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Abstract @

Cancer is one of the leading causes of global mortality. Despite recent advan
in cancer detection and treatment, survival rates are still unacceptably low, T
current solutions, such as Specialized models and Large Language Mo e
limited in ability and often experience limitations such as hallucinations.

To address these challenges, we developed novel MMAKER (MWedAI
Agents with Knowledge-Enhanced Reasoning), a multi-agent frame at ermy
hances survival prediction accuracy, condition diagnosis, and c r Jreatment
planning and decision support for doctors. Our system integrages $ specialized
analyst agents to form an Al Multi-Disciplinary Team (MD'E): thology, 3
for genomics, 1 for clinical analysis, and 1 for survival prety , integrated by
meta-agents and a central reasoning agent. Another ke ation is MedPred,
a multimodal survival prediction model that evaluajs ts’ pathology, ge-
nomics, and clinical data of patients to improve %os' prediction. To reduce

the hallucination of Al agents, we developed anWL.M-enhanced knowledge base
combining vector and graph representations ert-curated resources that
enhance output reliability by 17.2% on Med ng dataset. Furthermore, re-
inforcement learning with chain-of-though optimization ensures the LLM
reasoning is transparent. We evaluate MAKER on Visual Question An-
swering (VQA) dataset PathVQA, su rediction tasks, and oncologist-led
response quality assessments. monstrate that our system outperforms
state-of-the-art unimodal and m al models, achieving up to 72.7% sur-
vival prediction accuracy and dglivefing mdye reliable natural language responses.
These improvements highli an provide more holistic patient
evaluation and cIinicaI.de ncologists, especially those in rural

areas. \

Keywords:  Multi-ag systems; arti cial intelligence in oncology; cancer survival pre-
diction; multimodal anadsis; large language models; chain-of-thought reasoning; personalized
medicine; medical k IgMge base
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1 Introduction Goal (b’s
1.1 Background Research and Motivation $

Cancer remains a critical global health challenge and a leading cause of mortali wide.
According to updated reports from the Global Cancer Observatory in 2024, ther&ywere ap-
proximately 22 million new cancer cases diagnosed globally last year. Furtmore, Qngoing
respiratory health impacts from the COVID-19 pandemic have contribut ise ¥ lung
nodule detections, with recent studies indicating that nearly 35% of lu les larger than
10mm carry malignant potential. China’s vast population accounts fogb®ut 24.5% of these
global cancer cases. Current data from the American Cancer §0(@ 2025 identi es lung
cancer as the most prevalent cancer type among males, while b ancer remains the most
common among females. Q

Despite advances in cancer detection and therapy, gUry utcomes for most cancers
remain low. For example, the global ve-year survival rate pancreatic cancer remains
among the lowest at around 10{13%. For lung cancer, S\Wyvival averages only 10{20% in many
regions, re ecting its high lethality despite improvem IN targeted and immunotherapies.
Even for breast cancer survival in some countries alls well below 70%. These statistics
underscore the urgent need for improved pregy and diagnostic technologies to better
manage cancer recurrence risks and surviva@sting worldwide.
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4 ure 1: Cancer Statistics [2], [4].

L&amily hl bile duct cancer, we have seen the pain and stress that cancer
. )

D

causes to watie ur family members. Consequently, we wish to innovate a technol-
o] th£ can imprdre,the lives of cancer patients. First, we hope to enable early diagnosis

f ®er by leverMing multimodal data analysis, thereby expanding the range of medical
egyhent g s and improving patient outcomes through holistic and personalized can-
cer care. SERONY, to accurately calculate risk and survival predictions by analyzing complex
actors such as metastasis, recurrence, and treatment responses, addressing key challenges
faced by oncologists in formulating e ective treatment plans. Through communication with

& doctors from the Fudan University Cancer Center, we learned that the main challenge doc-

Rate per 100,000 populatio

.tors currently face when helping cancer patients is with formulating treatment plans based
onythe patient’s metastasis, recurrence, survival prediction for di erent types of treatment.



Risk prediction refers to analyzing risk factors in order to estimate the probability that &

cancer will re-occur in a patient after treatment. Addressing these challenges require

amount of multimodal data analysis for accurate prediction, which could be improve

the help of Al. Third, to provide cancer care recommendations and communica elWely

with patients using large language models enriched with professional cancer k%ge and

up-to-date information, ensuring high-quality natural language interactions. un®erstand

the queries of the patients and provide high quality conversation to con\%j ysis Rgsults,
pr

systems also need professional medical knowledge and natural languag essing” ability.

*
In order to provide more comprehensive and accurate analysi Nlnteractions with natural
language for doctors. My project introduces 4 main contri |O§)

1) We created a novel multi-agents framework, compo%easoning agent, Meta agents
and Specialized agents, such as clinical record analys{ and hology analyst, genomics ana-
lyst etc., forming an Al Multi-Disciplinary Team (MDTxupport cancer clinical decision
making.

2) We developed a novel specialized tool for c@r survival prediction, which utilizes mul-
timodal data from pathology, genomics, and gig edical domains to holistically evaluates

a patient for accurate prognosis prediction.
3) We developed an expert cancer E;: le§ge base with LLM-enhanced optimized intel-

1.2 Main Contributions @Q

ligent chunking and enhanced catego to support the Multi Agents analysis for the
cancer patient.
4) We investigated and implew oncolo@ist’s Chain of Thoughts (COT) when evalu-

ating a cancer patient into our rei ing agents i einforcement Learning (RL).
*

1.3 Related Works

Existing solutions for canceMpatient evaluation include Specialized models and Large Lan-

guage Models. Specili models are specialized to a particular task within a medical domain;
therefore, one Spge model does not su ce in representing the whole medical domain.
Traditional spedal multi al algorithms require multiple data types for accurate anal-

ysis, but the matchg odal patient datasets to support their analysis. Moreover,
pathology and genomigsyd®taften result in severe data imbalance during fusion. LLMs, on

inform@atidg when p g crossmodal analysis, leading to more hallucinations.
Speggialized
For.most medidgyfsettings, many doctors or professionals choose to use specialized algo-
; . Thesg algorithms are specially trained for professional medical tasks such as diagnos-
@urviv&@sk prediction. Some of the most recent include MeTra [7], MCAT [8], SNN
9] etc. The aylvehtages of these algorithms are they include a wide dataset of related medical
data and are trained on specialized cancer data.
However, the main issues of specialized algorithms is that they lack adequately matched
Q multimodal patient data. Not all patients have complete data across all medical domains
% «ue to variations in testing availability, costs, and clinical practices, resulting in missing and
heferogeneous data that complicate data integration. Another critical issue in these models is

4
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the fusion of pathology and genomics data, which often results in severe data imbalance. g
imbalance arises because pathology data, such as high-dimensional images, and geno %a,
consisting of sparse molecular features, have fundamentally di erent structures, scg%
noise levels. These challenges are further exacerbated by the scarcity of large,
matched datasets and di culties standardizing data collected from diverse source

Another signi cant challenge that traditional models face is that they tengo sf¥ecialize

nd
tated

in very narrow tasks within their medical domain. This occurs because mogdels are
trained on speci ¢ datasets representing distinct conditions or features, lifnitigg their ability
to recognize or interpret a wider range of abnormalities within the edical domain.

This narrow specialization means that relying on a single domain-s model is insu cient

to fully represent the complexity of a medical domain, as each @I focuses on dierent
subsets of features or diseases. Additionally, models trained og=liN¢ed or homogeneous data
may struggle with generalization and robustness when en nQ@g out-of-distribution cases

or rare conditions. Consequently, multiple specialized m r a multi-agent framework is
often necessary to comprehensively cover the diverse @@agno tasks within a medical domain
while maintaining high accuracy across various path pes and clinical scenarios.

Co Dual Cross Attention Q
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2: Examples of specialized models (BioFusionNet)

Medical B&Lang

Medical large lang eIs are algorithms that have the capability to understand nat-
ural la age inpu Wdlcal answer questions entered by the users. Examples include
LLaVA- [13] C%Il; M [14] and HuatuoGPT [15]. In the medical eld, there has also
been g increa er of medical large language models due to their e ciency in com-
nlcagmg W|th p ts. However, despite their ability to utilize and understand natural
ge i medlcal large language models lack specialized training in medical elds
as sp%ancer types. This often leads to the generation of incorrect information, or
he presenceYof hallucination in natural language responses when asked a specialized ques-
tlon related to cancer. Additionally, their reasoning processes lack transparency, making it
challenging for users to retrace back to the original source of information used for training.
Q Their e ectiveness is also heavily dependent on the quality and comprehensiveness of the
4raining data, which may not always re ect the latest advances in cancer research. Another
crifical challenge is that LLMs lack e ective integration of cross-domain information when

5
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performing multimodal analysis. Without properly incorporating diverse data types|suc
as clinical notes, imaging, pathology, and genomics|LLMs have limited context, increa: m
the likelihood of hallucinations. This refers to the generation of responses that seem.@ble
but are in reality factually incorrect and misleading. In a medical context, halluciay an
pose a high risk, such as recommending inappropriate medications for treatme%eaving
out critical information during patient evaluation.

Thus, to be safely and e ectively used in healthcare, LLMs require im alig‘nment

[

with clinical practices, better incorporation of multimodal data, advanc rpretability,
ongoing updates, integration of specialized medical tools.
ncer patient evalua-

In summary, the current challenges with specialized algorithms
tion are the lack of matched multimodal data available for traini e severe imbalance
of data type weighing during crossmodal analysis. For the | arge language models,
they lack professional cancer knowledge and specialized :ZQ) are also unable to keep up
with the most recent publications or research in the eld, I% to repeated hallucinations.

2 Methodology

There are three types of agents in our Multi gent Framework. Specialized analyst
agents are used for analyzing speci c areasSNgf patient data within a medical domain.
Meta-agents help consolidate reports from gnhulyPle specialized analyst agents within a med-
ical domain. Finally, we utilize a centifl di stic reasoning agent to synthesize genomic,

pathology, and clinical domain reports & prgtiuce a nal, comprehensive and accurate cancer
care recommendation.

The Reasoning Agent is alsrted ' pert, LLM-enhanced knowledge base
to provide specialized oncolggiwledge, adeess recent and relevant papers, and reduce
hallucinations. We also in rcement learning and Chain Of Thought (COT) from
our collaboration with do% elp improve the Reasoning Agent’s thought process.

2.1 Overview @ulti MedAl Agent

Overall, our M d@T inclyles specialized analyst agents, meta-agents, and a central
diagnostic rea%l geph. (%ories of analyst agents include pathology, genomic, clinical
and a survival ana¥st a there are multiple specialized analyst agents in the pathology
and gwc domains@ ize a meta-agent to formulate and synthesis a domain report.

¢ Q
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Figure 3: Overall s%@r,cture of Multi MedAl Agent

2.2  Multi MedAl Agent@

In our Multi MedAl Agent Team are 9 analyst agents including: 4 pathology analyst
agents, consolidated by a paﬂ\e eta-agent; 3 genomic analyst agents, consolidated by a
genomics meta-agent; a clin rt analyst agent; and a survival analyst agent.
Specialized Analysts WgentS are Al agents within the Multi MedAl Agent framework,
each agent specializegin pMcessing particular data and completing speci ¢ tasks within a
medical domain. In o tem, we utilize multiple specialized analysts agents for each medical
domains (patholo omicg, and clinical data) and an additional specialized agent for
survival predicti§n. gese ;p%[zed agents can also call on specialized tools that analyzes

data in a ce edical to help complete their task.

2.2.1%h0|ogy§?j Agents
Currenw, this i t team includes 4 pathology analyst agents based on pathology

cia&zed tools (4.g7, CHIEF, CLAM, PATHCHAT, LLaVA-Med). We selected specialized
%ogy togls based on the evaluation shown in the graph below so each have their own
adwdntage omplement each other. There is also a pathology meta-agent responsible for
ummarizing athology analysis report.

<
.
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Figure 4: Selection of sped pathology tool

Pathology analyst agent #1 focuse@tifying diagnostically relevant subregions
via attention mechanisms and employ; e-level clustering to re ne feature represen-

tations. This agent uses function callN@agtess CLAM, which is a weakly supervised deep
learning method designed for prc@g holegslide images without extensive manual anno-
tations.

Pathology analyst agent #2 %NS to extragt diverse microscopic pathology represen-
tations for cancer cell detecgd origin identi cation, genomic pro ling, and prognostic
prediction. This agent uses f n call to access CHIEF, a weakly supervised machine learn-
ing framework for patholo age analysis aimed at systematic cancer evaluation, which relies
on the patches and f@: extraction that CLAM performs.

Pathology gent aims to enable natural language communication, pro-
viding answers, §x ati 4 insights. Therefore, this agent uses function call to access
rlglized LM integrated with a vision encoder to facilitate interactive

igs
PathChat, a spe n%gh
pathoKata analysm natural language.

.
Pathol®wy ang

ent #4 aims to read medical images, analyze and extract key

featureé, and u$e Batral language to describe and summarize its ndings. This agent uses

jom call to accyfs LLaVA-Med, which is a specialized medical large language and vision
siglant thg@gan analyze medical images, including pathology and radiology.

%2.2.2 Genomic Analyst Agents

For genomics analysis, genomics-focused specialized agents work together to extract and an-
alyze complex genomics data, providing insights critical for cancer diagnosis and prognosis.
.

2
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Genomics analyst agent #1 aims to leverage mutation information to classify ca

subtypes, and predicts patient prognosis.This agent uses function call to access SNN, p

learning network, to extract robust genomic signatures from noisy, high-dimensio ne

expression data to support classi cation and prediction.

"~ Strength: captures complex nonlinear relationships, no need for manual featurgelection.

" Limitation: black-box nature, risk of over tting, limited interpretability. .
Genomics analyst agent #2 performs comparative analysis to ot ents*egins

patients using normalization, di erential expression testing, and patien i c outlier detec-
tion to con rm subtype alignment. Next, pathway enrichment mgth ransform gene-level
data into per-patient pathway activity pro les, enabling the identi of therapeutic tar-

gets. Protein-protein interaction (PPI )networks overlay exEIr siog signals to pinpoint key

with quantifying cohort-level gene expression di erences and projectigi to individual

network hubs and actionable modules. Finally, machinefle selects robust gene pan-
els. After variance ltering, feature selection techniqueg like SO, SVM-RFE, or Random
Forest prioritize features. Predictive models then geneNe patient risk scores that integrate
genomics and clinical data for prognosis prediction.

~ Strength: interpretability and mechanistic insig
~ Limitation: requires downstream validatio

Genomics analyst agent #3 follow ycal guidelines, introducing clinical factors
to support personalized, guideline-alig Qnent decisions. This comparison delivers ac-
tionable biomarkers through immunoh mistry (IHC)and in situ hybridization(ISH) to
assess receptor status, targeted NGS els §o identify key driver mutations, homologous
recombination de ciency (HRD)SL@ predi onse to DNA repair therapies, and PD-
L1 assays to guide immunother igibility. Int@grated with clinical parameters, this third
clinical analyst agent can pr Vix line-backed, personalized treatment decisions, ensuring
genomics ndings translate ely into patient care.

~ Strength: guideline-bacR&g, evidence-based, and directly usable in the clinic.

" Limitation: limited bigarker scope; cannot fully explain tumor heterogeneity.

Together these @analyst agents form a closed loop, linking discovery, prediction,
and clinical applicAgbf™o advghce precision oncology. There is also a genomics meta-agent
responsible b&n arizj %enomics analysis report from the 3 genomic analyst agents
and supporting th® Re gent with the genomics report.
2.2.3@ic’a| A@[
For clirftal data%s, the clinical analyst agent aims to process diverse clinical inputs into

Inisgloeports to siyfport the Reasoning Agent’s analysis. To perform these tasks, the clinical
e acce@)actor’s notes and clinical data tables to analyze and summarize into a clinical
ot

iImmediately actionable for patient

gent

report to as ctors in further analysis. The clinical analyst agent can also function call
n Paddle OCR to read clinical table or doctors notes written on paper.

#The survival analyst agent aims to leverage multimodal clinical data to provide essential
indghts that assist clinicians in tailoring treatment plans and managing patient expectations.

& 2.2.4 Survival Analyst Agent

9
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The survival prediction analyst we used is our novel MedPred which is based on end-tg
multimodal Transformer that holistically evaluates a patient for accurate prognosis predic
Its main functions include survival, metastasis and recurrence prediction to assist do in

treatment plan decision. v
2.2.5 Meta-Agents

Meta Agents act as the coordinators within the Multi MedAl Agent fra @,mangging
communication and work ow between the central Reasoning Agent a I-Pc;tus Specialized
Analyst Agents. Their primary role is to manage the analysis results ecialized Analyst
Agents within a speci ¢ medical domain and generate comprehegsi ort or analysis of the
information extracted within that medical domain to the Reasonj nt.

The framework gains from complementary viewpoints, si erent medical tools may
reveal distinct abnormalities or emphasize di erent aspect% domain. For each medical
domain, the Meta agents generate a report or summary o ervations and initial interpre-
tations. These reports are forwarded and integratedNe Reasoning agent. They act as
essential inputs for the concluding diagnostic analy uring the system’s comprehensive
evaluation is guided by both thorough multimo ™ pretation and specialized survival
prediction, improving the accuracy and comple of cancer care recommendations.

The Meta Agent also balances the medica ins that have unequal data representation.
For example, pathology, which often have Qigh Spacial resolution, compared to the tabular

data of genomics, often leads to overffe tation of results extracted from that medical
domain.

2.2.6 Reasoning Agent Q '*\
*
a Q.>3

The Reasoning Agent act ntral decision-making component of the Multi MedAl
Agent system, designed,to te the clinical reasoning process of expert oncologists by
integrating and analyzing Yerse multimodal data. It consolidates inputs from genomics,
pathology, clinical recoms, and imaging processed by specialized domain models and the LLM-
enhanced knowled @. This comprehensive synthesis enables the generation of precise,
clinically relevagt %{ care gecommendations that are both accurate and interpretable.

The agent ikter S ngtu ith users through conversational language while main-
taining dialogue ®ntext ultiple interactions, enabling personalized and continuous
communjcation with pgfiicpts«hd healthcare providers. By explicitly modeling the diagnostic
reaso&athway,@ soning Agent transforms complex multimodal reports into under-

standaﬂe sigh rting informed clinical decision-making.

Medpred" Specialized Survival Analyst Agent

After commigic¥ing with doctors, we found that out of all the specialized tasks completed
y the speciallzed models, survival prediction is essential in helping doctors develop a suitable
(b treatment plan. To address this issue, we developed our own survival prediction specialized
Q model for our survival analyst agent to call on. Our survival prediction specialized model
% is developed to address the question of survival, metastasis and reccurence rate for cancer

o . . :
pajients, helping provide personalized cancer care.

10



Encoders Decoders
WSI Image Patching [Paﬂwlogy R Ve a) - o @
|0 o =y . gl —
: — |Ha Hallmd =l = (10 e -
nd i = ﬂuﬂ = -*H’}?] H
v O sl — — — .0 —
s~ BWESE - 15|~ (S EEE -
A = =4 < %
fGenomics \ 6 a g 0O \
S— Y 2 gl _ = A = \,
= [BeiEs — |2 - Bl Fusion
: ~HIEH - g =B SRR\
N B ELJ Y6 5 O ﬁ
{* Ctinical o 4
[ — D
= 0
O
@
O
o &
g ‘\
Figure 5: Survival prediction speci@wodel
MedPred is an end-to-end cross-modal Transform em that holistically evaluates a pa-
tient for accurate prediction. We included a clinical b on top of pathology and genomics

to provide more accurate information for predictio edPred simultaneously analyzes three

modalities of patient data, including clinical ¥genomics data, and pathology images
for a more holistic evaluation of the cance ient. In Med-Pred, the cross-modal atten-
tion module identi es and explores co \ between all 3 di erent modalities to share
information for better holistic risk an@al prediction. Our novel model also utilizes

an encoder-decoder structure and cross-wédal attention module for pathology and genomics,
performing fusion with the clinica@h as theYast step.

2.3.1 Encoders ’\Q

For the Pathology, Genongig€, Wd Clinical Encoders, they each have a learnable class token
that gathers information froONg the pathological patch features, gene sequences, and clinical

malization and fH¥ad Self{attention, then information from the original tokens is added
to the result.d&)t ereg mid Position Encoding Generator (PPEG) module, which
explores the relattnshj effveen di erent patches in the pathology images. Afterwards,
ayer Normalization and Multi-Head Self-attention to produce the

there isgnother layer ®f
outpu¥ ¢ Q
GenpmiCs E nd Clinical Encoder: The initial inputs of the genomics encoder and

i ical’encoder%ough a similar process as the pathology encoder, except without the
module, thelY produces the output.

e cla ens for the pathology encoder, genomics encoder, and clinical encoder rep-
esent the intyp-Aodal characteristics for their corresponding module.

& 2.3.2 Cross-Modal Attention Module

texts, respectively [Z%
Pathology En% he initial input of the pathology encoder experiences Layer Nor-

’To simultaneously analyze pathology, genomics, and clinical data for a more holistic evalua-
tiop, the relationships between each data modality’s tokens must be explored. The instance

11
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tokens of the pathology, genomics, and clinical data encoders are each denoted as a Z&RES:
The cross-modal attention module then creates attention maps for each modality. E
n

With the attention maps, it is now possible to extract genomics and clinical-relat

mation in pathology tokens, pathology and clinical-related information in geno S,
and genomics and pathology-related information in clinical tokens. Such extracti%ieved

by obtaining the product of the maps with the original instance token serie:@ltip ed by a
0

learned parameter. This allows our model to leverage the cross-modal infor fork;arning
the complementary characteristics between the multiple modalities. ()
2.3.3 Decoders Q
*

In clinical situations, doctors can estimate gene expressions fro logical images or iden-
tify potential pathological phenotypes based on genomic dat e decoders are intended
to imitate this process for translating cross-modal informitigsm e pathology decoder has
a similar structure to the genomics and clinical encqders, le the genomics and clinical
decoders have similar structures as the pathology encoMgr.

Pathology decoder: The decoder contains two head Self-attention layers that are

applied on the genomics-related and clinical-relat mation in pathology for information
translation.
Genomics Decoder and Clinical Decoder@rocess is similar to the pathology decoder,
atigrT translation.
der represents the cross-modal representation
resentations go through feature alignment and

The class token in the outputs of effc
learned from its module. These featu
fusion to produce the nal predictjopsggsult.

2.4 LLM-enhanced K@dge Bas

Medical LLMs can provi nalized clinical support and guide oncologists in providing

cancer care. However, th&ghallenges these medical LLMs face mainly include its lack of

knowledge specializi%ancer and lack of access to relevant and most recent papers. These
i#ns where medical LLMs generate seemingly plausible but actually

tend to cause hall
unveri ed or inc rr%ﬂormati n.
To addre%iL edu nations during interactions between oncologists and large

language models¥LL iging solutions commonly utilize Retrieval-Augmented Genera-
tion (RA) framework ver, RAG’s current chunking methods, such as xed or semantic
chunki can’ofte@ retrieval of incomplete information, which lowers the quality of
genera?d sp
To ensure t ity of our responses, we developed our novel LLM-enhanced knowledge
%We also ob%ined recent domain-specic publications during our collaboration with
m al ex and building cancer related knowledge into both vector and graph databases.
%Through the thods, we can minimize the chances of hallucinations occurring because of
he external professional knowledge that supplements LLMs with critical information.
Our knowledge base built in collaboration with medical experts empowers our system’s
Q agents to generate more accurate and professional results. Since we want e cient retrieval
% Jor doctors in clinical environments and comprehensive retrieval for capturing the complex
.
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relationships in cancer care, we combine vector and graph-based representations. B%

laborating with professional oncologists from hospitals, we signi cantly improve the meg

context engineering for our agents, supplementing them with the most relevant an S-

sional resources for clinical support.
The LLM-enhanced expert knowledge base method involves three main steWexing,

retrieval, and generation.
<G

User Input LLM Engine Concept Extractor Relationship Analyzer Graph Builder Q}rage System
Medical Text Q
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Figure 6: LLM-Enhanced k edyge base processing pipeline

2.4.1 Document Processing @

The data indexing contains 4 mgi ps: text
intelligent chunking, and LLM e %d en nt. Text preprocessing performs basic
operations such as removing e% itespace, $tandardizing punctuation, and cleaning the
formatting. Next, the docu \ ture analysis provides the basis for intelligent chunk-
ing by determining the rtes of a given document. The LLM then performs intelligent
chunking of the raw contextNext, such as an entire textbook or published paper, to improve
e ciency. The LLM a%s intelligent chunking by integrating multiple methods, including
ich preserves the source material, summary chunks which are Al-

original content ch
generated sum a%’conce chunks which are categorized into medical concepts, and key
kﬂxic
e

reprocessing, document structure analysis,

points chun h are ortant information. Chunks are then encoded into vectors
through the embeldin e)and embedded into the vector database. They are also used
to consgct th’e graph%dge base with relationships. For each chunk, we perform LLM-
power Is involves extracting LLM concepts, analyzing the text di culty,

hance
identify}ug the tience, and extracting the key topics.

Afte: the LL rms chunking and enhancement, we move onto LLM-empowered ex-
%n to capstruct a knowledge graph. The LLM rst extracts concepts from 8 categories,
in ing digedges, symptoms, treatments, medications, examinations, risk factors, preven-
ion, and meyic® concepts. Afterwards, the LLM identies 5 main types of relationships
o build a graph representation, including causal, treatment, symptom, risk, and prevention.
(b This relational information allows us to create graph nodes (concepts) and graph edges (re-
Q lationships). The LLM-enhanced data previously mentioned is then added to the nodes and
«dges. Lastly, the deduplication function nds and merges identical entities and relations to
reduce overhead for the graph operations, allowing for improved e ciency
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In summary the 6 main steps to constructing the knowledge graph are: (1) extractln

concepts from categories, (2) identifying relationships using an LLM, (3) creating grap
g%n
h

od

(concepts), (4) creating graph edges (relationships), (5) adding metadata to the n
edges, and (6) validating the graph structure. This vector and graph-based index
allows for comprehensive information understanding and enhanced retrieval per ance.

2.4.2 Data Retrieval ,"

The Dual-Level Data Retriever contains two main strategies: high-level @I and low-level
retrieval. Since we combine graph and vector representations, agents%ain an understand-
ing of the relationships between entities during the retrieval prgc e LLM-empowered
retrieval process contains 3 steps: Query Keyword Extraction, K Matching, and Incor-
porating High-Order Relatedness. Given a query, the LLM s@ieval algorithm extracts
both local and global query keywords. Then, the LLM uges cient vector database to
match local query keywords with potential entities and matgg#/global query keywords with
relationships tied to global keys. Finally, the higher-or relatedness is maintained for the
query by identifying neighboring nodes within local su & phs of the retrieved graph elements.
Th|s allows for e C|ent retrieval with the vector repyeag™ations and comprehensive retrieval

S L AIRE R

236 236

oo [
- o

0. 0’
(b@ =
Figure 7%enhan er expert =
knowledge bas Figure 8: Graph-based Medical Dataset.

WE'in ded 188 (l/medical textbooks used in medical school, covering a wide range
of disggses, to our agents with professional medical knowledge. We collaborated
h chologlsts a professors at the Cancer Hospital of Fudan University to locate and

e hungyeds of recent cancer guidelines and published papers from Pubmed, websites,
te 00ks, atabases. We also leveraged the National Comprehensive Cancer Network
NCCN) data®ast and European Society of Medical Oncology (ESMO) database that fre-

(b guently updates treatment guidelines for each type of cancer.

When addressing patient queries, LLM-enhanced expert knowledge base retrieves the
(L %sources that are most relevant to the query to provide context for the LLM. Then, it gen-
erftes a natural language response through combining the user's questions and retrieved
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chunks. This allows us to empower the agents for more accurate clinical support in ca .
With LLM-empowered knowledge graph understanding and construction, the combinati %
vector and graph-based representations, and the professional medical resources fro@tors.
The MedQA dataset contains multiple-choice questions derived from profession | ex-
ams, such as the US Medical Licensing Examination (USMLE) and China’s memnsing
exams, covering a wide spectrum of medical knowledge. Under MedQA tegl ouP RAG ac-
curacy improves output accuracy by around 17.2%, from 75.3% with the Re@ Kng‘\vledge
Base to 92.5% with the LLM-Enhanced Knowledge Base.

Metric Regular Knowledge Base |LLM-Enhanced K e Base
Concept Extraction 3 concepts 14+ concepts ¢ )
Relationship Recognition |None 5 relationship

Semantic Understanding |75.3% accuracy 92.5% ac a@

Knowledge Connectivity |Isolated Networ , full connectivity

Figure 9: LLM-enhanced knowledge baNcuracy improvements

2.4.3 Generation O:

With support from the LLM-enhanced exper dge base, our Multi MedAl Agent out-
puts the nal response to the user’s questio ural language. The user’s natural language
input at the beginning of the dialogue j ized with the most relevant chunks of infor-
mation from the given sources into a ompt, which is then given to the LLM. Given

this re-invented prompt based on uggr g
LLM is tasked with formulating a@

To ensure the accuracy and.e ess of co
LLM also utilizes conversaig ry and previous dialogue as context. This allows the
patient to have a continugd, turn dialogue, optimizing e ciency as the system will have

strong familiarity with the rs.

25 CoT & rcement Learning

Chain of Thoug& ( )r s%g is a sequential generation process involving multiple rea-
soning steps (hisNery syr% evidence linking, diagnostic hypotheses, etc.) that lead to a
nal clinigal impressiorfofre@mmendation. The process depends on the context, so models
explo&ti;ﬂe re i aths before arriving at the nal answer. To enhance the CoT
reasoning ™ our we explored three main ways. First is prompt integration, where the
user effers thekhijiki g step-by-step process as part of their prompt. Second is using few
t® give patielWfexamples to the LLM to teach the thought process. Lastly, | am work-

usin@forcement Learning (RL) to encourage the simulation of clinician thought

%process.

The rst strategy | used is directly integrating the CoT thought process into the prompt. |

& collaborated with professional doctors to get 30 CoT reasoning samples to use as the examples

.given to the agents. We add a description of each step of the chain of thought reasoning process
intg the prompt to ensure it follows the steps to arrive at an answer. The reasoning process
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steps is generalizable to more patients and clinical situations but it aligns with how doc &
would actually evaluate a patient as | collaborated with doctors in creating this chai %
thought process description.

Sample data:

Prompt (oncology vignette)
Prompt (oncology vignette)
A 62-year-old woman with a 40-pack-year smoking history presents with persistent cough, hemoptysis,

and weight loss. CT chest shows a 4.2 cm right upper lobe mass with ipsilateral hilar lymphadenopathy.
Biopsy: non-small cell lung carcinoma (NSCLC).

A 48-year-old woman presents with a palpable mass in her right breast thi notich 2 months A
She reports no nipple discharge or skin changes. Family history is ant t cancer in h$

mother at age 52. Mammogram shows a 2.5 cm spiculated mass iffhe uppeduter quadrant. Core needle
Question: What is the most likely stage, and what s the initial management?

biopsy reveals invasive ductal carcinoma (IDC), estrogen recgator osige, HER2-negative.
Question: What is the most likely stage, and what is the inffal ement?
Model-Generated CoT (Weaker)
1. Patient has cough, hemoptysis, weight loss, smoking history - likely lung cancer. Model-Generated CoT (Weaker) @
2. CT shows a 4.2 cm mass with lymph nodes - suggests advanced disease. 1. Patient has a breast lump and fami’hi ory’ ly braist cancer.
3. Biopsy confirms NSCLC. 2. Mammogram shows 2.5 cm mass - s I disease.
4. Advanced lung cancer is usually treated with chemotherapy. 3. Biopsy confirms IDC, ER-positive rmon ptor-positive cancer.

. . 4. Early-stage breast cancer is uslly treateduith surgery.
Final Answer: Advanced NSCLC. Initial management: chemotherapy.

Final Answer: Localizedffast cancer) nagement: surgery.

Human-Written CoT (Stronger)
Human-Written CoT (Stron
1. Symptoms + smoking history > high suspicion for lung cancer.

o . 1. Palpable it mass + family history - high suspicion for breast cancer.
2. CT shows 4.2 cm mass (T2) + ipsilateral hilar nodes (N1) - T2NMO.

2. Imaging: 2.5 c! ss - T2 lesion (2-5 cm), no axillary nodes mentioned - NO.

3. TNM classification -> Stage IIB NSCLC. 3. Biopgfff P WPe, HER2-negative > supports hormone receptor-positive subtype.
4. Standard treatment: surgical resection if operable + adjuvant chemotherapy; if not operable - 4. TN % ->T2‘NDMO->stage A,
chemoradiation. 5, . b ing surgery or with sentinel
Final Answer: Stage IIB NSCLC. Initial management: surgery with adjuvant chemotherapy (if operable). Ode biopsy, followed by adjuvant endocrine therapy; consider radiation therapy if lumpectomy
d.
ingd rer: Stage IIA breast cancer. Initial surgery or with
Figure 10 COT Reasoning Sample data Qelnodebiopsyandadiuvamendccrlne(herapy.

In addition to the directly integrati CoT into the prompt to improve our agents’
CoT reasoning process, the second stra | ysed is few-shot prompting, which is when the
user provides the agent with se amples ®f an ideal response to a similar question to
help the agent learn the key ch istics of aguccessful answer. These reasoning samples
clearly depict the steps that & ke to arrive'at their conclusion about a patient given a
realistic scenario. For each t #¥ the agent, we include around 3-5 sample CoT responses

to ensure we maximize t tily of the context window. In addition to directly adding these
examples to the prompt, wewwill also be exploring how to enhance the model's CoT process
using these samplesorRL training. | asked the clinicians | collaborated with to assess and
ated responses per clinician, allowing me to perform RL training.
Regarding tRe forc Learning training process | am working on for the Chain of
Thought pro | will Y the Guided Reward Policy Optimization (GRPO) to train
the model to follow the hink-then-answer method. First, the agent explicitly conveys
its reagghing groce psed within limits for clarity | and then presents its nal diag-
nostic’coMglusions stndard, easily extractable format. GRPO provides reward signals
that ingentivize [0 urate predictions and adherence to the logic. This encourages both
nogtic correctn and transparency in the agent’'s reasoning process. By separating the
sgning ang conclusion, | am working to ensure that each diagnostic output is accompanied
: b clear, §t y-step explanation. This reasoning-centric approach enhances diagnostic

ransparency 3nd enables explainable Al by providing clinicians with not only the nal diag-
nostic conclusions but also the logical pathway through which these conclusions were reached.

.
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3 Results (b’s
3.1 Co-Attention Heatmaps $

For visualizing the genomic-related whole slide image embeddings, we use heat w»The co-
attention weights between genomics and pathology are overlayed with visual assesgment from
two pathologists for a low and a high risk case in the BRCA dataset [28]. Tadie from
blue to red patches indicate the gene’s attention weight from low to high. e esefi whée slide
tissue image’s heatmap, each patch is assigned a color along the gragh ()fhere are 6 main
types of genes we visualize in the following co-attention heatmaps: @suppressor genes,
oncogenes, protein kinases, cell di erentiation markers, transc@pti@ ors, and cytokines
and growth factors. \

Tumor suppressor genes are typical genes that slow d Q? division or manage apop-
tosis. When they malfunction, cells begin to grow out of gbn ich results in cancer [31].
Oncogenes are proto-oncogenes that have mutated and the potential to cause cancer,
leading to uncontrollable cell division [32]. Protein kin% mainly add phosphate groups to
proteins, making them the key regulators of cellular ses [33].

Tumor Suppressor gs Protein Kinases
Genes
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rkers can indicate tumor behaviors, where less di erentiated (im-
maturef tumors pically more aggressive [34]. Transcription factors ensure that the
ppagptiate genes We expressed at the right location, at the correct time, and to the right
egfe [35 tokines are signaling proteins that control in ammation, but an exceeding
quantity da tissues and leads to diseases like cancer [36]. Growth factors are groups of
roteins that Stimulate the growth of tissues; some cancer cells can produce growth factors
that increase their own proliferation rate [37], [38].
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Figure 12: Co-Attention Vi@lion 2
3.2 Evaluation Metrics 3
Si

After training the algorithm, we evaluated it 3 methods. First, we used PathVQA [23]
to test the multi-modal abilities of my gho sing evaluation metrics recall and accuracy.
Second, we tested the performance ol oy” model on specialized tasks for various cancers.

Thirdly, we collaborated with prQfegegrs and oRcologists and asked them to be referees in
determining the quality of our mogd®{ tura response and outputs in comparison

with other models. .

3.3 VQA DatasetNg@aliation

3.3.1 Evaluation DaWgset
The Visual Questi ering (VQA) dataset we used to evaluate our system’s multi-modal
analysis ability i§ P Q A is a pathology evaluation dataset that includes 32799
Q&A pairs an 8 pat ages.

. Figure 13: Example of Q&A in VQA datasets used during result evaluation [20]
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