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Figure 1: Overview of MedDecXtract function-
alities: 1) Labeling Clinical Notes:
Highlights key medical decisions using
color-coded labels for different decision
categories. 2) Patient History Visu-
alization: Aggregates multiple clini-
cal notes into a timeline to visualize
decision sequences over time. 3) In-
teractive Text Annotation: Allows
manual labeling of medical decisions
with support for pseudo-annotations to
expedite the process.

1. Introduction1

Clinical narratives, such as discharge summaries,2

are rich sources of information regarding patient3

care and clinical decision-making. These texts4

contain crucial details about diagnoses, treat-5

ments, medications, and follow-up plans. How-6

ever, manually extracting this information is7

time-consuming and labor-intensive. Automat-8

ing this process is essential for enhancing clinical9

decision support.10

Previous work has focused on extracting med-11

ical concepts, drugs, diseases, and other enti-12

ties (Nye et al., 2018; Lehman et al., 2019; Pa-13

tel et al., 2018). While valuable, these efforts14

do not directly address the extraction of med-15

Table 1: DICTUM Categories

Category Description

Contact related Admit, discharge
Gathering info Ordering test, con-

sulting
Defining problem Diagnosis, prognosis
Treatment goal Quant./Qual. Goal
Drug related Start, stop, alter
Therapeutic proce-
dure

Start, stop, alter

Evaluating test Positive, negative
Deferment Transfer, wait
Advice/precaution Advice or precaution
Legal/insurance Sick leave, refund

ical decisions. MedDecXtract addresses this 16

gap by employing a transformer-based model for 17

span extraction and classification, specifically us- 18

ing RoBERTa, to identify medical decisions as 19

defined by the DICTUM taxonomy (Ofstad et al., 20

2016). This approach provides a more granu- 21

lar and actionable level of information extrac- 22

tion from clinical notes, intended for use by clin- 23

icians and researchers. The MedDec dataset (El- 24

gaar et al., 2024) offers a comprehensive resource 25

of annotated medical decisions within discharge 26

summaries, targeting a broad patient popula- 27

tion. MedDecXtract provides an interactive in- 28

terface for exploring and annotating these deci- 29

sions, streamlining the creation of high-quality 30

labeled data.1 31

1. Demo available at https://

mohdelgaar-clinical-decisions.hf.space.
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2. Method32

MedDecXtract employs a fine-tuned33

RoBERTa (Liu et al., 2019) model for se-34

quence labeling, using token classification to35

extract and classify decision spans according36

to DICTUM taxonomy categories, shown in37

Table 1. The MedDec dataset (Elgaar et al.,38

2024), sourced from the MIMIC-III clinical39

database (Pollard and Johnson III, 2016), pro-40

vides annotated discharge summaries with ten41

types of medical decisions. The tool offers three42

primary functionalities:43

1. Labeling Clinical Notes: Users input a44

clinical note to receive highlighted medical45

decisions, categorized into predefined types.46

2. Patient History Visualization: Users47

can upload multiple notes for a single patient48

to visualize the timeline of medical decisions,49

aiding in understanding the decision-making50

process over time.51

3. Interactive Text Annotation: An intu-52

itive interface for manually annotating medi-53

cal decisions, reducing manual effort and im-54

proving dataset quality.55

The deployment pipeline uses Gradio (Abid56

et al., 2019) to create an interactive web interface,57

hosted on Hugging Face Spaces (Face, 2024), en-58

abling real-time interaction and visualization for59

clinicians and researchers.60

3. Results61

MedDecXtract is hosted on Hugging Face Spaces,62

demonstrating its potential to support clinicians63

and researchers by automating the annotation of64

medical decisions. During development, the tool65

achieved high accuracy in extracting and classi-66

fying medical decisions on the MedDec dataset.67

Although specific deployment metrics are not yet68

available, the tool is designed to facilitate the an-69

notation of newer clinical note corpora, such as70

MIMIC-IV, aiding in research tasks like study-71

ing calibration shift/drift. By integrating into72

annotation workflows, MedDecXtract can signif-73

icantly reduce manual effort and improve the74

quality of labeled datasets, assisting clinicians in75

quickly understanding patient histories and dis-76

charge summaries.77

4. Discussion 78

Developing MedDecXtract presented challenges, 79

such as ensuring the accuracy of extracted deci- 80

sions and integrating the tool into existing clini- 81

cal workflows. Future improvements will focus on 82

enhancing the model’s accuracy and expanding 83

its applicability to other clinical settings. Addi- 84

tionally, further deployment and user testing will 85

be crucial in understanding its impact and refin- 86

ing its features to better meet user needs. The 87

potential to annotate more data and study cali- 88

bration shift/drift in newer datasets like MIMIC- 89

IV presents exciting opportunities for future re- 90

search and development. 91
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