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Abstract:

Patient similarity analysis has emerged as a crucial methodology in clinical deci-sion support
systems, enabling personalized treatment recommendations and improved patient outcomes.An end-
to-end framework for calculating patient sim-ilarity using structured electronic health record (EHR)
data from the MIMIC-III database is presented in this paper. Our method combines several
computational methods, such as clustering algorithms, graph-based representations, TF-IDF
vectorization, and Jaccard similarity. We show how various similarity metrics can be combined to
identify patient cohorts with clinical significance. Through optimized implementations, the system
maintains computational efficiency while achieving robust performance in identifying similar
patients. Results from clus-ter analyses and patient similarity network visualizations are
comprehensible for clinical use.

1. Introduction

1.1 Background .
The digitization of healthcare records has 2. Materials and MEthOdS
created unprecedented opportunities for data- 2.1 Dataset Description
driven clinical decision making [5]. Given that The study made use of the MIMIC-111 v1.4
the MIMIC-111 database alone contains over dataset, a thorough and de-identified critical
40,000 patients [2], automated techniques for care database that is frequently used in clinical

locating comparable patient cases are now informatics ~ studies.  This  rich  dataset
crucial for: encompasses 58,976 hospital admissions from

1. Personalized treatment planning [6] 38,507 unique patients, featuring 14,567
2. Recruitment for clinical trials [7] distinct  1CD-9  diagnosis ~ codes, 4,157

3. Predicting the course of a disease [8] medication records, and 753 different
4. Allocation of hospital resources [9] laboratory test types, providing a robust
foundation for patient similarity analysis.

1.2 Research Objectives . -
The purpose of this study is to: 2.2 Data Preprocessing Pipeline

1. Create a thorough pipeline that uses a 2.2.1 Data Cleanlr_]g -
variety of data modalities to analyze _ To guarantee consistency and dependability
patient similarity. in patlent_3|mllar|ty ana_IyS|s, data clean-lng_ls

2 Examine  various  methods  for an essential preprocessing step. Two crucial
computing similarity. steps were included in the daj[a cleaning

3. Use comprehensible visuals to illustrate procedure to guarantee the consistency and
clinical applicability. quality of the data. Imt'lally, ”UNKNOW

4. Make the implementation of research NDRUG” was used to fill in the missing drug
reproducibility open-source. names in prescriptions, and “UNKNOW

NICD” was used to replace null ICD-9 codes
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in both the diagnoses and procedures tables.
Second, to ensure consistent representation
throughout the dataset for precise analysis, all
ICD-9 codes were converted to 5-digit
uppercase strings (for example, 72507
became 700250”) and drug names were
changed to lowercase.

2.2.2 Feature Engineering

The feature engineering process involved
several key transformations to enhance the
analytical value of the clinical data. Initially,
binary encoding was used to create a patient-
diagnosis matrix, in which each patient was
represented as a vector indi-cating whether or
not they had a particular ICD-9 diagnosis code
[10]. Prescription records for each person were
then combined to create patient-medication
profiles, which captured their distinct drug
treatment  habits.  Additionally, clinically
significant laboratory tests—including glucose,
creatinine, and other biomarkers—were selec-
tively incorporated based on their diagnostic
relevance [10]. Lastly, all ICD-9 codes were
combined with their textual descriptions from
standardized medical ontologies to enhance
interpretability. These engineered features
collectively provided a structured,
multidimensional representation of patient
health states for subsequent similarity
computations.

2.3 Similarity Computation Methods

2.3.1 Set-Based Similarity (Jaccard Index)

The Jaccard Index measures similarity
between patient feature sets by comparing
shared to total unique elements.It ranges from
0 (no overlap) to 1 (identical sets). Our
implementation  provides efficiency and
interpretability for sparse EHR data by
calculating the intersection to union size ratio.
It weights all features equally, which can be
improved with clinical weighting schemes,
despite being straightforward and scalable
(O(n) complexity). For initial patient
stratification in large cohorts, this makes it
perfect.

2.3.2 Vector Space Models (TF-1DF)

We translate ICD-9 codes into weighted
numerical features using scikit-learn’s Tfid-
fVectorizer. The technique downweights

common codes and emphasizes uncommon but
clinically significant ones by converting each
patient’s diagnostic codes into space-separated
strings and computing TF-IDF weights. As a
result, —an  effective  sparse  matrix
representation is produced, capturing patterns
for similarity analysis that are diagnostically
significant. Our patient similarity framework
uses the resultant feature matrix as input for
subsequent machine learning tasks.

2.3.3 Graph-Based Approaches

Knowledge Graph Construction : To
model patient-diagnosis relationships, we use
NetworkX to construct a directed knowledge
graph. hasdiagnosis” edges link each patient
node (designated as P atient[ID]”) to its
matching  diagnosis  nodes  (prefixed
with ”DX”). Graph-based similarity analysis
and pattern recognition are made possible by
this graph structure, which explicitly captures
clinical relationships. By iterating through
patient-diagnosis records and creating edges in
O(n) time—where n is the total number of
patient-diagnosis associations, the
implementation effectively handles EHR data.

Node2Vec Embeddings [4]: To capture
topological relationships in our patient-
diagnosis graph, we use Node2Vec to create
64-dimensional node embeddings. In order to
learn latent rep-resentations that preserve
network neighborhoods and allow for the
computation of similarity between patients
based on their graph positions, the algorithm
conducts random walks (window size=10).
Both local and global graph structures are
efficiently encoded for further analysis using
this method.

2.4 Visualization Methods

2.4.1 Patient Similarity Network

Matplotlib and NetworkX’s spring layout
algorithm, which uses a force-directed
approach to position nodes in order to reveal
natural clusters, are used to visualize the
patient-diagnosis network. Clinical
relationships and patient similarity patterns
within the graph structure can be intuitively
interpreted thanks to this visualization.

2.4.2 Cluster Visualization

ISSN: 2393-9516

www.ijetajournal.org

Page 113



http://www.ijetajournal.org/

International Journal of Engineering Trends and Applications (IJETA) — Volume 12 Issue 4, Jul-Aug 2025

Using default perplexity and optimization
parameters, we use t-SNE to project high-
dimensional patient embeddings into a 2D
space for visualization. The implementation
uses color coding to represent cluster
assignments and preserves local neighborhood
relationships while converting n-dimensional
vectors into plottable coordinates. Group
structures and patient similarity patterns that
might not be visible in the original high-
dimensional space are successfully revealed by
this nonlinear  dimensionality reduction
technique.

3. Results

3.1 Performance Comparison

Different trade-offs between discrimination
power and computational efficiency are
revealed by evaluating three patient similarity
techniques. While TF-IDF achieves better
discrimination (0.41) with a moderate runtime
(8.7s), the Jaccard index shows the fastest
processing time (2.4s) but the lowest average
similarity (0.32). Node2Vec highlights the
intrinsic trade-off between speed and clinical
relevance in patient simi-larity analytics by
providing richer semantic relationships (0.38
similarity) at a higher computational cost
(14.2s).

Method  Time (100 patients) ~ Avg. Similarity Score

Jaccard 24s 032
TF-IDF 8.7s 041
Node2Vec  14.2s 0.38
Fig. 1: Performance = Comparison:

Comparative evaluation of similarity
metrics (n=100 patients).

3.2 Case Study: Diabetes Cohort
Figure 2 reveals distinct clustering of Type 1
and Type 2 diabetes patients [11], with
medication patterns differentiating treatments
[12] and lab values reflecting dis-ease severity
[13]. This network visualization effectively
captures  clinical  heterogeneity  while

highlighting structured management patterns
for personalized care.
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Fig. 2 Diabetes Similarity Patients

3.3 Cluster Analysis
Five distinct clinical clusters (cardiovascular,
metabolic, respiratory, infectious, and
trauma/orthopedic) are clearly separated in
Figure 3’s t-SNE plot, showing both strong
intra-group  similarity and  inter-group
differentiation [14-18]. The visualization
efficiently  simplifies intricate  patient
similarity patterns into understandable 2D
space while maintaining clinical relationships.

t-SNE Visualizal

Fig. 3 t-SNE Visualization of Patient
Clusters

4. Conclusion

This study presents a robust framework for
multimodal patient similarity analysis that:

Combines multiple complementary
similarity metrics

Provides interpretable visualizations

Demonstrates clinical utility through case
studies
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Delivers efficient
implementations
The methods developed can be readily adapted
to other EHR systems and clinical domains.

To increase the linear range of the circuit,

the multi-tanh doublet technique is used.

computationally

5. Supplementary information

If your article has accompanying
supplementary file/s please state so here.

Authors reporting data from electrophoretic
gels and blots should supply the full
unprocessed scans for key as part of their
Supplementary information. This may be
requested by the editorial team/s if it is
missing.

Please refer to Journal-level guidance for
any specific requirements.

Descriptions

This paper provides both the technical
implementation details and clinical interpreta-
tion of patient similarity analysis. The
included visualizations and performance
metrics demonstrate the practical utility of the
approach while maintaining scientific rigor.
The modular design allows adaptation to
various healthcare datasets and clinical use
cases. All references are properly cited to
support the claims and methodologies
presented.
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