Clini-Compare: An Interactive Patient-Similarity Visualization
Tool for Clinical Decision Support

Arpit Mathur

Carnegie Mellon University
Pittsburgh, Pennsylvania, USA
arpitmam@andrew.cmu.edu

CliniCompare

Less Similar

Adam Perer
Carnegie Mellon University
Pittsburgh, Pennsylvania, USA
adamperer@cmu.edu

New Patient Note

Most Similar Patients

by Cosine Similarity

More Similar

15248866-RR-33
Similarity Score: 0.84

b

b ca ) 13799393-RR-18

Similarity Score: 0.81

i

L g
19461458-RR-15
> Similarity Score: 0.81
;ek"- c 4 b . J

12769244-RR-21

arity Canra: nean

Figure 1: Clini-Compare interface visualizing patients similar to a given patient with a clinical note describing pneumonia.

Abstract

Given a patient profile, the retrieval of health records of previously
treated patients with similar characteristics has proven valuable
across various healthcare applications, including recruitment for
clinical trials, the education and training of clinicians, and the dis-
semination of healthcare information. Although many such models
and algorithms are available, interactive patient similarity systems
for complex disease decision support remain largely unexplored.
This paper introduces Clini-Compare, an interactive system that
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evaluates patient similarity based on the semantic analysis of their
clinical notes to support decision-making for treatment.
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1 Introduction

Patient similarity is a valuable concept in healthcare, enabling
physicians to refer to previously encountered cases with similar
characteristics, by themselves or other physicians, to inform their
decision-making [1, 23]. Prior research has explored patient sim-
ilarity across multiple healthcare applications, including clinical
trial matching [25], where past patient cases help identify suitable
candidates for trials; education and training [3], where historical
patient records are used for medical learning and simulation-based
training; and information dissemination [10], where virtual patient
profiles are used as a means to communicate healthcare awareness
to the public.

However, patient similarity has not been explored as a method
for complex disease decision support. While the machine learning
(ML) community has developed numerous algorithms to identify
similar patients using structured data [19, 23, 24, 27], unstructured
data [8, 14, 25], or both [17, 26]; much of this work has remained
algorithm-focused rather than user-driven. Clinical notes, in partic-
ular, have been recognized as a rich source of semantic information
for capturing patient characteristics [9, 17], yet interactive systems
that validate the utility of patient similarity using these notes in real-
world decision-making remain absent. It is unknown how well such
systems might fit into clinical workflows, how physicians interpret
similarity-based recommendations, and how trust is calibrated in
such approaches.

This paper presents Clini-Compare, an interactive tool designed
to support clinical decision-making by retrieving semantically sim-
ilar patients based on radiology notes. Given a new patient’s ra-
diology note, Clini-Compare searches the MIMIC-IV de-identified
radiology clinical note dataset [12, 15], and presents the clinical
note and discharge summary of patients that are semantically the
most similar to the input patient based on their clinical notes.

Through a task-based user study, we aim to use Clini-Compare
as a technology probe to explore the following research questions:

(1) What is the perceived utility of a patient similarity
system in clinical decision-making for physicians?

(2) How do physicians calibrate their trust in patient sim-
ilarity systems compared to other Al interventions in
healthcare?

(3) What are the key opportunities and challenges in de-
signing patient similarity systems for real-world clini-
cal settings?

2 Related Work

2.1 Case-Based Reasoning

The practice of utilizing previous patient cases to inform clinical
decision-making is known as Case-Based Reasoning (CBR). CBR
involves making decisions for new cases by referencing solutions
from previous cases that are similar to the current case. This ap-
proach has proven to be effective in multiple healthcare applications.
Dussart et al. [11] argued that interactive CBR systems are valu-
able as they closely model the human decision-making process,
that is, "T have seen a patient like this"" Another study strengthens
this argument by indicating that the adoption of evidence-based
approaches can improve the reasoning of physicians and reduce
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biases [5]. Several controlled studies have also measured the per-
formance of CBR, with results showing that it can improve patient
outcomes for complex cases [2, 4, 21]. These findings suggest that
patient similarity solutions in clinical settings could be beneficial
in supporting physicians in complex decision making.

2.2 Patient Similarity Algorithms

In the Machine Learning (ML) and Natural Language Processing
(NLP) communities, multiple models and algorithms have been
developed to identify patient similarity. These models have been
applied to various chronic diseases [18], such as diabetes and hy-
pertension [6]. Studies have identified clinical notes as a rich source
of information about patients [9, 17], making them a convenient
modality for modeling similarity. For instance, one model was devel-
oped to identify patients eligible for clinical trials based on the un-
structured clinical notes available in their Electronic Health Records
(EHR) [25]. OncoLLM [13] is a large language model (LLM)-based
approach to match patients based on unstructured EHR data for
clinical trials. Although the focus of these studies has been on de-
veloping efficient algorithms and measuring their performance,
they do not qualitatively assess interaction with these techniques
in real-world clinical settings. There remains a gap for interactive
systems that allow physicians to provide qualitative insights into
the patient similarity use case, along with the unique challenges
and opportunities they present.

2.3 Interactive Systems

The HCI community has made significant contributions in inter-
active healthcare systems, including those driven by artificial in-
telligence for decision support. However, as mentioned previously,
there is a lack of systems and studies that examine the use of pa-
tient similarity methods within physician workflows. CareFlow
[20] is one such interactive tool that analyzes patient cohorts and
quantitatively measures outcomes based on different care plans for
similar patients. This tool is based on structured data, which, while
convenient for modeling purposes, is not always readily available in
real-world settings. Clinical notes, on the other hand, are generated
by physicians during visits, and thus ready for use as needed by the
clinician. Given that structured and unstructured data vary signifi-
cantly in nature and performance, it is worth evaluating qualitative
differences in the interactions they afford.

3 System Overview

Clini-Compare ! (Figure 1) is an interactive tool designed to assist
physicians by providing patient similarity assessments using un-
structured clinical radiology notes. The system computes semantic
embeddings to assess similarity between clinical notes, facilitating
comparison of past and current patient cases in complex disease
scenarios.

The system is designed for use by physicians in the post-documentation

workflow, after a clinical note describing the patient has been gener-
ated. At this stage, it provides notes on past patients most similar to
the current one based on their description. Physicians can use this
information to compare treatment plans and diagnoses, supporting
their decision-making process. Clini-Compare can also facilitate

1Source code available at https://github.com/MrMathur/clini-compare
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Figure 2: The system pipeline describing the (a) pre-
processing stage of generating embeddings for the clinical
note database, and (b) the core functionality of retrieving
similar patients

communication with patients or assist in case discussions with
other physicians.

3.1 Information Pipeline

The information pipeline for Clini-Compare is illustrated in Figure
2.

3.1.1 Preprocessing and Embedding Generation. Clini-Compare
preprocesses a large dataset of de-identified radiology notes from
the MIMIC-IV clinical dataset. It generates embeddings for each
note using three models: all-MiniLM-L6-v2 (a general-purpose
model) [22], ClinicalBERT (trained on MIMIC-III clinical notes)
[14], and BioSentVec (trained on PubMed journals and MIMIC-III
clinical notes [7].

3.1.2  Patient Similarity Matching. The system allows users to in-
put a new clinical radiology note, which is then transformed into
an embedding using one of the three selectable models. Cosine
similarity is computed between the input note’s embedding and
the preprocessed embeddings. The results are visualized through
a dashboard that displays the most similar notes based on simi-
larity scores. Users can select a patient to review their discharge
summary for relevant details that support clinical decision-making.
In addition, common words between the notes are highlighted to
provide insight into the basis of their similarity.

3.2 Visualization Techniques

Clini-Compare incorporates three key visualization techniques to
help users gain insight into the structure and distribution of patient
data in relation to the input patient.

3.2.1 Scatterplot: UMAP Projection of Patient Notes. Clini-Compare
features a UMAP [16] (Uniform Manifold Approximation and Pro-
jection) of the patient notes. UMAP is a dimensionality reduction
technique that projects embeddings of all MIMIC-IV patient radi-
ology notes into a 2D space. This visualization allows users to (i)
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(a) The input page features a Ul textbox that allows the clinician to
input a radiology clinical note for the patient
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(b) The dashboard features a histogram to show the distribution of
cosine similarity values across the patient database, a UMAP of the
clinical notes in the patient database, and a list of patients with the
highest semantical similarity to the input patient note.
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(c) The patient compare view features a text alignment visualization
comparing the input patient and the selected patient side by side.
The clinician is also presented with a discharge summary for the
selected patient.

Figure 3: Overview of the system interface, showing (a) the
input screen, (b) the exploratory dashboard, and (c) the pa-
tient compare view.
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identify clusters of similar patients in the dataset, (ii) identify out-
liers that are semantically distant from the rest of the population,
and (iii) understand the coverage of how well the patient population
is represented across various types of clinical notes.

3.22 Histogram: Cosine Similarity. The histogram of cosine simi-
larity represents the distribution of similarity scores between the
input clinical note and all patient notes in the database. The cosine
similarity metric is used to quantify the similarity between two clin-
ical notes based on their embedding vectors, with values ranging
from -1 (completely dissimilar) to 1 (identical). The distribution of
similarity scores helps users quickly assess whether most patients
in the database are highly similar or dissimilar to the input case.

3.2.3 Highlighting: Text-Alignment. The patient view presents a
side-by-side comparison of the input clinical note and the selected
patient’s clinical note. Common terms between the two notes are
highlighted, providing an overview of their similarity. This allows
the user to assess whether the system’s similarity measurement
aligns with meaningful clinical characteristics in the context of
their usage.

4 Future Work

The proposed study will use Clini-Compare as a technology probe
to explore the use of patient similarity systems in the context of
clinical decision-making. A task-based user study will be conducted
in which physicians make treatment decisions about a mock patient
persona while receiving decision support from the tool. Participants
will be provided with a list of symptoms, health conditions, and a
patient history, based on which they would draft a clinical note de-
scribing the fabricated patient persona. They will then interact with
Clini-Compare to input the note and surface relevant information
regarding similar patients to determine the diagnosis and treatment
plan for the assigned patient. A think-aloud protocol will allow us
to capture their decision-making processes and challenges. We will
conclude the study with a semi-structured interview to understand
the opportunities and challenges associated with the potential use
of the system to enhance decision-support and communication in
real clinical settings.

4.1 Data Collection and Analysis

Data will be collected through both interaction logs and interviews.
Qualitative data from the think-aloud sessions and interview tran-
scripts will be analyzed using bottom-up affinity mapping to iden-
tify key themes related to:

(1) Perceived Utility: How useful do clinicians find patient
similarity systems for decision-making in complex cases?

(2) Trust: How do clinicians trust the system compared to other
Al interventions in healthcare?

(3) Opportunities and Challenges: What are the opportuni-
ties and challenges in integrating these systems into clinical
workflows?

The tool is currently built on MIMIC-IV radiology clinical notes,
but in the future can be extended to other types of clinical notes.
Future work should also explore differences in patient similarity
workflows for clinicians when using structured data versus unstruc-
tured data.

Arpit Mathur and Adam Perer

5 Conclusion

In this paper, we introduce Clini-Compare, an interactive system
that leverages semantic embeddings of clinical radiology notes
to find information about similar patients that can help support
complex disease decision-making. Through a user study using Clini-
Compare as a technology probe, our aim is to explore the perceived
utility, trust, and challenges of patient similarity systems in real-
world clinical settings. The contribution from this study will be
twofold: (i) providing an open source interactive tool for patient
similarity workflows, and (ii) providing insights into how such
systems can enhance clinical decision-making.
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