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Abstract
The lack of standardized evaluation benchmarks in the medical domain for text inputs can be a barrier to widely
adopting and leveraging the potential of natural language models for health-related downstream tasks. This paper
revisited an openly available MIMIC-1V benchmark for electronic health records (EHRs) to address this issue. First,
we integrate the MIMIC-IV data within the Hugging Face datasets library to allow an easy share and use of this
collection. Second, we investigate the application of templates to convert EHR tabular data to text. Experiments
using fine-tuned and zero-shot LLMs on the mortality of patients task show that fine-tuned text-based models are
competitive against robust tabular classifiers. In contrast, zero-shot LLMs struggle to leverage EHR representations.
This study underlines the potential of text-based approaches in the medical field and highlights areas for further

improvement.
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Table 1: MIMIC-IV E: UG5 22 .

Name Description

Demo The list of demographic data is a tiny

graphics  vector corresponding to the patient’s

(DEMO)  gender, ethnicity, medical insurance,

: and age category. This data is en-
coded to obtain a numerical vector.

Diagnosis The list of diagnoses established on a

(COND) : patient’s admission is encoded using
a one-hot vector of all ICD codes in-
cluding the patient’s identified diseases.
Note that this vector could be large w.r.t.
other features.

Chart Gives the value of the biological item_id

Events/Lab performed in time interval t .

(CHART/

LAB) :

MedicationsFor each item_id corresponding to a

(MEDS) : medication the quantity administered in
time interval t or zero if not adminis-
trated.

Procedures The list of medical procedures per-

(PROC) : formed is given as a form of a one-hot
vector setting to 1 the item_id of proce-
dures performed in time interval t .
Output The list of biological samples taken is
Events encoded using a one-hot vector of each
(OUTE): item_id of the samples performed in

time interval t .
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Table 2: & [ MIMIC-IV BLHERR AL B8 SCA IR R . B(EE SE B DAk S it 7 11«

Feature Example text
DEMO The patient white male, 55 years old, covered by Other
COND was diagnosed with Streptococcal sepsis; Acute pancreatitis; resistance to anti-microbial drugs.

CHAR/LAB The chart events measured were: 73.655 for Heart Rate; 116.859 for Heart rate Alarm - High; ...

The mean amounts of medications administered during the episode were: 44.778 of Albumin 5 % ; ...

MEDS
PROC The procedures performed were: Dialysis Catheter; 18 Gauge; EKG,; ...
OUTE The outputs collected were: OR EBL; OR Urine; Pre-Admission; ...
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TAVFREER N P1:

Prompt P2: “Analyze the provided ICU data for a
patient. The data covers the first 48 hours of the
ICU stay, including vital statistics, lab test results,
and treatments administered. Answer only Yes for
a prediction of survival or No for a prediction of
mortality. The patient ICU data is: ‘textual EHR].
Based on this data, answer.

Question: Will the patient survive in the next 24
hours?.

Answer (use only yes or no): ”

Prompt P1: “You are an extremely helpful health-
care assistant. You answer the question using only
'yes’ or 'no’ and considering a patient hospital pro-
file: ‘[textual EHRY.

Question: Is the patient dead?.

Answer (only yes or no): ”
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Table 3: Jg i ThRfEfLAg MIMIC-IV 5544 551 (Gupta et al., 2022) 1M #IETRAHAE 5 LAY LB A

Representation 1

Representation 2
AU-ROC AU-PRC

(Gupta et al., 2022)
AU-ROC AU-PRC

Algorithm AU-ROC AU-PRC
Gradient Boosting 0.86 0.53
XGBoost 0.86 0.51
Random Forest 0.82 0.49
Logistic Regression 0.77 0.36

0.86 0.53 0.85 0.48
0.85 0.51 0.84 0.47
0.84 0.50 0.79 0.39
0.77 0.37 0.67 0.24
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Table 4: {1 fil o NBHEAY SCAS IR, AEi AFET- 5
55, R By P U 1 44

Models AU-ROC AU-PRC
Fine-tuned

DistiiBERT 0.87 0.42

BERT 0.87 0.43

RoBERTa 0.88 0.47

BioClinicalBERT 0.87 0.43

BioBERT 0.88 0.45

BiomedNLP 0.88 0.46
Zero-shot with prompt P1

Llama 2 (13b) 0.50 0.38

Meditron (7b) 0.61 0.39
Zero-shot with prompt P2

Llama 2 (13b) 0.50 0.13

Meditron (7b) 0.51 0.23
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Table 5: Jif 5 BRI E SBAEAB B R I 2 HIUR [ 5
FEARR R .

Model # answered  # unanswered
With prompt P1
Llama 2 (13b) 5952 (96.70% ) 203 (3.30%)
Meditron (7b) 6152 (99.96%) 3 (0.04%)

With prompt P2
1885 (30.63%)
6155 (100.0%)

Llama 2 (13b)
Meditron (7b)

4270 (69.37%)
0 (0.00%)
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