-aligned outputs, it supports scalable
creation of machine-operable clinical datasets and strengthens the foundation for downstream
analytics and digital health applications.

Methods

Data and data processing

For our first application, we collected 217 colorectal cancer pathology reports across 2010 to
2020 from the UTSW hospitals and clinics. For our project of generating synoptic data from
clinical notes, we extracted out the gross description section of the pathology reports. The
pathologist in our team selected 12 synoptic variables that are possibly read from gross
description. For those gross description, pathology specialty trained medical professionals
annotated the ground truth by using CAP (College of American Pathologists) Cancer Template
for colon and rectum!®. Then, we use the ground truth of those gross description to evaluate the
performance of our method of synoptic data automatic generation by LLM.

For the second application on CD99 staining pattern identification, we randomly selected 200
cases from 932 pathology reports of Ewing sarcoma patients collected and curated by COG. The
EWS expert in the team manually annotated the ground truth, which we used for evaluating the
performance in this application.

For the third application on lung cancer TNM staging, we randomly selected 100 cases from 852
lung cancer pathology reports that we curated. The 852 cases were selected from TCGA Pan-
Lung Cancer dataset (https://www.cbioportal.org/study/summary?id=nsclc_tcga broad 2016)
and excluded some cases with very poor quality of scanning. The certified physicians under



supervise of pathologist in our team manually annotated the 852 pathology reports with ground
truth using AJCC7%,

Knowledge engineering for LLMs

The problems we targeted are all domain-specific, thus needing domain knowledge packages to
support. In our architecture, we use an LLM as a reasoning engine, which owns "general"
knowledge through pre-training with vast amount of various data. Domain knowledge
acquisition for LLMs is significantly simpler and straightforward, compared with tradition
knowledge engineering that need formally represent all knowledge needed. We can simply gather
the relevant domain knowledge in its nature form — text files in a designated directory. To make
those text form of knowledge work best with LLMs, we reorganize them to make them easier for
LLMs to catch and easier to cite. For example, we organize the AJCC7 TNM staging guide as a
set of rules, and each rule is numbered. We organize those knowledge packages as markdown
files.

To use those knowledge packages, we use Llamalndex (https://www.llamaindex.ai/) as tool for
RAG (Retrieval-Augmented Generation®*-3%). The granularity of the text augmentation with RAG
could be in fine-grained level (such as, word as unit) or coarse-grained (such as, paragraph as
unit). In order to avoid missing the conditions for some propositions and keep the completeness
of a piece of knowledge to be used, we use section (of markdown file) as unit in RAG.

Deep reflective reasoning algorithm

Deep reflective reasoning is a multi-round iterative process that facilitates the refinement of
attributes through repeated reflections, conducting self-review and self-correction to ensure
consistency among output variables, input text, and knowledge embeddings. The algorithm
initializes with a set of baseline attributes for each case and iteratively updates these attributes
over a maximum of m rounds. In each round, it reviews the last p rounds of reflections to inform
the current reflection. For each case, if the reflection has not converged, a prompt is constructed
using the input text and the reviewed attributes from previous rounds. This prompt is then used
to query a LLM agent for new attribute values. The LLM agent engages in self-criticism, cross-
checking the consistency of its output variables with the input text and knowledge embeddings,
thereby making self-corrections as necessary. If these new values match those from the previous
round, the case is considered converged; otherwise, it continues to the next round of reflection.
The process stops either when all cases have converged or when the maximum number of rounds
m 1is reached. The output is a comprehensive collection of attributes for all cases across all rounds
of reflection, providing a rich dataset for further analysis.

We present the algorithm of deep reflective reasoning in supplementary Fig S6.
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Figures & Tables

Fig. 1: Overall framework of LLM agents with deep reflective reasoning for facilitating
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Fig. 2: Overall workflow of LLM agents supported synoptic reporting process
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Overall workflow of LLM agents facilitated synoptic reporting process: In current medical
practice, synoptic reports are created by pathologists, after they analyze and interpret
pathological images and synthesize clinical notes. This research leverages LLM agent to extract
synoptic attributes (if they are specified in clinical notes) or infer the attributes (if not specified),
to create default values for the synoptic variables listed in CAP CRC protocol, thus reducing the
burden on pathologists for reading the gross reports (or other clinical notes) in their workflow to
make them focus on more important aspects.



Table 1: Performance metrics of reasoning about synoptic data

a
Synoptic variables Recall Precision
(#): number of possible categories | Accuracy | F1 | (weighted) | (weighted) | Coverage
Procedure (10) 0.8957 109124 | 0.8957 0.9514 0.7512
Macroscopic Evaluation of
Mesorectum (6) 0.9588 |0.9573 0.9588 0.9609 0.7834
Tumor Site (12) 0.8582 10.8484 | 0.8582 0.8580 0.6498
Rectal Tumor Location (4) 0.9675 109586 | 0.9675 0.9607 0.7097
Tumor Extent (9) 0.8198 ]0.7933 0.8198 0.7705 0.5115
Macroscopic Tumor Perforation
3) 0.9610 ]0.9576 | 0.9610 0.9572 0.9447
Closest Margin to Invasive
Carcinoma (8) 0.8986 |0.8912 | 0.8986 0.8942 0.6359
Margin Status for Invasive
Carcinoma (5) 0.9697 109707 | 0.9697 0.9722 0.6083
Average 0.9162 09112 0.9162 0.9156

b

Correct

Synoptic variables Rate MAE RMSE | Coverage
Tumor Size - Greatest dimension (cm) 0.9680 0.1079 | 0.7094 0.8756
Distance of Tumor from Radial Margin (cm) 0.8670 0.5663 1.7153 0.4009
Distance of Tumor from Distal Margin (cm) 0.9760 0.1207 0.8367 0.3779
Distance of Tumor from Closest Margin (cm) 0.7700 0.8469 2.0639 0.5253
Average 0.8953 0.4104 1.3313

a. Metrics for categorical synoptic variables; b. metrics for synoptic numeric variables.




Fig. 3: Confusion matrix for categorical variables and point plots for numeric variables
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b Rectal Tumor Location
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a. Confusion matrix of Tumor Site; b. Confusion matrix of Rectal Tumor Location; ¢. Confusion
matrix of Macroscopic Evaluation of Mesorectum; d. Confusion matrix of Tumor Extent; e.
Confusion matrix of Macroscopic Tumor Perforation; f. Confusion matrix of Margin Status; g.
Confusion matrix of Closest Margin to Invasive Carcinoma; h. Tumor Size; i. Distance of Tumor
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Fig. 4 Analysis of reflections and convergence

a
Predictor/Reflection round | Average F1 Average Correct | Cases revised
(categorical Rate (numeric
variables) variables
llama3.3-70b64k rag03 1byl 0.8277 0.8058 217
Reflection round 1 0.9033 0.8870 195
Reflection round 2 0.9094 0.8953 54
Reflection round 3 0.9052 0.8953 28
Reflection round 4 0.9100 0.8953 27
Reflection round 5 0.9052 0.8953 25
Reflection round 6 0.9104 0.8953 25
Reflection round 7 0.9054 0.8953 25
Reflection round 8 0.9104 0.8953 25
Reflection round 9 0.9054 0.8953 24
Reflection round 10 09112 0.8953 24
Reflection round 11 0.9061 0.8953 24
Reflection round 12 09112 0.8953 24
Reflection round 13 0.9061 0.8953 24
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Gross Description

Specimen A received in formalin, labeled with the patient's name and

'sigmoid colon' is a previously partially opened portion of bowel which
includes distal sigmoid and proximal rectum. It measures 24.0 cm in length
and varies from 2.5 to 4.0 cm in diameter. The proximal resection margin is
stapled. The distal margin is open. There is a moderate amount of attached
pericolonic adipose tissue. The serosal aspect is focally hemorrhagic and
smooth. On opening the bowel the proximal mucosa appears grossly
unremarkable. 11 cm distal to the proximal resection margin the mucosa
reveals an ill-defined, pink-tan, bosselated area measuting 3.5 cm in the long
axis. Just distal to this area there is a circumferential deep ulceration that_
measures 2.0 cm in the long axis. Also seen within the ulger bed is gray /"~
white tumor tissue which has penetrated the full thickness gf the thinned
muscularis and appears to have begun to involve the overlyig pericolonic
adipose tissue. Sectioning through this area reveals a markedly thin %
muscularis in the ulcer bed and a possible perforation at one point. Just distal
to this circumferential ulceration there is a large pocket measuring 3.0 cm in\
greatest dimension. This pocket contains a stony, hard, green-brown, foreign \
body consistent with fecalith. It measures 2.5 cm in greatest dimension and
has a sharp edge. Distal to this foreign body the mucosa is hyperemic and
appears somewhat hypertrophied. Sectioning through this area reveals a
thickened mucosa measuring up to 0.8 cm. Distal to this thickened mucosa
the remaining 3.0 cm of mucosa appears grossly unremarkable to the distal
resection margin. Also received in the same container is a cylindrical wi
mesh stent measuring 13.0 cm in length and 2.5 cm in diameter. Sectionin;
through the pericolonic adipose tissue reveals 19 apparent lymph nodes
ranging in size from 0.3 to 1.2 cm.

Tumor Extent

Ground Truth: “Invades through muscularis propria into the
pericolonic or perirectal tissue”

Margin Status

Ground Truth: “All margins negative for invasive carcinoma”

Tumor Extent: v0 --> vl (Reflection Round 9, 11, 13, ...)

v0: Invades through muscularis propria into the pericolonic or perirectal tissue

v1: Directly invades or adheres to adjacent structure(s)

Explanation: “The tumor extent is consistent with direct invasion of adjacent
structures.”

['the tumor has penetrated the full thickness of the thinned muscularis and appears to
have begun to involve the overlying pericolonic adipose tissue.’]

Margin Status: v0 unchanged (Reflection Round 9)

v0: Invasive carcinoma present at margin

Explanation: “The margin status for invasive carcinoma is identified as present at
margin based on the gross description..”

~ ['Just distal to this area there is a circumferential deep ulceration that measures 2.0

cm in the long axis.']

v

Tumor Extent: v0 --> vl (Reflection Round 10, 12, 14, ...)

v0: Directly invades or adheres to adjacent structure(s)

v1: Invades thlough muscularis propria into the pericolonic or perirectal tissue
Explanation: “The tumor extent is identified as invades through muscularis propria
into the pericolonic or perirectal tissue based on the gross description.”

['the tumor has penetrated the full thickness of the thinned muscularis and appears to
have begun to involve the overlying pericolonic adipose tissue.’]

Margin Status: v0 --> v1. (Reflection Round 10, 11, 12, 13, 14, ...)

v0: Invasive carcinoma present at margin

v1: All margins negative for invasive carcinoma

Explanation: “The margin status for invasive carcinoma is 1dent1ﬁed as all margins
negative for invasive carcinoma based on the gross description..”

['the tumor has penetrated the full thickness of the thinned muscularis and appears to
have begun to involve the overlying pericolonic adipose tissue.', '11 cm distal to the
proximal resection margin']

Analysis: LLM confused “pericolonic adipose tissue” with “adjacent structure(s)”, thus oscillating between two related values of tumor extent.
LLM understood “just distal” as margin positive for tumor and treated “a circumferential deep ulceration” as the tumor.

a. The table shows the average F1 score for all categorical synoptic data estimation, average
correct rate, and the number of cases revised (where the rest of cases remain unchanged, i.e.
converged in reflection) for all numeric synoptic data estimation in the base estimation (one-by-
one query with RAG) and each round of reflective reasoning. b. The curves illustrate the changes
of Average F1 score, the average correct rate, and the convergence rate with the rounds of
reflective reasoning. ¢. An example, case RO130 (which is one of 24 cases not converged in
reflection), showcases the reflection process revises previous estimation and oscillates between

two standard values of tumor extent.




Table 2. Performance comparison with different alternatives

Predictor Average Average Tokens Computing
(with llama3.3-70b) F1 Correct Rate (input; output) time

1. One-by-one QA 0.7577 0.8313 2.647.793: 406,525 | 5.79 hours
without KB

2. One-by-one QA _

with RAG KB 0.8277 0.8058 5,810,655; 481,204 7.16 hours
3. Reflection on one-

by-one QA with RAG

KB 0.9112 0.8953

(Round 10, 18.51 hours
converge@, best) 6.838.020; 1,082,968 (16 rounds
4. Reflection on one- of
by-one QA with RAG reflections)
KB 0.9061 0.8953

(Round 11, worst in
converged)




Fig. 5 Error analysis on tumor site estimation
a

Gross Description

It .consists of a 8.0 cm length by up to 3.3 cm in diameter segment of terminal
ileum, attached to a 18.5 cm in length by up to 7.5 cm circumference segment
of large bowel.

The specimen is opened to reveal a 4.0 cm length by 8.5 cm in circumference
endophytic mass with raised borders (corresponding to the previously
mentioned serosa umbilication) located within the proximal aspect of the
ascending colon, 8.5 cm from the proximal margin, 12.0 cm from the distal
margin and 6.2 cm from the nearest deep/mesenteric margin.

The mass appears to involve the ileocecal valve.

Descending
Transverse
variable)

(10-15¢cm
Distal
. margin:
Right (.:olon 12cm
specimen:
18cm

ecalvalve

lleum:8cm
Sigmoid

colon (variable)
Rectum

(16-20 cm)

Proximal margin:
8.5cm

Anus
Tumor Site (Ground Truth): Cecum

b

—L [

Llama 3.3-70b One-by-one with RAG output:
Tumor Site: Ascending colon

Explanation: “The tumor site is inferred as the ascending colon
because the gross description mentions a mass located within the
%)roxlmal aspect of the ascending colon. Although the mass involves
he ileocecal valve, which is the border between the small intestine
and the large intestine (at the junction of the terminal ileum and
cecum), the primary location of the tumor is described as being in the
ascending colon.”

| ['a 4.0 cm length by 8.5 ¢m in circumference endophytic mass with
raised borders located within the proximal aspect of the ascending
| colon', 'the mass appears to involve the ileocecal valve']

Reflections output:
Tumor Site: Ascending colon

Explanation: “The gross description explicitly states that the tumor is
located in the proximal aspect of the ascending colon..”

['A 4.0 cm length by 8.5 cm in circumference endotphgltic mass with
rallsed]borders.“ located within the proximal aspect of the ascending
colon'

Error Analysis:

The gross description about tumor site is a bit complex. The LLM
focused on partial information and missed key part of “8.5 cm from
the proximal margin, 12.0 cm from the distal margin”. Probably
phrase “located within the proximal aspect of the ascending colon”
and 8.5 cm proximal margin mislead LLM to think that the tumor
involves ascending colon. LLM reflections failed to correct the
error for the same mistakes. The task of inferring tumor site for this
case is more challenge for involving proper understanding of
anatomic structure.

Llama 3.3-70b One-by-one with RAG output:
Tumor Site: Cecum

Explanation: “The tumor description mentions that the mass is located
in the cecum, with a perforation also present in the cecum. The
dimensions and location of the mass suggest that it is primarily
situated in the cecum.”

['Measuring approximately 5.5 cm from the distal resection margin
and greater than 15.0 cm from the proximal resection margin is a fully
circumferential, centrally ulcerated, pink-tan mass with raised
serpiginous borders. The mass is 7.5 x 5.5 cm.!, 'Within the cecum,
there is a 1.5 cm perforation with surrounding induration of mesentery
and fibrinopurulent kinking."]

Reflections output:
Tumor Site: Cecum

Explanation: “The tumor is described as being in the cecum based on
its location relative to the resection margins.”

['A fully circumferential, centrally ulcerated, pink-tan mass with raised
serpiginous borders.', '"Measuring approximately 5.5 cm from the distal
resection margin and greater than 15.0 cm from the proximal resection
margin']

Gross Description
Cecum and ascending bowel: 27.0 cm in length and dilated up to 7.5 cm in
diameter within the proximal cecum
Tumor Description: Measuring approximately 5.5 cm from the distal resection
margin and greater than 15.0 cm from the proximal resection margin is a fully
circumferential, centrally ulcerated, pink-tan mass with raised serpiginous borders.
The mass is 7.5 x 5.5 cm. Grossly, the mass invades the muscularis and the —
pericolonic adipose tissue. ...
Within the cecum, there is a 1.5 cm perforation with surrounding induration of
mesentery and fibrinopurulent kinking. The abscess area is 11.5 x 9.5 cm and
involves the appendix. ...
Descending
Distal Transverse
margin:
5.5cm (10-15cm)
Ascending
colon:
18-20cm
Proximal
margin:
15cm
Cecum: colon !
7-9cm Appendix Sigmoid
Cecum colon (variable)
(6-9cm) Anus Rectum
(16-20 cm)

Tumor Site (Ground Truth): Ascending colon

Error Analysis:

The gross description about tumor is not explicit and needs to be
inferred. The LLM made mistakes in reasoning about tumor site,
although picked relevant text. The mistakes may come from the
weakness in geometric and numeric reasoning or misled by text
about cecum. LLM reflections failed to correct the error.

Error analysis about tumor site estimation for two cases: a. case R014; b. case R044.




Fig. 6 Case analysis of inferring margins with case R0227

a

Gross Description

Specimen A, received in formalin labeled with the patient's name
designated 'terminal ileum, appendix, right colon', is an ileum with
attached cecum, partial right colon and appendix. The terminal ileum
measures 42.0 cm in length x 3.0 cm in diameter. The right colon and
cecum measure 17.0 cm in length X up to 4.0 cm in diameter. The ileal
mucosa demonstrates flattened mucosa with areas of ulceration ranging
in size up to 3.3 cm in greatest dimension. The closest area of
ulceration is located 10.0 cm from the proximal margin. The cecum
demonstrates flattened mucosa with a thickened wall. The right colon
demonstrates an area measuring approximately 7.5 cm in length, which
demonstrates a thickened wall, cobblestoned mucosa, and
stricture, which extends to the distal margin. The serosa is i

1.0 x 0.7 x 0.5 cm. The area of ulceration encroaching into adipose
tissue is located 2.5 cm away from the nearest mesenteric margin.
The appendix measures 5.0 cm in length x 0.6 cm in diameter, and is
unremarkable.

Section Key:

Al - proximal ileal margin

AZWsentative sections of ileum
AS zileocecal valve

A6, AT - representative sections of cecum and right colon

A23-A26- additional sections of tumor to serosal surface

One-by-one with RAG output:
Tumor Site: Cecum

Explanation: “The tumor site is inferred to be the cecum based on
the description of the cecum demonstrating flattened mucosa with a
thickened wall, and the presence of the ileocecal valve (A5) which is
a landmark for the junction between the ileum and the cecum.
Additionally, sections A6 and A7 are representative of the cecum
and right colon, Mting that the tumor involves the cecum.”

| Reflections output:
Tumor Site: Cecum

Explanation: “The tumor site is identified as the cecum based on the
description of the specimen.”

['The cecum demonstrates flattened mucosa with a thickened wall.']

Tumor Site - Ground Truth: Ascending colon

Error Analysis: The gross description states multiple lesions. The
LLM misjudged major lesion and picked wrong pieces of text rather
than right ones as evidence, leading to wrong conclusion in the
initial estimation. The LLM reflections failed to correct the error for
the same wrong perspective.

Gross Description

Specimen A, received in formalin labeled with the patient's name
designated 'terminal ileum, appendix, right colon', is an ileum with
attached cecum, partial right colon and appendix. The terminal ileum
measures 42.0 cm in length x 3.0 cm in diameter. The right colon and
cecum measure 17.0 cm in length x up to 4.0 cm in diameter. The ileal
mucosa demonstrates flattened mucosa with areas of ulceration ranging
in size up to 3.3 cm in greatest dimension. The closest area of
ulceration is located 10.0 cm from the proximal margin. The cecum
demonstrates flattened mucosa with a thickened wall. The right colon
demonstrates an area measuring approximately 7.5 cm in length, which
demonstrates a thickened wall, cobblestoned mucosa, and an area of
stricture, which extends to the distal margin. The serosa is inked black.
No discrete masses are identified. Multiple lymph nodes are identified,
some of which are grossly positive, and are completely submitted.
Further sectioning through the area of ulceration reveals an area of 4~
invasion into the surrounding adipose tissue measuring approximately
1.0 x 0.7 x 0.5 cm. The area of ulceration encroaching into adipose , |

The appendix measures 5.0 cm in length x 0.6 cm in diameter, and is
unremarkable.

Section Key:

ALl - proximal ileal margin

A2-A4 - representative sections of ileum

AS - ileocecal valve

A6, A7 - representative sections of cecum and right colon

A23-A26- additional sections of tumor to serosal surface

tissue is located 2.5 cm away from the nearest mesenteric margin, +—_

One-by-one with RAG output:
Distance of Tumor from Radial Margin (cm): 0.5

Explanation: “The distance from the tumor to the radial margin is
inferred based on the description of the area of ulceration
encroaching into adipose tissue, which is located 2.5 cm away from
the nearest mesenteric margin. However, since the tumor invades
into the surrounding adipose tissue with a dimension of 0.5 cm, it
can be inferred that the distance from thie tumor to-the radial margin
is approximately 0.5 cm or less, given the cortext of 'invasion into

Explanation: “The distance from the tumor to the radial margin is
estimated based on the description.”

—['The area of ulceration encroaching into adipose tissue is located

2.5 cm away from the nearest mesenteric margin.']

Distance of Tumor from Radial Margin (cm) - Ground Truth:
2.5

Error Analysis: LLM collected relevant evidence but
misunderstood and confused concept of radial margin with lesion
dimensions, leading to wrong conclusion. LLM reflections correctly
fixed the error.



Gross Description

Specimen A, received in formalin labeled with the patient's name
designated 'terminal ileum, appendix, right colon', is an ileum with
attached cecum, partial right colon and appendix. The terminal ileum
measures 42.0 cm in length x 3.0 cm in diameter. The right colon and
cecum measure 17.0 cm in length x up to 4.0 cm in diameter. The ileal
mucosa demonstrates flattened mucosa with areas of ulceration ranging

in size up to 3.3 cm in greatest dimension. The closest area of _

ulceration is located 10.0 cm from the proximal margin. The cecum—
demonstrates flattened mucosa with a thickened wall. The right colon
demonstrates an area measuring approximately 7.5 c/mérﬂ/ength, which
demonstrates a thickened wall, cobblestoned I/nuco/éa, and an area of
stricture, which extends to the distal murginf The serosa is inked black.
No discrete masses are identified. Multiple lymph nodes are identified,
some of which are grossly positive, and are completely submitted.
Further sectioning through the area of ulceration reveals an-area of
invasion into the surrounding adipose tissue measuring approximately
1.0 x 0.7 x 0.5 cm. The area of ulceration encroaching into adipose\
tissue is located 2.5 cm away from the nearest mesenteric margin.

The appendix measures 5.0 cm in length x 0.6 cm in diameter, and is
unremarkable.

Section Key:

ALl - proximal ileal margin

A2-A4 - representative sections of ileum

A5 -ileocecal valve

A6, A7 - representative sections of cecum and right colon

A23-A26- additional sections of tumor to serosal surface

One-by-one with RAG output:
Distance of Tumor from Distal Margin (cm) : 0

Explanation: “The tumor extends to the distal margin, indicating that
the distance between the tumor and the distal margin is 0 cm. This is
inferred from the phrase 'which extends to the distal margin' in the
_gross description.”

Reflections output:

Distance of Tumor from Distal Margin (cm) : 0

Explanation: “The tumor is described as extending to the distal
margin.”

['The right colon demonstrates an area measuring approximately 7.5
cm in length, which demonstrates a thickened wall, cobblestoned
mucosa, and an area of stricture, which extends to the distal
margin.']

Distance of Tumor from Distal Margin (¢cm) - Ground Truth: 0

Case analysis: Both the base LLM predictor and the LLM
reflections correctly inferred the distal margin.

Gross Description

Specimen A, received in formalin labeled with the patient's name
designated 'terminal ileum, appendix, right colon', is an ileum with
attached cecum, partial right colon and appendix. The terminal ileum
measures 42.0 cm in length x 3.0 cm in diameter. The right colon and
cecum measure 17.0 cm in length x up to 4.0 cm in diameter. The ileal
mucosa demonstrates flattened mucosa with areas of ulceration ranging
in size up to 3.3 cm in greatest dimension. The closest area of
ulceration is located 10.0 cm from the proximal margin. The cecum
demonstrates flattened mucosa with a thickened wall. The right colon
demonstrates an area measuring approximately 7.5 cm in length, which
demonstrates a thickened wall, cobblestoned mucosa, and an area of
stricture, which extends to the distal margin. The serosa is inked black.
No discrete masses are identified. Multiple ly nodes are identified,
some of which are grossly positive, and are completely submitted.

1.0 x 0.7 x 0.5 cm. The area of ulceration encroaching into adipos|
tissue is located 2.5 cm away from the nearest mesenteric margin.
The appendix measures 5.0 cm in length x 0.6 cm in diameter, and is
unremarkable.

Section Key:

Al - proximal ileal margin

A2-A4 - representative sections of ileum

A5 - ileocecal valve

A6, AT - representative sections of cecum and right colon

A23-A26- additional sections of tumor to serosal surface

One-by-one with RAG output:
Distance of Tumor from Closest Margin (cm): 0.5

Explanation: “The closest margin to the tumor is the mesenteric
margin, which is 2.5 cm away from the area of ulceration
encroaching intg’adipose tissue. However, since the tumor has
invaded into the surrounding adipose tissue with a dimension of 0.5
cm, we can infer that the distance from the tumor to the closest
margin is Jess than or equal to 0.5 cm, given the context of radial
margin assessment.” ///

)(eﬂeg;ien/s output:

/ Bféf;mce of Tumor from Closest Margin (cm): 0

Explanation: “The tumor is described as extending to the closest
margin.”

['The right colon demonstrates an area measuring approximately 7.5
cm in length, which demonstrates a thickened wall, cobblestoned
mucosa, and an area of stricture, which extends to the distal
margin.']

Distance of Tumor from Closest Margin (cm) - Ground Truth: 0

Error Analysis: Probably due to the mistake made on radial margin,
the LLM made the same mistake again; and even worse, the LLM
failed to take into account of distal margin of zero, reflecting
insufficient understanding of what is closest margin. The LLM
reflections correctly fixed the error.




Gross Description

Specimen A, received in formalin labeled with the patient's name
designated 'terminal ileum, appendix, right colon', is an ileum with
attached cecum, partial right colon and appendix. The terminal ileum
measures 42.0 cm in length x 3.0 cm in diameter. The right colon and
cecum measure 17.0 cm in length x up to 4.0 cm in diameter. The ileal

in size up to 3.3 cm in greatest dimension. The closest area of 4
ulceration is located 10.0 cm from the proximal margin. The cecum
demonstrates flattened mucosa with a thickened wall. The right colon
demonstrates an area measuring approximately 7.5 cm in length, which
demonstrates a thickened wall, cobblestoned mucosa, and an area of X
stricture, which extends to the distal margin. The serosa is inked black.

some of which are grossly positive, and are completely submitted.
Further sectioning through the area of ulceration reveals an area of
invasion into the surrounding adipose tissue measuring approximately
1.0 x 0.7 x 0.5 cm. The area of ulceration encroaching into adiposg///
tissue is located 2.5 cm away from the nearest mesenteric margin.
The appendix measures 5.0 cm in length x 0.6 cm in diameter, and is
unremarkable.

Section Key:

Al - proximal ileal margin

A2-A4 - representative sections of ileum

A5 - ileocecal valve

A6, A7 - representative sections of cecum and right colon

A23-A26- additional sections of tumor to serosal surface

mucosa demonstrates flattened mucosa with areas of ulceration ranging | —

One-by-one with RAG output:
Margin Status: “All margins negative for invasive carcinoma’

Explanation: “The gross description indicates that the closest area of
ulceration is 10.0 cm away from the proximal margin, and the area
of invasion into the surrounding adipose tissue is 2.5 cm away from

_tthe nearest mesenteric margin. This suggests that the tumor is not

present at the margins. Additionally, the serosa is inked black, which
helps to identify the margin. There is 110 indication of tumor
involvement at the distal margin,-as the stricture extends to but does
not involve the distal margin"

No discrete masses are identified. Multiple lymph nodes are identified, | \

Reflections output:
Margin Status: “Invasive carcinoma present at margin”

Explanation: “The margin status is estimated as invasive carcinoma

<[ present at the margin based on the description.”

['The right colon demonstrates an area measuring approximately 7.5
cm in length, which demonstrates a thickened wall, cobblestoned
mucosa, and an area of stricture, which extends to the distal
margin.']

Margin Status - Ground Truth: “Invasive carcinoma present at margin”

Error Analysis: In initial estimation, the LLM made wrong judgment,
although it considered all relevant evidence, including somewhat
ambiguous description of “extends to the distal margin”, which the LLM
argued that “extends to but does not involve the distal margin.” The LLM
reflections correctly fixed the error.

This figure demonstrates the effects of reflective reasoning through error analysis with case
R0227 as an example, where in the initial estimation, the LLM (Llama3.3-70b) frequently made
mistakes due to confusing with key concepts for improper understanding and biased in judgment
with partial or secondary evidence; fortunately, the LLM could identify and fix most of the errors
in its reflective reasoning. a. Inferring Tumor Site, the LLM’s initial estimation was incorrect due
to wrong judgment with wrong evidence; the LLM reflections failed to correct for the same
wrong perspective. b. Inferring Radial Margin, the LLM’s initial estimation was wrong due to
wrong with concepts; the LLM reflections correct the error. ¢. Inferring Distal Margin, the LLM
made correct judgment in both initial estimation and reflections. d. Inferring Closest Margin, the
LLM’s initial estimation made the same mistake as in b and missed key information of zero
distal margin; the LLM reflections successfully fixed the problem. e. Inferring Margin Status, the
LLM made mistake due to somewhat ambiguous gross description; the LLM reflections correctly

fix the error.




Supplementary materials

Fig. S1 Prompt used for one-by-one query

f"""You are an Al Assistant that follows instructions extremely well. You work as a
pathologist assistant helping to extract and infer structured pathology synoptic data from
clinic notes in the field of Colon and Rectum Carcinoma.

# **Tasks**

Based on the facts given in **Gross Description** section, infer the standard value for
synoptic data element "{var}", by selecting one value from the following list of possible
standard values

{values}.

Output your answer in JSON format as follows.

{

"{var}": "<Inferred value>",

"{var} - Description": "<List each piece of original text extracted from the gross
description related to the variable.>",

"{var} - Explanation": "<Explanation of inference>",

"{var} - Belief Degree": "<A real number between 0 and 1, indicating your degree of belief
in the inferred value.>"

}

Only output the queried JSON data, nothing else.

# **Gross Description**
<Gross Description>
{gross_description}
</Gross Description>




Fig. S2 Prompt used for reflections

f"""You are an Al Assistant that follows instructions extremely well. You work as a
pathologist assistant helping to extract and infer structured pathology synoptic data from
clinic notes in the field of Colon and Rectum Carcinoma.

# **Instructions**

Your overarching goal is to estimate the synoptic data elements from the input **Gross
Description** of a colorectal cancer pathology report.

Before you start, review the following data, given in the **Input Data** section:
1. **Gross Description**

2. **Relevant Knowledge**

3. **Synoptic Data Template**

4. **Synoptic Data Estimation** (initial synoptic value assignments)

Synoptic data elements are interdependent to each other. Consider the associations
among them. The values assigned to synoptic data variables may become inconsistent,
when the combinations of the values cannot be true at the same time. There are two
types of inconsistencies as follows:

* Type 1 - Inconsistencies with facts: Inconsistencies between the value of a variable and
the facts given in **Gross Description**. This type of inconsistencies occur, when the
related text in **Gross Description** cannot be interpreted as a variable value given in
**Synoptic Data Estimation**. Note that any variable value given in **Synoptic Data
Estimation** should be a standard value listed in **Synoptic Data Template**; however,
the terms used in **Gross Description** are free text without constraints, therefore, the
standard value of a variable may be different to the corresponding gross description text;
however the text in **Gross Description** can imply or be interpreted as that standard
value. This type of term difference is **NOT** inconsistency.

* Type 2 - Inconsistencies among the values of variables: Inconsistencies among values

of interdependent variables, that is, the value of a variable and the value of another
variable cannot be true at the same time.

{inconsistence_examples}

(to continue)




## **Tasks**

* Review the initial synoptic value assignments given in **Synoptic Data Estimation** to
identify inconsistencies. Pay attention that a difference between (a) the non-standard
value description in **Gross Description** and (b) the best-matching standard value
listed in **Synoptic Data Template** should not be regarded as an inconsistence. For
example, *Tumor Site* was assessed as "Ascending colon" but tumor was described in
"right colon" in gross description; this case **is not an inconsistence** and **don't
change initial value of "Ascending colon" to "Right colon", unless you are very certain that
the tumor is indeed at cecum.

* Revise the initial synoptic value assignments given in **Synoptic Data Estimation** to

minimize the identified inconsistencies, that is, (1) to make synoptic value assignments

consistent with facts, and use the standard values listed in **Synoptic Data Template**;
(2) to make synoptic value assignments consistent with each other.

* Hints:

(1) If the gross description says tumor extending to an adjacent organ outside colon or
rectum, the consistent value of "Tumor Extent" should be "Directly invades or adheres to
adjacent structure(s)".

(2) Discern the meanings of different standard values of "Tumor Extent", particularly the
following ones,

"Directly invades or adheres to adjacent structure(s)" means that the tumor extends to
other organs outside of colon or rectum;

"Invades visceral peritoneum (including tumor continuous with serosal surface through
area of inflammation)" means that tumor reaches the outmost of colon and rectum;
"Invades through muscularis propria into the pericolonic or perirectal tissue" means that
tumor has penertrated through muscularis propria but still within the boundary of
colorectal structures;

"Invades into muscularis propria" means that tumor is still within muscularis propria.

(3) "Invades through muscularis propria into the pericolonic or perirectal tissue" is quite
different from "Invades into muscularis propria". Pay close attention to which case the
gross description states, and avoid confusing "invades through" and "invades into".

## **Requirements**

### **JSON Output**
Output all of your answers to all synoptic data element together in a flatten JSON data
structure, as follows.

{

"<var_1>": "<for variable_1, inferred a proper standard value, listed in **Synoptic Data
Template**>",

(to continue) [—




"<var_1> - Description": "<A list of the selected pieces of **original text** extracted from
the gross description, which serve as supporting evidence for the estimation of
variable_1>",

"<var_1> - Explanation": "<Explanation of inference for variable_1, including why to revise
the value, if you revised.>",

"<var_1> - Belief Degree": "<Areal number between 0 and 1, indicating your degree of
belief in the inferred value.>"

"<var_n>": "<for variable_n, inferred a proper standard value, listed in **Synoptic Data
Template**>",

"<var_n> - Description": "<A list of the selected pieces of **original text** extracted from
the gross description, which serve as supporting evidence for the estimation of
variable_n>",

"<var_n> - Explanation": "<Explanation of inference for variable_n, including why to revise
the value, if you revised.>",

"<var_n> - Belief Degree": "<Areal number between 0 and 1, indicating your degree of
belief in the inferred value.>"

}
Don't output anything else beyond the above JSON data.

### **Review and revise**

* Review the initial synoptic value assignments given in **Synoptic Data Estimation**
carefully.

* Make revisions to initial values, only if you are sure they are inconsistent.

* Make revisions, only if the revisions make overall inconsistence decrease.

### **Standard Synoptic Values**

When you review and revise, **make sure to use a standard value** listed in **Synoptic
Data Template**.

When dealing with the non-standard description of the facts presented in **Gross
Description**, select a best suitable standard value listed in **Synoptic Data Template**.

### **Discern Special Standard Values**

Discern the difference between values "Not applicable", "Cannot be determined", and
"Not specified".

* "Not applicable" means that the synoptic variable is not applicable to the case, e.g. if
tumoris not in rectum, then variables *Macroscopic Evaluation of Mesorectum* and
*Rectal Tumor Location* become "Not applicable".

* "Cannot be determined" means that there is not enough information to estimate a
value for a variable.

* "Not specified" means that there is no information about the variable at all.

(to continue)




# **Input Data**

1. **Gross Description**
<Gross Description>
{gross_description}
</Gross Description>

2. **Relevant Knowledge**
<Relevant Knowledge>
{knowledge_packages}
</Relevant Knowledge>

3. **Synoptic Data Template**

<Synoptic Data Template>

The Synoptic Data Template is in JSON format, where a key is a synoptic data element
name (variable), and the key's value is a list of the possible standard values of that
synoptic data element.

{CAP_template}
</Synoptic Data Template>

4. **Synoptic Data Estimation** (initial synoptic value assignments)

<Synoptic Data Estimation>

The estimated synoptic data values are provided in JSON format, where a key is a
synoptic data element name (or variable), and the value to the key is the synoptic data
element value.

{synoptic_data_estimation}
</Synoptic Data Estimation>




Fig. S3 Error analysis of case R0016

Gross Description

The tumor is centrally ulcerated and has

extending to the serosa. The tumor
invades into the pancreas.

AN

eroded through the muscularis propria,

Reflection round 10,12,14,16, ...

“Tumor Extent”: “Invades through muscularis propria
into the pericolonic or perirectal tissue”

“Explanation”: “The tumor extent is revised to 'Invades
through muscularis propria into the pericolonic or
perirectal tissue' because the tumor has eroded

T~ through the muscularis propria and extended to the

serosa.”

| T

Ground truth:

“Directly invades or adheres to adjacent
structure(s)”

Reflection round 11,13,15, ...

“Tumor Extent”: “Directly invades or adheres to
adjacent structure(s)”

“Explanation”: “Since the tumor invades into the
pancreas, it directly invades or adheres to an adjacent
structure.”

In this case, LLM focused its attention on partial information rather than the whole. In reflection
round 10, LLM correctly identified the first part of relevant information “eroded through the
muscularis propria, extending to the serosa”, but neglected the second part “invades into the
pancreas”, which is more critical. In round 11, LLM accurately caught the key information, and
predict tumor extent correctly. However, in the next round, LLM flipped back to the wrong end.




Fig. S3 Deep reflective reasoning for lung TNM staging

Left: Initial estimation
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Right: Round 15 with backtracking 10
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Comparing confusion matrixes of key variables in initial TNM estimation and the result after
15 rounds of deep reflective reasoning with backtracking 10 steps. At round 15, most cases
converged in deep reflective reasoning and only 2 cases left unconverged. The performance
of Tumor Size and Histologic Type remain unchanged, holding correct rate of 0.964 and
accuracy of 0.9896 respectively. The core variables have improved accuracy, pT from 0.8421
to 0.8842, pN from 0.8854 to 0.9479, and Tumor Stage from 0.6795 to 0.8333.



Fig. S4 Deep reflective reasoning for CD99 pattern
a. Initial CD99 pattern identification
CD99 Pattern
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b. Converged at round 3 with backtracking 2

A. Membranous diffuse

B. Membranous patchy -

C. Focal membranous -

D. Membranous -

Reference

E. Cytoplasmic diffuse -

G. Cytoplasmic -

H. Cytoplasmic and membranous -

1. Not specified -

Accuracy: 0.9271

95% CI: [0.8906, 0.9635]
F1 (weighted): 0.9252
Recall (weighted): 0.9271
Precision (weighted): 0.93
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a. After round 15 with backtracking 3
CD99 Pattern - Exclude Reference Uncertainty
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Fig. S5 Lung cancer TNM staging AJCC7 rules

DEFINITIONS OF TNM

Primary Tumor (T)

X Primary tumor cannot be assessed, or tumor
proven by the presence of malignant cells in spu-
tum or bronchial washings but not visualized by
imaging or bronchoscopy

TO  No evidence of primary tumor

Tis  Carcinoma in situ

Tl  Tumor 3 cm or less in greatest dimension, sur-
rounded by lung or visceral pleura, without bron-
choscopic evidence of invasion more proximal than
the lobar bronchus (i.e., not in the main bronchus)*

Tla  Tumor 2 cm or less in greatest dimension

T1b  Tumor more than 2 cm but 3 cm or less in greatest
dimension

T2  Tumor more than 3 cm but 7 cm or less or tumor with
any of the following features (T2 tumors with these
features are classified T2a if 5 cm or less); Involves
main bronchus, 2 cm or more distal to the carina;
Invades visceral pleura (PL1 or PL2); Associated with
atelectasis or obstructive pneumonitis that extends to
the hilar region but does not involve the entire lung

T2a  Tumor more than 3 cm but 5 cm or less in greatest
dimension

T2b  Tumor more than 5 cm but 7 cm or less in greatest
dimension

T3  Tumor more than 7 cm or one that directly invades
any of the following: parietal pleural (PL3), chest
wall (including superior sulcus tumors), dia-
phragm, phrenic nerve, mediastinal pleura, pari-
etal pericardium; or tumor in the main bronchus
(less than 2 cm distal to the carina* but without
involvement of the carina; or associated atelecta-
sis or obstructive pneumonitis of the entire lung
or separate tumor nodule(s) in the same lobe

T4  Tumor of any size that invades any of the follow-
ing: mediastinum, heart, great vessels, trachea,
recurrent laryngeal nerve, esophagus, vertebral
body, carina, separate tumor nodule(s) in a differ-
ent ipsilateral lobe

*The uncommon superficial spreading tumor of any size with
its invasive component limited to the bronchial wall, which may
extend proximally to the main bronchus, is also classified as T1a.

Regional Lymph Nodes (N)

NX  Regional lymph nodes cannot be assessed

NO  No regional lymph node metastases

N1  Metastasis in ipsilateral peribronchial and/or ipsilat-
eral hilar lymph nodes and intrapulmonary nodes,
including involvement by direct extension

N2 Metastasis in ipsilateral mediastinal and/or subcari-
nal lymph node(s)

N3  Metastasis in contralateral mediastinal, contral-
ateral hilar, ipsilateral or contralateral scalene, or
supraclavicular lymph node(s)

Distant Metastasis (M)

MO  No distant metastasis

M1  Distant metastasis

Mla Separate tumor nodule(s) in a contralateral lobe
tumor with pleural nodules or malignant pleural
(or pericardial) effusion*

MI1b Distant metastasis (in extrathoracic organs)

From Goldstraw P, Crowley ], Chansky K, et al.: The IASLC
Lung Cancer Staging Project: Proposals for the revision of the
TNM stage groupings in the forthcoming (seventh) edition of
the TNM classification of malignant tumours. ] Thorac Oncol
2:706-714, 2007, with permission.

*Most pleural (and pericardial) effusions with lung cancer are
due to tumor. In a few patients, however, multiple cytopatho-
logic examinations of pleural (pericardial) fluid are negative for
tumor, and the fluid is nonbloody and is not an exudate. Where
these elements and clinical judgment dictate that the effusion
is not related to the tumor, the effusion should be excluded as a
staging element and the patient should be classified as MO0.

ANATOMIC STAGE/PROGNOSTIC GROUPS

Occult carcinoma TX NO MO
Stage 0 Tis NO MO
Stage TA Tla NO MO
T1b NO MO
Stage IB T2a NO Mo
Stage ITA T2b NO MO
Tla N1 MO
T1b N1 MO
T2a N1 MO
Stage IIB T2b N1 MO
T3 NO MO
Stage IITA Tla N2 MO
T1b N2 MO
T2a N2 MO
T2b N2 MO
T3 N1 MO
T3 N2 MO
T4 NO MO
T4 N1 MO
Stage IIIB Tla N3 MO
T1b N3 MO
T2a N3 MO
T2b N3 MO
T3 N3 MO
T4 N2 MO
T4 N3 MO
Stage IV Any T Any N Mla
Any T Any N MIlb



Fig. S6 Deep reflective reasoning algorithm

Algorithm: Deep reflective reasoning
Inputs:
m — maximum rounds of reflections.
p - number of back-views (last b rounds to review in reflection).

case_set — each case has id and input text)

records® — baseline attributes (variable-value pairs at round @) of all cases.
Output:

records — the collection of attributes (variable-value pairs) of all cases

in all rounds of reflection

# initialize
records = records@
for case in case_set:
initialize flag case_converged to @ # value k (>0) indicates converged at round k

for k = 1 to m: # reflection round k
cases_updated = 0
for case in case_set:
# for the case, get the estimated attributes from last p rounds (or till round @)
v_p = get_records(records, case, p)
if case_converged ==
prompt <- construct prompt with reflection template, input text, and v_p
response = query_1llmAgent(prompt)
v = extract_record(response)
records <- update record with v — the new attribute values at round k
if v==v_(k-1):
case_converged = k
else:
cases_updated += 1
else: # case converged at a previous round (indicated by value case_converged > 0
records <— fill round k record with the values at the round case converged
if case_updated ==
break # reflection converged, stop
return records




