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Electronic Healthcare Records (EHR) data EHR -based Healthcare Prediction

- Using patientôs history data to predict 
clinical outcome (e.g., mortality)

Data sample:

Mortality 
prediction:

ñWill this patient die during 
next visit? (0/1)ò

Readmission 
prediction:

ñWill this patient be readmitted 
within ὲ days? (0/1)ò

é é
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ML -based Methods

RETAIN (Choi et al. NIPSô16)StageNet (Gao et al. WWWô20)

Choi, Edward, et al. "Retain: An interpretable predictive model for healthcare using reverse time attention mechanism."NIPS 2016.

Gao, Junyi, et al. "Stagenet: Stage-aware neural networks for health risk prediction." WWW 2020.

é

Limitations :
1. Lack interpretability; Limited ability to handle unstructured or complex medical information
2. Struggle to generalize beyond their original scope
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LM+ML -based Methods

GraphCare (Jiang et al. ICLRô24)RAM-EHR (Xu et al. ACLô24)

Jiang, Pengcheng, et al. "Graphcare: Enhancing healthcare predictions with personalized knowledge graphs." ICLR 2024.

Xu, Ran, et al. "Ram-ehr: Retrieval augmentation meets clinical predictions on electronic health records." ACL 2024.

Limitations :
1. Lack interpretability ; Not exploit reasoning capabilities of LMs
2. Retrieved information may be sparse or irrelevant

é
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LLM -based Methods

EHR-CoAgent (Cui et al. 2024)

Cui, Hejie, et al. "LLMs-based Few-Shot Disease Predictions using EHR: A Novel Approach Combining Predictive Agent Reasoning 

and Critical Agent Instruction." AMIA Annual Symposium 2024

Limitations :
1. Lack of specialized medical knowledge     

 OHigh risk of hallucination

2. Pure prompting -based O  Cannot learn 
underlying EHR pattern

3. Performance highly dependent on quality 
of prompting and context

- A framework combines the strengths of predictive agent reasoning 
and critical agent instruction
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ML -based 

LimitationsMethods

LM+ML
-based 

LLM -based
(Untrained) 

1. Lack interpretability; Limited ability to handle 

unstructured or complex medical information
2. Struggle to generalize beyond their original scope

1. Lack interpretability ; Not exploit reasoning 

capabilities of LMs
2. Retrieved information may be sparse or 

irrelevant

1. Lack of specialized medical knowledge 

2. Cannot learn underlying EHR pattern
3. Performance highly dependent on quality of 

prompting and context

ñCan we design a framework 

integrating high-utility knowledge 
retrieval and reliable reasoning for 
interpretable & precise prediction?ò

Summarization of Limitations
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KARE ï K nowledge Aware Reasoning-Enhanced HealthCare Prediction
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ñCan we design a framework integrating high-utility knowledge retrieval and reliable reasoning for interpretable & precise prediction?ò

Challenge 1 : How to enable high-utility knowledge retrieval?

Classic RAG?

EHR example Retrieval Result from PubMed

Unwanted Information
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ñCan we design a framework integrating high-utility knowledge retrieval and reliable reasoning for interpretable & precise prediction?ò

Challenge 1 : How to enable high-utility knowledge retrieval?

Information Re -indexing: ñText  OGraph  OTextò by GraphRAG*

Corpus 

Relation 
Extraction

Knowledge Graph

Community 
Detection

(Graph Communities by Colors)

Community 
Summarization

New Corpus 

*Edge, Darren, et al. "From local to global: A graph rag approach to query-focused summarization." arXiv preprint arXiv:2404.16130 (2024).

We need high -quality knowledge source !
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Methodology ï KARE

ñCan we design a framework integrating high-utility knowledge retrieval and reliable reasoning for interpretable & precise prediction?ò

Challenge 1 : How to enable high-utility knowledge retrieval?

Information Re -indexing: ñText  OGraph  OTextò

However, we donôt need all the information in the 
available data sources!

We need information tailored to the EHR data.

 OConstruct the KG based on the co-existence of 
medical concepts in EHR

We need high -quality knowledge source !
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Methodology ï KARE

1.1.1 EHR Concpet -specific KG Construction 
from Large Bio KG (UMLS)

Construction Pipeline
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Methodology

1.1.1 EHR Concpet -specific 
KG Construction from 
Large Bio KG (UMLS)

Construction Pipeline

Example
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Methodology ï KARE

1.1.2 EH R Concpet -specific KG Construction 
from Large Bio Corpus (PubMed)

ể

ể

EHR

[concept_1]
[concept_2]
[concept_3]
[concept_4]
[concept_5]

ể

Concept-Specific
KGsTop N Documents

Doc 1: љв [concept_1] в 
[concept_2] в [concept_4] вњ

Doc 2: љвв [concept_2] в 
[concept_5] ввњ

ể
Doc N: љв [concept_3] в 
[concept 4] вњ

(query with the 
set of concepts)

Entity/Relation 
Extraction

GB C
[concept 1]

GB C
[concept 2]

GB C
[concept 3]

GB C
[concept 4]

GB C
[concept 5]

ể

Concepts in 
Each Visit

Construction Pipeline
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Methodology ï KARE

1.1.2 EH R Concpet -specific KG 
Construction from Large Bio 
Corpus (PubMed)

ể

ể

EHR

[concept_1]
[concept_2]
[concept_3]
[concept_4]
[concept_5]

ể

Concept-Specific
KGsTop N Documents

Doc 1: љв [concept_1] в 
[concept_2] в [concept_4] вњ

Doc 2: љвв [concept_2] в 
[concept_5] ввњ

ể
Doc N: љв [concept_3] в 
[concept 4] вњ

(query with the 
set of concepts)

Entity/Relation 
Extraction

GB C
[concept 1]

GB C
[concept 2]

GB C
[concept 3]

GB C
[concept 4]

GB C
[concept 5]

ể

Concepts in 
Each Visit

Construction Pipeline

Example
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Methodology ï KARE

1.1.3 EH R Concpet -specific KG Construction 
from Large Language Model

ể

ể

EHR

[concept_1]
[concept_2]
[concept_3]
[concept_4]
[concept_5]

ể

љPlease identify the relationships among these medical 
concepts that can be potentially helpful to clinical predictions 
(e.g., mortality prediction, readmission prediction). 
You can introduce intermediate relationships with other 
entities based on your knowledge. 
Thereќs no need to keep all the relationships connected.

Output format:
[[ENTITY1, RELATIONSHIP_1, ENTITY2], 
[ENTITY2, RELATIONSHIP_2, ENTITY3], ...]

Instruction

GL L M
[concept 5]

[
[concept_2, в, concept_5],
[concept_5, в, в],
яв, в, в],
яв, в, в],
яв ,в, concept_4],
[concept_4, в, concept_3]
]

Identified Relationships

GL L M
concept 4

GL L M
concept 3

GL L M
concept 2

GL L M
concept 1

Concept-Specific
KGsConcepts in 

Each Visit

Construction Pipeline
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Methodology ï KARE

1.1.3 EH R Concpet -specific KG Construction 
from Large Language Model

[pleurisy; pneumothorax; pulmonary collapse, can be treated with, 
adrenergics, inhalants],
[diabetes mellitus without complication, may require monitoring of, 
potassium supplements],
[epilepsy; convulsions, treated with, antiepileptics],
[epilepsy; convulsions, may be treated with, anxiolytics],
[other gastrointestinal disorders, treated with, drugs for peptic ulcer and 
gastro-oesophageal reflux disease (gord)],
[e codes: fall, commonly causes, other fractures],
[e codes: fall, can result in, intracranial injury],
[other fractures, often treated with, opioid analgesics],
[intracranial injury, may be managed with, opioid analgesics],
[spinal fusion, surgical alternative to, laminectomy; excision 
intervertebral disc],
[coronary atherosclerosis and other heart disease, commonly treated 
with, beta blocking agents],
[other beta-lactam antibacterials in atc, belongs to same class as, 
antibiotics for topical use]

[
" pl eur i sy;  pneumot hor ax;  pul monar y 
col l apse" ,
" cor onar y at her oscl er osi s and ot her  
hear t  di sease" ,
" pot assi um suppl ement s" ,
" ot her  f r act ur es" ,
" anxi ol yt i cs" ,
" opi oi d anal gesi cs" ,
" ot her  gast r oi nt est i nal  di sor der s" ,
" epi l epsy;  convul si ons" ,
" i . v. sol ut i on addi t i ves" ,
" ant i bi ot i cs f or  t opi cal  use" ,
" e codes:  f al l " ,
" adr ener gi cs,  i nhal ant s" ,
" ant i epi l ept i cs" ,
" ot her  di agnost i c agent s i n at c" ,
" di abet es mel l i t us wi t hout  
compl i cat i on" ,
" dr ugs f or  pept i c ul cer  and gast r o-
oesophageal r ef l ux di sease ( gor d) " ,
" ot her  mi ner al  suppl ement s i n at c" ,
" spi nal  f usi on" ,
" bet a bl ocki ng agent s" ,
" ot her  anal gesi cs and ant i pyr et i cs 
i n at c" ,
" l ami nect omy;  exci si on 
i nt er ver t ebr al  di sc" ,
" i nt r acr ani al  i nj ur y" ,
" ot her  bet a- l act am ant i bact er i al s 
i n at c"
]

Triple 
Extraction

(Concept  set  i n  a 
pat ien t  vi si t ) (T ri p les)

ể

ể

EHR

[concept_1]
[concept_2]
[concept_3]
[concept_4]
[concept_5]

ể

љPlease identify the relationships among these medical 
concepts that can be potentially helpful to clinical predictions 
(e.g., mortality prediction, readmission prediction). 
You can introduce intermediate relationships with other 
entities based on your knowledge. 
Thereќs no need to keep all the relationships connected.

Output format:
[[ENTITY1, RELATIONSHIP_1, ENTITY2], 
[ENTITY2, RELATIONSHIP_2, ENTITY3], ...]

Instruction

GL L M
[concept 5]

[
[concept_2, в, concept_5],
[concept_5, в, в],
яв, в, в],
яв, в, в],
яв ,в, concept_4],
[concept_4, в, concept_3]
]

Identified Relationships

GL L M
concept 4

GL L M
concept 3

GL L M
concept 2

GL L M
concept 1

Concept-Specific
KGsConcepts in 

Each Visit

Construction Pipeline

Example



18

Methodology ï KARE

Step 1.2 Semantic Clustering

The same entity/relation from different knowledge sources 
may have different names.

Å We apply embedding clustering to form new 
entity/relation set in the concept KG

"continuation of treatment": [

"continuation of treatment",

"continued treatment",

"continuation of treatments"

],

"underlying heart condition": [

"underlying cardiac condition",

"underlying heart conditions",

"underlying heart disease",

"underlying cardiac disease",

"underlying heart condition"

],

ể

Entity clustering example Relation clustering example

"does not significantly impact": [

"not significantly impacts",

"does not substantially impact",

"does not significantly impact",

"do not substantially impact",

"do not significantly impact",

"not significantly impacting",

"not significantly impact",

"doesn't significantly impact",

"don't significantly impact"

],

ể
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Methodology ï KARE

Step 1.3 KG Community Indexing

Å Use Leiden* to partition the concept KG into 
communities, with ὲ runs to get a diverse set

Å Prompt an LLM to summarize each 
community regarding specific themes.

*Traag, Vincent A., Ludo Waltman, and Nees Jan Van Eck. "From Louvain to Leiden: guaranteeing well-connected communities."

Scientific reports 9.1 (2019): 1-12.
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ñCan we design a framework integrating high-utility knowledge retrieval and reliable reasoning for interpretable & precise prediction?ò

Challenge 1 : How to enable high-utility knowledge retrieval? We need high -quality knowledge source !

ñNow we have high-quality knowledge source, whatôs next?òWe need to retrieve knowledge with high 
coverage  of patientôs EHR, low repetition  é
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Step 2.1 Patient Base Context Construction

Example:
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Step 2.2 Patient Context  Augmentation

Å We dynamically retrieve knowledge (community summaries) 
that maximize the relevance score considering node hits, 
coherence, recency, and theme relevance.
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ñCan we design a framework integrating high-utility knowledge retrieval and reliable reasoning for interpretable & precise prediction?ò

Challenge 1 : How to enable high-utility knowledge retrieval? We need high -quality knowledge source !

We need to retrieve knowledge with high 
coverage  of patientôs EHR, low repetition  é

Challenge 2 : How to enable reliable reasoning by LLM?

Easier to learn if the reasoning chain (rationale) 
is in a uniform format.

Need to fine-tune an LLM with EHR data



Given the fo llowing  ta sk desc rip tion, pa tient EHR c onte xt, sim ila r pa tients, re trieved  med ic a l knowledge, 

an d  g round  truth lab el, p rovide a step -by -step  reasoning  p roc ess tha t leads to the c orrec t p red ic tion:

========================================

# Task #
{task_desc ription}
========================================

# Patient EHR Context #
{c ontext}

========================================

# Similar Patients #

{sim ilar_patients}
========================================

# Retrieved Medic al Kno wledge #
{me dic al_knowledge}

========================================
# Ground  Truth #

{ground_truth}
========================================

Please p rovide a  step-by -step  reasoning  p roc ess tha t leads to the c orrec t p red ic t ion based  on the 

pa tient's c ontext, sim ila r pa tients, and  the retrieved  relevant med ic a l knowledge.

The rea soning  c ha in should  fo llow this struc tured  format:

1. Patient Ove rview: Chec k the key info rmation in the pa tient's co ntext, w ith the Key Considera tions from 
the ta sk desc rip tion in mind .

2. Relevant Retrieved Medic al Knowledge : Highlight the retrieved  med ic al  knowledge pertinent to the 

pa tient's c ond ition.

3. Co mparison wi th Sim ilar Patients: Ana lyze the sim ila rit ies and  d ifferenc es between the pa tient and  sim ila r 
pa tients, expla ining  how these fac tors influenc e the pred ic t ion.

4. Reasoning Towards Predi c tion: Integrate the above information to log ic a lly reason towards the 
pred ic ted  outc ome.

5. Co nc lusion: Summarize the reasoning  and  sta te the p red ict ion without mentioning  the g round truth .

The rea soning  should  be c omprehen sive,  med ic a lly sound , and  c lea rly exp la in how the pa tien t's 
information leads to the p redic ted  outc ome.

Important Not es:
- Do no t ment ion the  g round truth label in the  reasoning  proc ess.
- Use the re levant know ledge as ne ede d.

- Ana lyze the simila rit ies and  d iffe renc es between the pa tient and  sim ila r pa tients to justify the p red ic tion.

Af ter genera ting  the reasoning  c ha in, p lease review it and  ind ic a te your c onfidenc e in the reasoning  
ch a in a t the end .

Op tions of c onfidenc e: [Very Confident, Confident, Neutra l, Not Confident, Very Not Confident.]

Output Format:

# Reasoning  Cha in #

1. Patient Overview:

[YOUR OUTPUT]

2. Relevant Retrieved  Med ic a l Knowledge:
[YOUR OUTPUT]

3. Co mp arison wi th Simila r Patients:

[YOUR OUTPUT]

4. Reasoning  Towards Pred ic tion:
[YOUR OUTPUT]

5. Co nc lusion:

[YOUR OUTPUT]

# Confidenc e #
[C ONFIDENCE ("Ve ry Confident", "Confident", "Neutra l", "Not Confident", "Ve ry Not Confident")]

Methodology ï KARE
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Challenge 2 : How to enable reliable reasoning by LLM?

Augmented 
patient context
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Challenge 2 : How to enable reliable reasoning by LLM?

Given the fo llowing  ta sk desc rip tion, pa tient EHR c onte xt, sim ila r pa tients, re trieved  med ic a l knowledge, 

an d  g round  truth lab el, p rovide a step -by -step  reasoning  p roc ess tha t leads to the c orrec t p red ic tion:

========================================

# Task #
{task_desc ription}
========================================

# Patient EHR Context #
{c ontext}

========================================

# Similar Patients #

{sim ilar_patients}
========================================

# Retrieved Medic al Kno wledge #
{me dic al_knowledge}

========================================
# Ground  Truth #

{ground_truth}
========================================

Please p rovide a  step-by -step  reasoning  p roc ess tha t leads to the c orrec t p red ic t ion based  on the 

pa tient's c ontext, sim ila r pa tients, and  the retrieved  relevant med ic a l knowledge.

The rea soning  c ha in should  fo llow this struc tured  format:

1. Patient Ove rview: Chec k the key info rmation in the pa tient's co ntext, w ith the Key Considera tions from 
the ta sk desc rip tion in mind .

2. Relevant Retrieved Medic al Knowledge : Highlight the retrieved  med ic al  knowledge pertinent to the 

pa tient's c ond ition.

3. Co mparison wi th Sim ilar Patients: Ana lyze the sim ila rit ies and  d ifferenc es between the pa tient and  sim ila r 
pa tients, expla ining  how these fac tors influenc e the pred ic t ion.

4. Reasoning Towards Predi c tion: Integrate the above information to log ic a lly reason towards the 
pred ic ted  outc ome.

5. Co nc lusion: Summarize the reasoning  and  sta te the p red ict ion without mentioning  the g round truth .

The rea soning  should  be c omprehen sive,  med ic a lly sound , and  c lea rly exp la in how the pa tien t's 
information leads to the p redic ted  outc ome.

Important Not es:
- Do no t ment ion the  g round truth label in the  reasoning  proc ess.
- Use the re levant know ledge as ne ede d.

- Ana lyze the simila rit ies and  d iffe renc es between the pa tient and  sim ila r pa tients to justify the p red ic tion.

Af ter genera ting  the reasoning  c ha in, p lease review it and  ind ic a te your c onfidenc e in the reasoning  
ch a in a t the end .

Op tions of c onfidenc e: [Very Confident, Confident, Neutra l, Not Confident, Very Not Confident.]

Output Format:

# Reasoning  Cha in #

1. Patient Overview:

[YOUR OUTPUT]

2. Relevant Retrieved  Med ic a l Knowledge:
[YOUR OUTPUT]

3. Co mp arison wi th Simila r Patients:

[YOUR OUTPUT]

4. Reasoning  Towards Pred ic tion:
[YOUR OUTPUT]

5. Co nc lusion:

[YOUR OUTPUT]

# Confidenc e #
[C ONFIDENCE ("Ve ry Confident", "Confident", "Neutra l", "Not Confident", "Ve ry Not Confident")]

Uniform -formatted 
output



[Reasoning] Given the fo llowing task desc rip tion, pa tient EHR 

co ntext, sim ila r pa tients, and  retrieved  med ica l knowledge, 
please provide a  step-by -step  reasoning  p roc ess tha t leads to 

the p red ic tion outc ome based  on the pa tient's c onte xt and  
relev ant med ic a l knowled ge.  After the rea soning  p roc ess, 

provide the pred ic t ion labe l (0/ 1).

========================================

# Task #
{task_desc rip tion}
========================================

# Patient EHR Context #
{c ontext}

========================================
# Sim ilar Patients #

{sim ilar_patients}
========================================

# Retrieved Medic al Kno wledge #
{me dic al_knowledge}

========================================

# Reasoning  #
{reasoning}

# Predic tion #

{Label (0/ 1)}

Fine-Tuning Input (Reasoning)

Fine-Tuning Output (Reasoning)

[Label Predic tion] Given the following task desc ription, pa tient 

EHR c ontext, sim ila r pa tients, and  retrieved  med ic a l knowledge, 
please d irec tly pred ic t the labe l (0/ 1)

========================================

# Task #
{ta sk_desc ription}

========================================
# Patient EHR Context #

{c ontext}
========================================

# Similar Patients #
{similar_patients}

========================================
# Retrieved Medic al Kno wledge #

{me dic al_knowledge}
========================================

Fine-Tuning Input (Label Prediction)

{Label (0/ 1)}

Fine-Tuning Output (Label Prediction)

Methodology ï KARE
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Challenge 2 : How to enable reliable reasoning by LLM? Templates used for fine -tuning
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KARE ï K nowledge Aware Reasoning-Enhanced HealthCare Prediction
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Datasets: MIMIC -III and MIMIC -IV
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Tasks: (1) Mortality Prediction, (2) Readmission Prediction. Both are binary classification  task.

ñWill this patient die in the next visit?ò

ñWill this patient be readmitted within 15 days?ò
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Metrics: (1) Accuracy, (2) Macro-F1, (3) Sensitivity, (4) Specificity

Accuracy measures the overall proportion of correct predictions

Macro-F1 provides a balanced measure that is particularly important for 
imbalanced datasets

Sensitivity quantifies the modelôs ability to correctly identify high-risk 
pateints (e.g., correctly predict the patient who will die  in the next visit)

Specificity quantifies the modelôs ability to correctly identify low-risk 
pateints (e.g., correctly predict the patient who will not die  in the next visit)
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Main Results (MIMIC -III)

1. For mortality prediction where the data is 

extremely imbalanced (5.42% positive 
labels), most ML models performed poor

2. LM+ML based methods improved the 
performance by leveraing external 

knowledge

3. Zero-shot, few-shot, and backbone-
finetuned LLM -based methods perform 
worse than traditional ML methods in 

most cases

4. Classic RAG can even downgrade the 
performance in zero-shot setting

5. KARE significantly outperforms all the 
previous methods

1

4

5

2

3
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Main Results (MIMIC -IV)

1. For mortality prediction where the data is 

extremely imbalanced (5.42% positive 
labels), most ML models performed poor

2. LM+ML based methods improved the 
performance by leveraing external 

knowledge

3. Zero-shot, few-shot, and backbone-
finetuned LLM -based methods perform 
worse than traditional ML methods in 

most cases

4. Classic RAG can even downgrade the 
performance in zero-shot setting

5. KARE significantly outperform all 
the previous methods
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Ablation Study

Key findings:

1. Both retrieved knowledge and reasoning chain significantly contribute to the performance gain
2. When the data is imbalanced (MIMIC -III -Mortality), similar pateint retrieval could hurt the performance
3. Without retrieved knowledge, the LLM could easily encounter overfitting issue

Study the components of fine -tuning

3

3

2

1
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Ablation Study

Study the components of retrieval algorithm and retrieval knowledge sources

(N.H.: node hits, Coh.: coherence, Rec.: recency, T.R.: theme 

relevance, DGRA: dynamic retrieval alg.)

(KGs constructed by bio-KG, bio-

corpus, and LLM, respectively)

1. Node hits and DGRA are crucial factors to control the utility of  retrieved knowledge, while other factors are 
also important

2. KGs constructed by bio-corpus (PubMed Abstract) and LLM contribute most, while the removal of KG 
constructed by UMLS has minor impact

Key findings:
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Human Evaluation 
- We hired 3 MD students and 1 MD professional to evaluate 50 (35 correct and 15 

incorrect predictions) randomly selected reasoning chains generated by KARE
- Five mertics: consistency, correctness, specificity, hepfulness, human (expert)-likeness 1. Reasoning chains leading to incorrect 

clinical predictions consistently score 
lower across all metrics
Å Highlights the critical role of 

high-qulaity reasoning chains

2. Human-likeness is notably lower for 
readmission prediction. This is because 
it is inherently difficult for clinicians 
gieven limited information ( KARE 
outperforms all the 4 experts on 
this task given these samples ) 

3. Some conflictions between reasoning 
chains and the label predictions were 
observed, indicating a room for future 
improvement

Discussions: 



Experiments

36

Efficiency Analysis

The training of KARE is more efficient than 
base LLM w/ Classic RAG, and is even faster 
than some ML models
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EHR example
Knowledge Retrieved by KARE

Example of Knowledge Retrieval by KARE


