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Ischemic Stroke

e Blood flow interruption causes ~2M neurons to
die every minute p.
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Ischemic Stroke

e Blood flow interruption causes ~2M neurons to die
every minute p.

e Second cause of death worldwide (>7M in 2020) p.

e Third cause of disability (DALYs ~143M) a1
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e Blood flow interruption causes ~2M neurons to die

every minute p.
e Second cause of death worldwide (>7M in 2020) p.
e Third cause of disability (DALYs ~143M) r..a

e Ischemic stroke represents ~87% of all cases 0.
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Ischemic Stroke

e Blood flow interruption causes ~2M neurons to die
every minute p.

Second cause of death worldwide (>7M in 2020) p.
Third cause of disability (DALYs ~143M) 5,

Ischemic stroke represents ~87% of all cases v.

The acute phase is the critical early window where

rapid intervention can minimize brain damage and

improve outcomes p.
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Motivation

An Electronic Health Record (EHR) is digital patient's medical history containing multi-table

relational schemas (labs, medications, diagnoses), high dimensionality (thousands of features

across dozens of tables), and heterogeneous data formats (categorical, continuous, temporal).
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Motivation

An Electronic Health Record (EHR) is digital patient's medical history containing multi-table
relational schemas (labs, medications, diagnoses), high dimensionality (thousands of features
across dozens of tables), and heterogeneous data formats (categorical, continuous, temporal).
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Context

Typical fine-tuning of LLMs demands vast amounts of annotated data and computational
power to improve task performances.

These fine-tuning approaches raise serious privacy concerns in sensitive domains, such
as healthcare. Main reason are the memorization capabilities of LL.Ms.
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Context

Typical fine-tuning of LLMs demands vast amounts of annotated data and computational
power to improve task performances.

These fine-tuning approaches raise serious privacy concerns in sensitive domains, such
as healthcare. Main reason are the memorization capabilities of LL.Ms.

Different privacy-preserving techniques exist: data sanitization, protection to membership
inference attack, etc.

In this work, we propose an alternative approach applied on clinical prediction tasks
based on patient EHR

19



Proposition - Model Merging

Model merging involves the combination of multiple pre-trained (or
fine-tuned) models sharing the same architecture.

We propose model merging as an efficient technique for
privacy-preserving beyond performance and transferability
improvement.

We aim to find a potentially setting where a merged model based on
input pre-trained LLMs, outperform the input models on private data.

/Contribution: Can we develop an effective and\
trustworthy LLM for predictive healthcare applications
using only pre-trained models, without relying on

fine-tuning with private patient information?

- J

1
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Finetuning vs Merging
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Finetuning vs Merging
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PatientDx - Motivation

_y , Patient profile:
e For a healthcare predictive task on patient data. "®"} | The patient is 43 years
o Input: A patient P, represented with EHR Table T old. The patient is male.
o Goal: For a task t and an LLM M, we aim to generate a | 1 he diagnosis are: ...
The laboratory

patient outcome y that belong to a set of classes. measurements are: ...

e Observation 1: Patient data consist of: demographics and | Question: Will the

clinical features, laboratory measurements, diagnoses and | patientdie in the next 48
hours?

procedures. Answer:  (yes/no)

o They contain fine-grained values of time-series, clinical

features, timestamps and others. prm— E E ==
o A LLM needs to understand the highly dense numerical *” SR =g

values — LLM adapted for numerical reasoning &

27



PatientDx - Motivation

e Observation 2: Analyzing merge LLMs performance, it indicates that finding

best configuration is worth exploring.

—— Math-Mistral
0.60 st Math-Llama Mortality Task from
Math-Med42
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0.58
S 056 ,, : p Pre-trained LLMs are
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PatientDx - Framework

PatientDx is a framework of model merging oriented to design effective LLMs for
health-predictive tasks, without fine-tuning.

Advantages:

e Handle privacy risks and optimize performances
o Given n input pre-trained LLM on nonprivate data M ,M,...M_ with the same
architecture and parameters p,, p,, ...p,_ . Inherently, none of the models handles
privacy risks both at training nor inference.
e C(ost to find the right model merge (model selection) are only inference-based
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PatientDx - Framework

We explore 2 state-of-the-art merging techniques, under n=2 models to merge.

e Model Soupyi: linear combination of input models’ weight using a model-wise
coefficient.

p'=Y lambda *p

e SLerp[2): based on angular combination of the input models.
p =Y p. *sin(lambda, Q) / sin(Q)

with € as the angle subtended by the arc formed by the vectors p, p,

[1] Model soups: averaging weights of multiple fine-tuned models improves accuracy without increasing inference time (Wortsman et al 2022)
[2] Spherical linear interpolation and text-anchoring for zero-shot composed image retrieval (Jang et al 2024)

30



Experimental Setup

e Dataset: MIMIC-IV dataset (Tables:
demographics, diagnosis, chartevents,

medications, procedures, outputevents)

e Task: Mortality prediction

e Metrics: AUROC, AUPRC

Mortality Mortality-hard
ChartEvents
Features Full & Medications
Full text length (# char - avg) 337877 2423.73

Only digits length (# char - avg) 333.42 (9.86%) 327.63 (13.51%)

Only spaces (# char - avg) 503.20 (14.89%)  379.22 (15.64%)

Letters and punctuation (# char - avg) 2542.15 (75.23%) 1716.88 (70.83%)

Number of patients 6155 6155

Deceased patients 629 (10.22%) 629 (10.22%)

31



Experimental Setup

e Models: We explored 3 main categories:
o Biomedical (BioMistral, Med42, Meditron),
o Instruct (Mistra Instruct, Llama Instruct),
o Math (Mathstral, DARTmath)

We use the Mergekit tool[3] to merge the models.

e We created the following merged models:
o PatientDx7b: combination of Mistral models (Instruct and Math version)
o PatientDx8b: combination of Llama models (Instruct and Math version)
o PatientBioDx8b: Combination of Llama models (Biomedical and Math version)

[3] Arcee’s mergekit: A toolkit for merging large language models (Goddard et al. 2024)

32



Results

We analyse the model merging effectiveness.

Mortality Mortality-hard Average

Category LLM AUROC AUPRC AUROC AUPRC | AUROC AUPRC
Meditron 7B 0.5890  0.1031 0.5746  0.0832 | 0.5818  0.0932

BioMedical BioMistral 7B (best) 0.5011  0.1213 04998  0.1213 | 0.5005 0.1213
Med42 8B 0.5015  0.2065 0.5000 0.1184 | 0.5008  0.1625

fusieact Mistral 7B Instruct 0.5653  0.1433  0.4997 0.1033 | 0.5325  0.1233
Llama31 8B Instruct 0.5033  0.1150  0.5000  0.0906 | 0.5017  0.1028

Math Mathstral 7B 0.5000  0.1594 0.5000 0.1110 | 0.5000  0.1352
DART math 8B 0.5005 0.1135 0.5039  0.0906 | 0.5022  0.1021

Mersed Pat?enth 7B (A*=0.8) 0.6057  0.1700  0.5000  0.1448 | 0.5529 0.1574
Modzls PatientDx 8B (A*=0.4) 0.6338 0.1834  0.5561  0.1345 | 0.5950 0.1590
PatientBioDx 8B (A*=0.7) 0.6101  0.1682  0.5375  0.0979 | 0.5738  0.1331
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Results

We analyse the model merging effectiveness.

Mortality Mortality-hard Average

Category LLM AUROC AUPRC AUROC AUPRC | AUROC AUPRC
Meditron 7B 0.5890  0.1031| 0.5746  0.0832 | 0.5818  0.0932

BioMedical BioMistral 7B (best) 0.5011  0.1213  0.4998  0.1213 | 0.5005  0.1213
Med42 8B 0.5015  0.2065| 0.5000 0.1184 | 0.5008  0.1625

fusieact Mistral 7B Instruct 0.5653  0.1433| 0.4997 0.1033 | 0.5325  0.1233
Llama31 8B Instruct 0.5033  0.1150  0.5000  0.0906 | 0.5017  0.1028

Math Mathstral 7B 0.5000  0.1594 0.5000 0.1110 | 0.5000  0.1352
DART math 8B 0.5005 0.1135 0.5039  0.0906 | 0.5022  0.1021

Mersed Pat?enth 7B (A*=0.8) 0.6057  0.1700  0.5000  0.1448 | 0.5529 0.1574
Modzls PatientDx 8B (A*=0.4) 0.6338 0.1834  0.5561  0.1345 | 0.5950 0.1590
PatientBioDx 8B (A*=0.7) 0.6101  0.1682  0.5375  0.0979 | 0.5738  0.1331

In Mortality: Meditron 7b and Mistral 7bInstruct are our strongest baselines with
AUROC>0.55 and Med42 8b with AUPRC=0.2.
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Results

We analyse the model merging effectiveness.

Mortality Mortality-hard Average

Category LLM AUROC AUPRC AUROC AUPRC | AUROC AUPRC
Meditron 7B 0.5890  0.1031 0.5746  0.0832 | 0.5818  0.0932

BioMedical BioMistral 7B (best) 0.5011  0.1213 04998  0.1213 | 0.5005 0.1213
Med42 8B 0.5015  0.2065 0.5000 0.1184 | 0.5008  0.1625

- Mistral 7B Instruct 0.5653  0.1433 04997 0.1033 | 0.5325 0.1233
Llama31 8B Instruct 0.5033  0.1150  0.5000  0.0906 | 0.5017  0.1028

Math Mathstral 7B 0.5000  0.1594 0.5000 0.1110 | 0.5000  0.1352
DART math 8B 0.5005 0.1135 0.5039  0.0906 | 0.5022  0.1021

Mefised Pat?enth 7B (A*=0.8) 0.6057  0.1700 | 0.5000  0.1448 | 0.5529 0.1574
Models PatientDx 8B (A*=0.4) 0.6338 0.1834| 0.5561  0.1345 | 0.5950 0.1590
PatientBioDx 8B (A*=0.7) 0.6101  0.1682 | 0.5375  0.0979 | 0.5738  0.1331

In Mortality: Meditron 7b and Mistral 7bInstruct are our strongest baselines with
AUROC>0.55 and Med42 8b with AUPRC=0.2.
PatientDx outperforms all baselines in terms of AUROC.
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Results

e We analyse the model merging effectiveness.

Mortality Mortality-hard Average

Category LLM AUROC AUPRC AUROC AUPRC | AUROC AUPRC
N Mistral 7B Instruct 0.5653  0.1433  0.4997 0.1033 | 0.5325  0.1233
Llama31 8B Instruct 0.5033  0.1150 | 0.5000  0.0906 | 0.5017  0.1028

Math Mathstral 7B 0.5000  0.1594  0.5000 0.1110 | 0.5000  0.1352
DART math 8B 0.5005  0.1135| 0.5039  0.0906 | 0.5022  0.1021

Mersed Pat?enth 7B (A*=0.8) 0.6057  0.1700  0.5000  0.1448 | 0.5529 0.1574
Modzls PatientDx 8B (A*=0.4) 0.6338 0.1834 | 0.5561  0.1345 | 0.5950 0.1590
PatientBioDx 8B (A*=0.7) 0.6101  0.1682  0.5375  0.0979 | 0.5738  0.1331

e In Mortality: Comparing PatientDx8b against Llama3 and DARTmath, we obtain a
large improvements
o PatientDx models can outperform input models.



Results

e We analyse the model merging effectiveness.

Mortality Mortality-hard Average

Category LLM AUROC AUPRC AUROC AUPRC | AUROC AUPRC
N Mistral 7B Instruct 0.5653  0.1433  0.4997 0.1033 | 0.5325  0.1233
Llama31 8B Instruct 0.5033  0.1150  0.5000  0.0906 || 0.5017  0.1028

Math Mathstral 7B 0.5000  0.1594  0.5000 0.1110 | 0.5000  0.1352
DART math 8B 0.5005 0.1135 0.5039  0.0906 || 0.5022  0.1021

Mersed Pat?enth 7B (A*=0.8) 0.6057  0.1700  0.5000  0.1448 | 0.5529 0.1574
Modzls PatientDx 8B (A*=0.4) 0.6338 0.1834  0.5561  0.1345 || 0.5950 0.1590
PatientBioDx 8B (A*=0.7) 0.6101  0.1682  0.5375  0.0979 | 0.5738  0.1331

e In Mortality-hard: We observe general drop in performance for all models.

However, merged models (PatientDx8b) still outperform input models, being more robust
and less affected by the reduction of textual information



Results

Ablation study on the use of a math-based model and the SLerp merging technique.

PatientDx 7B PatientDx 8B PatientBioDx 8B

0.6057 0.6338 0.6101
PatientDx w/o Math 0.5698 ({ 5.9%) 0.4996 (| 21.1%) 0.5229 (| 14.2%)
PatientDx w/o SLerp 0.5034 (| 16.8%) 0.5765 (1 9.0%) 0.5035 (| 17.4%)

PatientDx w/o Math w/o SLerp 0.5023 (| 17.1%) 0.4993 (| 21.2%) 0.5272 ({ 13.6%)
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Results

e Ablation study on the use of a math-based model and the SLerp merging technique.
PatientDx 7B PatientDx 8B PatientBioDx 8B

0.6057 0.6338 0.6101
PatientDx w/o Math 0.5698 ({ 5.9%) 0.4996 (| 21.1%) 0.5229 (| 14.2%)
PatientDx w/o SLerp 0.5034 (| 16.8%) 0.5765 ( 9.0%) 0.5035 ({ 17.4%)

PatientDx w/o Math w/o SLerp 0.5023 (| 17.1%) 0.4993 (| 21.2%) 0.5272 ({ 13.6%)

The Math model is a critical feature in our merging approach, with an average drop of
13.7% 1in performance.

The absence of SLerp technique is also critical in the performance with an average drop of
14.4%

Particularly, PatientDx8b, removing the Math model is more critical than removing SLerp.
39



Model |, Q&A

You are an extremely helpful healthcare assistant. What is the dose of amoxicillin for a I-year-old?

Analysis of generated answer from

input and merged models.

The question includes
numeric data in the input
(age) and the output (dose)
Meditron models answer 1s
unrelated to the task.

Med42 provides a more
coherent answer with
recommendations
Math-based models use short
answers and more
numeric-information
PatientDx8B provides a more
contextualized answer than
the input models, but fails to
include patient’s condition.

Mathstral 7B

The recommended daily dose for amoxicillin in a I-year-old is typically between 10 to 50 milligrams
per kilogram of body weight, depending on the severity of the infection and the child’s condition.
The exact dosage should be determined by a healthcare provider. However, it’s crucial to follow all
instructions given by a doctor or pharmacist.

DART math 8B

The dosage of amoxicillin for a 1-year-old child depends on the child’s weight. A typical dose for a
1-year-old child is 10 mg/kg of the child’s weight. To find the dose, we need to know the weight of the
child. If the child weighs 10 kg, then the dose of amoxicillin is 10 mg/kg x 10 kg = 100 mg.

The answer is: 100

Med42 8B

As a responsible healthcare professional, I can’t provide you with the dosage of any medication on

my own. It's always best to consult a healthcare professional like a pediatrician or a doctor to

ensure appropriate dosages for a specific child. However, I can give you some general guidelines.

The dosage of amoxicillin for a I-year-old child is determined by age, weight, and the condition

being treated. In the case of uncomplicated infections, a typical dose is 25 - 50 mg per kilogram of
body weight per day. split into two to three doses over 24 hours. It's important to note that

this is just a general guideline and should always be confirmed by a healthcare professional.

To ensure accurate dosing for a 1-year-old child, a pediatrician may consider the child’s height, weight,
and the severity of their...

Meditron 7B

A.25 mg B. 50 mg C. 125 mg D. 250 mg. A 44-year-old woman presents to your clinic complaining
of abdominal pain and bloating. She says her symptoms started after her last bowel movement but

she is afebrile, has no leukocytosis, and has no signs of dehydration. Her only other complaints are
constipation and diarrhea with blood but without any other systemic symptoms. Your patient has had
similar complaints on and off for the past 15 years but she has never had an E. coli infection previously.
The patient has no history of inflammatory bowel disease. She denies having a fever,...

PatientDx 8B

The dosage is calculated based on the child’s weight, not age. The recommended dosage of amoxicillin
for a child is 50mg/kg/day given every 8 hours. First, we need to find out the child’s weight.

Assuming a typical weight for a 1-year-old child is about 10 kg. Then, we calculate the dose of
amoxicillin per day by multiplying the child’s weight in kg by 50mg/kg/day:

50mg/kg/day x 10kg = 500mg/day. Finally, we divide the daily dose by the number of times

the dose needs to be given per day (every 8 hours), which is 3 times per day. So the dose of
amoxicillin per administration is: 500mg/day + 3 = 166.6mg/8h
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Conclusion

e Merging models is a competitive strategy to obtain new shareable models with
competitive prediction capabilities
o And with no risk of data privacy violation

e PatientDx shows that merging a Math model with an Instruct or Biomedical model
achieves improvements on mortality tasks.

e Further merging methods should be explored to adapt better on clinical tasks.
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Motivation

An Electronic Health Record (EHR) is digital patient's medical history containing multi-table
relational schemas (labs, medications, diagnoses), high dimensionality (thousands of features
across dozens of tables), and heterogeneous data formats (categorical, continuous, temporal).
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Motivation

An Electronic Health Record (EHR) is digital patient's medical history containing multi-table
relational schemas (labs, medications, diagnoses), high dimensionality (thousands of features
across dozens of tables), and heterogeneous data formats (categorical, continuous, temporal).

Y I I

Because of the remarkable capabilities of LLLMs on text data, with this work, we
want to draw the best practices to use LLM by studying different “readable” patient
representations for two healthcare-related tasks (information extraction and
retrieval) that require integration of structural schemas and semantic analysis of the
content
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Motivation

An Electronic Health Record (EHR) is digital patient's medical history containing multi-table
relational schemas (labs, medications, diagnoses), high dimensionality (thousands of features
across dozens of tables), and heterogeneous data formats (categorical, continuous, temporal).
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Challenges
The tabular nature of EHRSs raise the following challenges

- Lack of standardized serialization methods for tabular data (text transformation)
- Lack of generalizability across data representations
- Lack of grounding with prior (pre-trained) knowledge

Data/evaluation challenge: no existing dataset for LLM evaluation using EHR data
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Challenges
The tabular nature of EHRSs raise the following challenges

- Lack of standardized serialization methods for tabular data (text transformation)
- Lack of generalizability across data representations
- Lack of grounding with prior (pre-trained) knowledge

Data/evaluation challenge: no existing dataset for LLM evaluation using EHR data

Our contributions are:
e An extensive evaluation of two LLMs on IE and
IR tasks
e Anew MIMIC-based dataset for patient
information extraction and retrieval
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Study Design - EHR Tasks

e Repository R that contains raw tabular EHR data

o features F={f,...f}

o Patient p, can be formalized as a reference table T, structured using a subset of features F oi CF
qr e e e fpiki}, with k. is the number of EHR features in T..

e Extraction: Answer specific queries about a patient's medical history

where F . = {f
pi Up

o Input: (p, serialized data, Text query extraction q)
o  Expected output: set of {fpij} that satisfies query extraction q

find the primary disease and diagnoses icd9 code of the patient?
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Study Design - EHR Tasks

e Repository R that contains raw tabular EHR data

o features F={f,...f}

o Patient p, can be formalized as a reference table T, structured using a subset of features F oi CF
qr e e e fpiki}, with k. is the number of EHR features in T..

e Extraction: Answer specific queries about a patient's medical history

where F . = {f
pi Up
o Input: (p, serialized data, Text query extraction q)
o  Expected output: set of {fpij} that satisfies query extraction q
find the primary disease and diagnoses icd9 code of the patient?

® Retrieval: Finding relevant patients matching specific clinical criteria
o Input: (R, Text query criteria q)
o Expected output: Ranked set of {p.} that satisfies query criteria q

which patients diagnosed under icd9 code 76525 had cerebrospinal fluid as lab test fluid?
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Study Design - MIMIC_, and MIMIC _ datasets

Based on MIMIC III (and MIMICSQL), we generate two new MIMIC variants: MIMIC_  and MIMIC

[Wang et al., 2020]

search

1
Y et [ow o [ censr | somssonrvoe |
1 | . .
! E 990 184231 F EMERGENCY o single patients
1
: 8 17772 122127 M NEWBORN —
o N . - N 1
3 i H H H H i
! E 66411 178264 E EMERGENCY -
Tables ! !
i 29961 196409 M EMERGENCY :
| 1 .
| ETTR T Single - MIMIC
' g 9258 183354 Procedure-one vessel ! Modified SQL into natural ask
Iw 28588 141664 Insert endotracheal tube & [ 3 .
§ o e e | Cqueies A\ language Multiple - MIMIC
[4 5 z T ’ !
1
V& 66411 178264 Abdomen artery incision : Sea rCh
: 66411 178264 Venous catch NEC :
saL t Jat SELECT SAGG_OP (SAGG_COLUMN)* FROM STABLE WHERE
lemplate| < conD_COLUMN $COND_OP $COND_VAL)
i How many female patients underwent the procedure of . .
Question
{ abdomen artery incision? multlple patlents

FROM DEMOGRAPHIC INNER JOIN PROCEDURES on
DEMOGRAPHIC.HADM_ID = PROCEDURES.HADM_ID
WHERE DEMOGRAPHIC."GENDER" = "F" AND
PROCEDURES."SHORT_TITLE" = "Abdomen artery incision"

SELECT COUNT ( DISTINCT DEMOGRAPHIC.SUBJECT_ID )
SQL query ’

# patients(n) # features(k) # k/n # train # dev # test

MIMIC,,. 100 5414 34 861 96 372
MIMICcarch 4000 19970 557 2204 868 110177 | 2mpemet
MIMICSQL 46520 32340 3912 8000 1000 1000
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Study Design - Prompting strategies
We consider prompts as triplets following the concatenation of elements in the form:

< Instruction, [ Demonstrations], Context >
Prompting strategies defined by multiple configurations of the prompt format:

- Instruction: How to address the task
- Guided (task-specific clinical heuristics)
- Non-guided (general task description)
- Demonstrations: How select examples (zero-shot vs. few-shot using ICL)
- Query-based vs. Patient-based similarity selection
- Context: How represent EHR data (serialization methods and feature selection)

- Feature selection: all vs. random
- Value aggregation: raw vs. avg (temporal-aggregated)
- Serialization: txt vs. xsep vs. sgen
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Research Questions
We explore multiple prompts elements that may affect performance:

e (RQI) How can the structure and content of tabular EHRs be leveraged to grasp
insights when applied in EHR tasks?

e (RQ2) How effective is guided task completion for EHR tasks?

e (RQ3) How does the choice of demonstrations in ICL affect performance on EHR
tasks?
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Results - RQ1

Leveraging tabular EHR structure and content

- Extraction: Requires deeper (fine-grain) EHR
comprehension

Llama Meditron
F? ¢ Extraction Retrieval A% Extraction Retrieval A%
Bscore R-1 MAP R Bscore R-1 MAP R
txt [56.18 22.84] 9.30 32.19 [$26:79] 56.21 23.26] 8.31 29.01 [$21:53
= xsep]57.10 20.97] 9.80 33.39 | +27.64 52.10 14.94] 7.65 27.44 | +11.12
sgen| 57.80 23.25(9.84 33.62 +11.11]52.47 17.51) 7.63 24.67 +4.59
o txt |56.86 23.28] 8.25 27.70 +22.44]57.26 25.89{10.34 32.09 +21.88
éxsep 57.30 21.84) 7.98 28.35 +19.06]54.88 19.85) 8.14 29.03 +23.40
©sgen|58.46 24.36] 8.52 32.00 +7.01 [57.79 23.95] 8.05 29.10 +6.62
txt |51.60 12.69] 8.72 28.83 - 53.61 14.09] 8.27 25.07 -
ngsep 52.14 12.94] 8.98 25.71 - 50.53 11.60f 7.32 25.39 ~
sgen| 55.89 18.16] 9.21 31.67 - 51.57 15.08) 7.19 26.14 -
> txt 151.76 12.91]8.34 27.73 - 53.66 14.66] 10.30 30.91 -
< xsep| 52.54 12.75] 8.17 28.87 - 50.83 12.69] 7.69 23.53 -
A sgen| 56.58 20.63] 7.90 32.39 - 56.72 20.40] 7.53 29.02 -
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Results - RQ1

Leveraging tabular EHR structure and content

- Extraction: Requires deeper (fine-grain) EHR
comprehension

- Retrieval: Requires global (coarse-grain) EHR
comprehension

Llama Meditron
F? ¢ Extraction Retrieval A% Extraction Retrieval A%
Bscore R-1 MAP R Bscore R-1 MAP R
txt 56.18 22.8419.30 32.19 | +26.79 56.21 23.26 | 8.31 29.01 | +21.53
S xsep 57.10 20.97 |9.80 33.39 | +27.64 52.10 14.94]7.65 27.44|+11.12
sgen 57.80 23.25]9.84 33.62|+11.11 52.47 17.51|7.63 24.67) +4.59
o txt 56.86 23.28 8.25 27.70 | +22.44 57.26 25.89[10.34 32.09| +21.88
:gxsep 57.30 21.847.98 28.35|+19.06 54.88 19.85| 8.14 29.03 | +23.40
©sgen 58.46 24.36]8.52 32.00 | +7.01 57.79 23.95]8.05 29.10| +6.62
txt 51.60 12.698.72 28.83 - 53.61 14.098.27 25.07| -
ngsep 52.14 12.948.98 25.71 - 50.53 11.60 7.32 25.39 ~
sgen 55.89 18.16 19.21 31.67 - 51.57 15.08 7.19 26.14 -
>txt 51.76 12.91]8.34 27.73 - 53.66 14.66 |10.30 30.91 -
~xsep 52.54 12.75]8.17 28.87 - 50.83 12.69] 7.69 23.53 -
Esgen 56.58 20.637.90 32.39 - 56.72 20.40 | 7.53 29.02 -
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Llama

Meditron

F? ¢ Extraction Retrieval A% Extraction Retrieval A%
ReSUItS - RQI Bscore R-1 MAP R Bscore R-1 MAP R

txt 56.18 22.84 9.30 32.19 P¥96ITY 56.21 23.26 8.31 29.01 [¥21i53
. = xsep 57,10 2097 9.80 33.39 | 4+27.64 52.10 14.94 7.65 27.44 | +11.12
Leveraging tabular EHR structure and content sgen| 57.80 23.25 9.84 33.62]411.11 52.47 17.51 7.63 24.67  +4.59
. . ) o txt 56.86 23.28 8.25 27.70 +22.44[57.26 25.89 10.34 32.09] +21.88
- Extraction: Requires deeper (fine-grain) EHR _Sxsep 57,30 21.84 7.98 2835 +19.06 SZB8 085 BIT D003 +23.40
ComprehenSIOH csSgeI1|58.46 24.36 8.52 3200|+701 I57.79 23.95 8.05 29.10' +662

_ Retrieval: Requires clobal (coarse-erain) EHR txt 51.60 12.69 8.72 28.83 - 53.61 14.09 8.27 25.07 -

_ 9 g ( grain) gxsep 52.14 12.94 898 2571 -  50.53 11.60 7.32 25.39 -

comprehension sgen 55.89 18.16 9.21 31.67 -  51.57 15.08 7.19 26.14 -

stxt 51.76 12.91 834 27.73 -  53.66 14.66 10.30 30.91 -

Sxsep 52.54 12.75 8.17 28.87 -  50.83 12.69 7.69 23.53 -

Esgen 56.58 20.63 7.90 32.39 -  56.72 20.40 7.53 29.02 -

- Serialization method

Llama (sgen) and Meditron (avg - txt, sgen) outperform on both tasks
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Llama Meditron

F? ¢ Extraction Retrieval A% Extraction Retrieval A%

Results - RQI Bicore R-1 MAP R B.ore R-1 MAP R

txt 56.18 22.84 9.30 32.19 +26.79|56.21 23.26 8.31 29.01|+21.53
= xsep 57.10 20.97 9.80 33.39 +27.64 ] 4,94 44 +11.12

sgen 57.80 23.25 9.84 33.62 +11.1152.47 17.51 7.63 24.67] +4.59

o txt 56.86 23.28 8.25 27.70 +22.44]57.26 25.89 10.34 32.09] +21.88
éxsep 57.30 21.84 7.98 28.35 +19.06 04.88 19.85 &.14 29.05 +23.40

Leveraging tabular EHR structure and content

- Extraction: Requires deeper (fine-grain) EHR

Comprehen810n CSSg(—',‘lfl 58.46 24.36 8.52 32.00 +701 I57.79 23.95 8.05 29.10' +662
_ Retrieval: Requires global (coarse-grain) EHR B txt 51.60 12.69 8.72 28.83 - 53.61 14.09 8.27 25.07 -
) £ Xsep 52.14 12.94 8.98 25.71 - 50.53 11.60 7.32 25.39 -
comprehens10n sgen 55.89 18.16 9.21 31.67 - 51.57 15.08 7.19 26.14 -
otxt 51.76 12.91 8.34 27.73 - 53.66 14.66 10.30 30.91 -
<Sxsep 52.54 12.75 8.17 28.87 - 50.83 12.69 7.69 23.53 -
Esgen 56.58 20.63 7.90 32.39 - 56.72 20.40 7.53 29.02 -

- Serialization method
- Llama (sgen) and Meditron (avg - txt, sgen) outperform on both tasks

- Meditron performance is better on txt over sgen -> medical knowledge captured by Meditron endows it with
better abilities to leverage EHR information
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Llama Meditron

F? ¢ Extraction Retrieval A% Extraction Retrieval A%

Results - RQI Bicore R-1 MAP R B.ore R-1 MAP R

txt | 56.18 22.8419.30 32.19 | +26.79 56.21 8.31 29.01j) +21.53

, = xsep| 57.10 20.97 |19.80 33.39 |+27.64] 52.10 7.65 27.44f +11.12
Leveraging tabular EHR structure and content sgen| 57.80 23.25[l9.84 33.62|+11.11] 52.47 7.63 24.67] +4.59

o txt] 56.86 23.28 f18.25 27.70 | +22.44) 57.26 0.34 32.09) +21.88

- Extraction: Requires deeper (fine-grain) EHR _Sxsep] 57.30 21.84[|7.98 28.35 | +19.0d 54.88 8.14 29.03] +23.40

Comprehen810n CSSg(—',‘lfl 58.46 24.36[18.52 32.00 +701 57.79 8.05 29.10 +662
_ Retrieval: Requires global (coarse-grain) EFHR B txt ] 51.60 12.6918.72 28.83 - 53.61 8.27 25.07 -
) £ xsep 52.14 12.94|18.98 25.71 - 50.53 7.32  25.39 -
comprehens10n sgenf 55.89 18.16 §9.21 31.67 - 51.57 7.19 26.14 -
o txt| 51.76 12.918.34 27.73 - 53.66 10.30 30.91 -
<Sxsepl 52.54 12.75|18.17 28.87 - 50.83 7.69 23.53 -
Esgen 56.58 20.6317.90 32.39 - 56.72 20.40§7.53 29.02 -

- Serialization method
- Llama (sgen) and Meditron (avg - txt, sgen) outperform on both tasks

- Meditron best performance on txt over sgen -> medical knowledge captured by Meditron endows it with better
abilities to leverage EHR information
- Patient data retrieval is a more difficult task than patient data extraction for both LLMs
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Results - RQ2

Guiding task completion: Evaluation on the impact of the instruction component

Minimal performance difference between guided and non-guided instructions

Llama Meditron
(F?,0) (all, sgen) (allgug,sgen) (o0 | _— (allgug,sgen)
Extraction Retrieval Extraction Retrieval Extraction Retrieval Extraction Retrieval
T/ L Bseore B-1 MAP R Bseore R-1 MAP R Bacowe Bl MAP R Bawe Bl MAP R
Guided |57.92 23.44 9.56 33.42 58.93 24.98 9.22 31.32 57.26 25.71 12.07 32.54 57.82 23.77 7.98 28.95
Non-Guided] 57.80 23.25 9.84 33.62 58.46 24.36 8.52 32.00 57.26 25.89 10.34 32.09 57.79 23.95 8.05 29.10
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Results - RQ2

Guiding task completion: Evaluation on the impact of the instruction component

Minimal performance difference between guided and non-guided instructions

Task-Specific Variations:

Providing more detailed instructions offers a slight improvement in extraction tasks

Llama Meditron

(F?,0) (all, sgen) (allgug,sgen) (o0 | _— (allgug,sgen)

Extraction Retrieval Extraction Retrieval Extraction Retrieval Extraction Retrieval

e/ L Bscore R-1 MAP R Bsecore R-1 MAP R Bscore R-1 MAP R Bseore R-1 MAP R

Guided [157.92 23.44]19.56 33.42 |58.93 24.98 19.22 31.32 57.26 25.71 12.07 32.54|57.82]23.77 7.98 28.95
Non-Guided] 57.80 23.25 19.84 33.62]58.46 24.36 |8.52 32.00 57.26 25.89 10.34 32.09|57.79 23.95 8.05 29.10
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Results - RQ2

Guiding task completion: Evaluation on the impact of the instruction component

Task-Specific Variations:

Minimal performance difference between guided and non-guided instructions

Extraction tasks benefit slightly from more detailed instructions
Retrieval tasks show no improvement with instruction elaboration

Llama

Meditron

(Fp;¢) (a'll) sgen) (alla’vg,sgen)

(o0 | _— (allgug,sgen)

Extraction Retrieval Extraction Retrieval Extraction Retrieval Extraction Retrieval

Ie/-[r BSCO’I"G R_l MAP R Bscore

R-1 MAP R Bswore R-1 MAP R Bswre R-1 MAP R

Guided 57.92 23.44
Non-Guided 57.80 23.25

9.56 _33.42158.93 24.98 9.22
9.84 33.62] 58.46 24.36 8.52

31.32
32.00

57.26 25.71 12.07 32.54 57.82 23.77 |7.98 28.95

57.26 25.89 10.34 32.09 57.79 23.95 |8.05 29.10
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Results - RQ2

Guiding task completion: Evaluation on the impact of the instruction component

Minimal performance difference between guided and non-guided instructions

Task-Specific Variations:

Extraction tasks benefit slightly from more detailed instructions
Retrieval tasks show no significant improvement with instruction elaboration

Model Differences: Llama benefits slightly more from explicit guidance than Meditron

Llama Meditron
(F?,0) (all, sgen) (allgug,sgen) (o0 | _— (allgug,sgen)
Extraction Retrieval Extraction Retrieval Extraction Retrieval Extraction Retrieval
I/ L Bscore R-1 MAP R Bsecore R-1 MAP R Bscore R-1 MAP R Bseore R-1 MAP R

Guided

57.92 23.44 ]9.56 33.42'58.93 24.98 9.22]31.32 57.26 25.71| 12.07 32.54 57.82] 23.77 7.98 28.95

Non-Guided 57.80 23.25 9.84 33.62 58.46 24.36 8.52 32.00 57.26 25.89 10.34 32.09 57.79 23.95 8.05 29.10




Results - RQ3

Selecting demonstrations: Evaluation on the impact of demonstration

quality in an ICL setup on task performance.
Task-Specific:

- Extraction task: improvements by using demonstrations

(F,0)
I/

#ex

ICL w/ Llama (Lma;.)

(all, sgen)

Non-Guided

(allgwg, sgen)

Guided

Extraction Retrieval Extraction Retrieval

BSCO’!‘B

R_ 1 MAP R BSCOTE

R-1 MAP R

57.80 23.25

59.47 26.88
59.97 27.16
60.75 28.75

9.84
N/A
N/A
N/A

33.62]58.93 24.98 |9.22

N/A
N/A
N/A

60.75
60.51
60.75

30.61
29.68
29.53

N/A
N/A
N/A

31.32
N/A
N/A
N/A

60.82 28.90
61.42 30.04
61.83 31.48

8.06
8.07
8.28

29.50
29.43
31.95

60.36 30.61
61.90 31.87
62.44 32.39

7.84
8.81
8.85

29.82
30.80
34.17

Random |Query o, |Patiento,

58.66 25.33
59.90 26.60
59.75 26.69

7.87
7.87
8.48

29.63
30.20
31.15

59.89 28.55
59.80 27.76
60.91 28.90

7.98
8.67
9.42

29.60
31.15
35.54
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Results - RQ3

Selecting demonstrations: Evaluation on the impact of demonstration

ICL w/ Llama (Lma;.)

quality in an ICL setup on task performance. (F? 4) il pey

I /oL, Non-Guided

(allgwg, sgen)

Guided

Task-Specific:

o #ex Extraction Retrieval

Extraction Retrieval

- Extraction task: improvements by using demonstrations

BSCO’!‘B R_ 1 MAP R

BSCOTE R_ 1 MAP R,

- Retrieval task: Zero-shot approach surprisingly
outperforms few-shot methods

0 57.80 23.25]9.84 33.62]58.93 24.98 [9.22 31.3%4
¢ 1 5947 26.88 N/A N/A 60.75 30.61 N/A N/A
£ 2 5997 27.16 N/A N/A 60.51 29.68 N/A N/A
£ 3 6075 28.75 N/A N/A 60.75 29.53 N/A N/A
§ 1 6082 28.90[8.06 29.50] 60.36 30.61 |7.84 29.82
£ 2 6142 30.04]8.07 29.43]| 61.90 31.87 |8.81 30.80
5 3 61.8331.48|8.28 31.95162.44 32.39 8.85 34.17
E 1 5866 25.33|7.87 29.63| 59.89 28.55 |7.98 29.60
T 2 59.90 26.60)7.87 30.20] 59.80 27.76 [8.67 31.15
£ 3 59.75 26.69|8.48 31.15] 60.91 28.90 9.42 35.54
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Results - RQ3

Selecting demonstrations: Evaluation on the impact of demonstration

quality in an ICL setup on task performance.
Task-Specific:

- Extraction task: improvements by using demonstrations
- Retrieval task: Zero-shot approach surprisingly outperforms
few-shot methods

Example Selection: Query-based examples (similar questions)
outperform patient-based examples and random

(F,0)
I/

ICL w/ Llama (Lma;;)

(all, sgen)

Non-Guided

(allgwg, sgen)

Guided

#ex Extraction Retrieval Extraction Retrieval

BSCOT@

R_ 1 MAP R BSCOTE

R-1 MAP R

57.80 23.25

9.84

33.62 58.93

24.98

9.22

31.32

59.47
59.97
60.75

26.88
27.16
28.75

N/A
N/A
N/A

N/A
N/A
N/A

60.75
60.51
60.75

30.61
29.68
29.53

N/A
N/A
N/A

N/A
N/A
N/A

Random |Query o, |Patiento,

W[ WNDH|WNE=]O

60.82 28.90
61.42 30.04

|61.83 31.48
58.66 25.33
59.90 26.60
59.75 26.69

8.06
8.07
8.28

7.87
7.87
8.48

29.50
29.43
31.95

29.63
30.20
31.15

60.36 30.61
61.90 31.87

[62.44 32.39
59.89 28.55
59.80 27.76
60.91 28.90

7.84
8.81
8.85

7.98
8.67
9.42

29.82
30.80
34.17

29.60
31.15
35.54
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Results - Comparative evaluation

Extraction

Models T50 BARTo T5;; BART; TREQS Lma" Med” Lma}, Med?,

B.core [46.07 48.50 53.41 | 83.94 | 23.68 |[62.44 60.69 84.79 56.04
R-1 [492 219 28.07] 67.18 | 13.21|32.39 33.18 74.47 11.90
Retrieval "

Models ~BM25  MonoB MonoT5 TREQS Lma* Med* Lma?, Med,

MAP 35.26 10.19 | 38.49  43.99f 9.84 12.07 11.33|44.34
R 49.37 35.43 | 53.01  52.16| 33.62 32.54 47.95|53.38

SQL-based



Summary of Take-Away Messages

l.

Keep all the features: Unsurprisingly context is improved when using all available EHR
features, leading to better task performance. However, if longitudinal values are present,
then use feature value aggregation.

Serialization method selection: The best EHR serialization method is based on the LLM
self-generated (sgen) EHR tabular descriptions.

Medical-aligned LLMs can perform correctly with template-based serialization.

Example Selection: For ICL, demonstration selection based on queries (instead than based
on patients) i1s more effective for extraction as the number of examples increases.
Conversely, the retrieval task better leverages zero-shot setups.

Fine-tuning Approach: Fine-tuned LLMs with basic data-to-text EHR serialization
methods achieve the best performance across tasks compared to general fine-tuned models
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Official repository for our paper "Evaluating LLM Abilities to Understand Tabular Electronic Health
Records: A Comprehensive Study of Patient Data Extraction and Retrieval" accepted at ECIR 2025. This
repository contains code and instructions for creating datasets and running models for two main tasks:

1. MIMIC ASK: A patient data extraction task on Electronic Health Records (EHR)
2. MIMIC SEARCH: An information retrieval task on EHR data
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Evaluating LLM Abilities to Understand Tabular
Electronic Health Records: A Comprehensive
Study of Patient Data Extraction and Retrieval

Jesiis Lovon-Melgarejo!, Martin Mouysset’, Jo Oleiwan', Jose G. Moreno!,
Christine Damase-Michel?, and Lynda Tamine !

!Université Paul Sabatier, IRIT, Toulouse, France
*Centre Hospitalier Universitaire de Toulouse, CERPOP INSERM UMR 1295 -
SPHERE aculté de Médecine Université de Toulouse, Toulouse, France
{jesus.lovon, martin.mouysset, jo.oleiwan, jose.moreno,tamine}@irit.fr
{christine.damase-michel}@univ-tlse3.fr

am

Abstract. Electronic Health Record (EHR) tables pose unique chal-
lenges among which is the presence of hidden contextual dependencies
between medical features with a high level of data dimensionality and
sparsity. This study presents the first investigation into the abilities of
LLMs to comprehend EHRs for patient data extraction and retrieval. We
conduct extensive experiments using the MIMICSQL dataset to explore
nstruction, context, and demonstra-

the impact of the prompt structure.
tion, of two backbone LLMs, Llama2 and Meditron, based on task perfor-
mance. Through quantitative and qualitative analyses, our findings show
that optimal feature selection and serialization methods can e nce task
performance by up to 26.79% compared to naive approaches. Similarly,

in-context learning setups with relevant example selection improve data
extraction performance by 5.95%. Based on our study findings. we pro-
pose guidelines that we believe would help the design of LLM-based

models to support health search

Keywords: Large language models - Electronic Health Record (EHR)
tabular data- information retrieval - information extraction

68



Early stroke functional outcome prediction
from admission clinical records

Santiago Gomez - José G. Moreno - Daniel Mantilla - Fabio Martinez.

T Université %
cde Toulouse @
), | BIVLab



Functional Outcome Prediction

. Earl Lat
e Demographics ¢ Rule out e Occluded lzgggfr?;;irve - arly ate
Data : 512:1 fse;;;osrs ~ Eé?;fgic " :ﬂ&:ssis ¢ Door-to- canalization e NIHSS24  « mRS30
Collected , | Senies (i hans viability Needle Time Time * mRS e mRS90
l NIHSS) « ASPECTS i | e ent g Sl U discharge  Gold
1hiiis Standard
—_—

pm—_—

(B

-—————Embi—-—————-—-—-

O J—o
Specialized 1
v Non-contrast : Treatment 2
Stroke Clinical P l— Imaging Acute Mrams | Functional
Onset Examination Tomn pra h (CTA, CTP, Treatment Evaluation 1 Outcomes
graphy  pw.-MRI) :
Admission Discharge

70



Functional Onteame Prediction

. Preprocessing
Admission (Optional)

Records

_&_ :> Llama
=

Codification

\

1. TF-IDF

2. Clinical BERT

3. ModernBERT

4. C. ModernBERT

\/

4

Experimental Pipeline for Early Prediction of Stroke Functional Outcomes

Bayesian Tuning

F1-Score AUROC B. Accuracy

4 ™\
Classification

Bad
XGBoost| —
() Good

S /

Proposed: First approximation for functional outcome prediction based exclusively on unstructured

clinical notes collected at admission. The strategy consists of three stages: 1) preprocessing, 2) admission

notes codification with lexical- and semantic-based models, and 3) vectors classification with XGBoost.
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Encoding Admission Records (sentence BERT)

Similarity Similarity
Sigmoid cosine-sim(u,v)
/ -~\ Embedding z /\
{ Preprocessing | 4
Admission (Optional) ] _ Embedding u Embedding v
Records E ; * ’
_&_ :> : Llama | Mean pooling Mean pooling

Records |

A

“ee
see

Sentence B

i

Sentence A

S

Sentence A Sentence B
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Dataset

284 cases of ischemic stroke treated at 2 clinics between October 2021 and April 2024
Inclusion criteria: >= 18 years old and no evidence of cerebral hemorrhage

Admission notes written in Spanish, baseline clinical variables, details of the treatment administered, and
outcome measures, modified Rankin Scale (mRS) at discharge and 30 and 90 days after treatment (exclusion
criteria)

Data was anonymized. Patient identifiers (name, ID, and birth date) removed, and admission notes revised

The study protocol was approved by the ethics committees CEINCI-UIS and CEI-FOSCAL at FOSCAL

The dataset includes patient age (73.1 = 13.2 years) and gender (146 females, 137 males, and 1 unspecified),
along with variables grouped into five categories: baseline clinical, imaging-derived measures, acute
treatment, treatment success, and functional outcomes
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Preprocessing

{ Preprocessing

Admission (Optional)
Records ;
FoO_ SN Llama
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Preprocessing

{ Preprocessing

Admission (Optional)
Records ; i
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Preprocessing

| Preprocessing | . .
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Functional Outcome Prediction (parameter tuning)

Optimization metric =~ AUROC B. Acc F1 Prec Rec Spec

AUROC (n=12) 0.723 0.557 0.801 0.700 0.935 0.178
B. Acc (n=12) 0.692 0.623 0.812 0.737 0.908 0.341
F1 (n=12) 0.673 0.572 0.813 0.706 0.963 0.183

m The balanced accuracy emerged as the most well-rounded objective, while
its AUROC (0.692) and F1-score (0.812) were slightly lower, it delivered the
best results in balanced accuracy (0.623), precision (0.737), and specificity
(0.341).
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Fu Vi 1 M\ i ™ 1° +®

—&— Original base + % LLaMa 3.2B —8— LLaMa 3.2B base + % Original
TF-IDF Clinical BERT ModernBER'T C. ModernBERT

0.662

0.644

0.621

0 25 50 75 100 0 25 50 75 100 0 25 50 75 100 0 25 50 75 100

|

Balanced Accuracy

Augmentation level (% of paired doc added)

m Best: TF-IDF with original documents (0.662) and Clinical BERT with
original documents augmented with 25% Llama content (0.662).
m Decrease in performance when augmentation exceeded 25%.
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Functional outcome after 90 days
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Functional Outcome Prediction

. Earl Lat
e Demographics ¢ Rule out e Occluded lzgggfr?;;irve - arly ate
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Functional Outcome Prediction

Admission
notes

X Text
| \ Encoder g _>

O Unfavorable (mRS > 2)
QO Favorable (mRS <=2)

Variables AUROC B. Acc
All vars (early outcome vars incl.)  0.990 0.962
L w/o Early outcome 0.845 0.781

|—> w/o Treatment success 0.831 0.759

L) w/0 Acute treatment 0.852 0.771

l—) w/o Specialized imaging 0.841 0.770

Ly Clinical (text) 0.744  0.662

m  Asexpected, the model

trained with all variables
achieved near-perfect
performance across all
metrics.

Removing only the
discharge mRS led to a
notable drop in
performance.

The remaining models,
exhibited comparable

performance.
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Early stroke functional outcome prediction from
admission clinical records

Santiago Gome!10000-0001-69517452]  joge G, Moreno20000- 00028852 5797]
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2 University of Toulouse, IRIT, UMR 5505 CNRS, F-31000, Toulouse, France
3 Clinica FOSCAL, Floridablanca, Colombia

Abstract. Ischemic stroke, caused by the occlusion of cercbral blood
vessels, requires prompt intervention to restore n and improve
patient, prognosis. Accurate prediction of functional outcomes is essen-
tial for guiding d d optimizing patient

However, such predictions often rely on clinical and imaging data, which
may not be available early in the care pathway. This study investigated
the potential of free-text clinical notes recorded at admission to predict

L]
functional outcomes. Admission documents were encoded using lexical
(TF-IDF) and semantic (BERT-based) features, and XGBoost classifiers
were trained to predict whether a patient would have a favorable out-
L] come 90 days post-stroke. Using a proprietary dataset of 284 patients,

um st text-only performance was achioved with Clinical BERT applied
sencratd Ly Ll
0.744, balanced accuracy — 0.662). Compared (o structured-
ek corPoraing el tom-coutiek O mrmnminn,
3 monstrated higher recall but lower specificity.
“These findings lughhght admission text as a viable, low-resource alter-
native for early stroke outcome prediction, supporting future integration
with multimodal data for real-time decision-making,

(Almo('

eywords: Ischemic stroke, Functional outcome prediction, Clinical
admission records, Text-based strat

1 Introduction
Stroke is the most common cercbrovascular discase and the second leading cause

b, reporting around of 7.08 million deaths in 2020. Besides, stroke is the
third leading cause of disability-adiusted life years worldwide, reporting around




Take away messages

e Learn about LLMs (trending topic) but do not skip not modern lectures,
traditional models could be your only option! I'm a LLM believer but there is not
reason to ignore traditional models!

e Medical data is usually a scare and “inaccessible” resource. Having access to
some is already a big step in research

e Privacy is a major issue in medical data which could be an disadvantage for LLMs.

However, adapted solutions may be helpful
e Although no deeply discussed here, fine tuning encoder-based models may be a
better option in terms of performance, but they also may “memorize” some data
e The works presented here are more decoder oriented guided by our project goals
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Question

Have you noted that:

e For the first work, we shared the model (LLM) and paper
e For the second work, we shared the code and paper
e For the third work, we shared only the paper

Do you understand why?
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Thank you!
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