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Abstract. Glioblastoma is an aggressive brain cancer that kills approxi-
mately one hundred thousand people worldwide every year. Unfortunately,
treatment and therapy for patients with this disease are complicated and
have limited efficacy in improving individuals’ chances of survival. Elec-
tronic health records (EHRs) contain patient information collected rou-
tinely at hospitals through medical visits and laboratory tests, providing
an interesting source of data for computational analyses. Clustering is an
area of unsupervised machine learning where an algorithm partitions data
according to certain statistical properties or rules, thereby identifying
hidden patterns and correlations that would otherwise be difficult to no-
tice. In this study, we applied several clustering techniques to three open
datasets of data derived from electronic health records, which included
clinical, genetic, and administrative features of patients diagnosed with
glioblastoma, considering two possible clusters. We evaluated our cluster-
ing results with the Density-Based Clustering Validation (DBCV) index,
a relatively new score capable of accurately assessing both convex-shaped
and concave-shaped clusters. Among the methods tested, Density-based
Spatial Clustering of Applications with Noise (DBSCAN) yielded the best
results across all three datasets. We then analyzed the features of the
clusters identified by DBSCAN and found that cytosolic Hsp70 protein,
sex, and brain subventricular zone resulted were significant distinguishing
the two clusters across the three datasets.

Keywords: clustering · unsupervised machine learning · machine learn-
ing · glioblastoma · electronic health records · EHRs

1 Introduction

Glioblastoma is an aggressive type of brain cancer that originates from glial
cells, which are supportive cells in the nervous system [1]. Glioblastomas are
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characterized by rapid growth, and they can infiltrate surrounding brain tissue,
making them difficult to treat. Symptoms may include headaches, seizures,
cognitive changes, and neurological deficits, depending on the tumor’s location
in the brain [1].

Data derived from electronic health records (EHRs) of patients having this
cancer type can be used for computational analyses that, in turn, can lead to
significant discoveries in medical sciences. In the past, we used supervised machine
learning models on EHRs data of three open glioblastoma curated datasets to
infer the most prognostic clinical factors [5].

In the present study, we reuse the same three open curated datasets for an un-
supervised analysis, aimed at identifying clusters of patients which might have a
particular medical relevance. In the past, several studies employed computational
clustering techniques to analyze glioblastoma data, but mainly within the bioin-
formatics domain [2,16,6]. We could not find any study regarding unsupervised
analyses of data from electronic medical records of patients with glioblastoma.
We fill this gap by presenting this study aimed at detecting groups of patients
having particular medical meaning.

2 Datasets

We analyzed three open datasets derived from electronic health records (EHRs)
of patients diagnosed with glioblastoma, that we called Munich2019 dataset [8,9],
Tainan2020 dataset [17], and Utrecht2019 [4]. A description of the clinical features
of these datasets can be found in our previous study [5].

The Tainan2020 dataset contains data from 84 patients, each having 9 clinical
features. The Utrecht2019 dataset consists of data from 647 patients and 7
variables. The Munich2019 dataset is made of data from 60 patients, each having
7 features as well.

3 Methods

We applied several unsupervised clustering methods to the three medical datasets
of patients with glioblastoma, and DBSCAN [15] obtained the best results, mea-
sured as density-based clustering validation (DBCV index) [11] The DBCV index
is a density-based version of the Silhouette coefficient [13], which is a common
metric employed for clustering internal assessment. The original Silhouette co-
efficient can work well when assessing convex clusters, but can mislead when
employed to evaluate concave or nested clusters. The DBCV index solves this
problem by considering the density of the clusters in its formula, and generates a
score in the [−1;+1], where −1 means disastrous clustering, 0 means a clustering
no better than random chance, and +1 means perfect clustering.

Differently from other clustering methods such as k-means or hierarchical
clustering, DBSCAN assigns data points not only to real clusters but also to a
noise cluster. This noise cluster consists of data points that do not belong to any
real cluster, according to the DBSCAN partitioning.
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We decided to set the number of clusters to two because it is a common
number of clusters used in several glioblastoma biomedical informatics studies in
the past [20,12,10]

4 Results

DBSCAN outperformed the other clustering algorithms we employed by obtaining
a DBCV index of +0.963 in the Munich2019 dataset, of +0.923 in the Tainan2020
dataset, and of +0.961 in the Utrecht2019 dataset, respectively (Figure 1). On
the three analyzed datasets, DBSCAN assigned to real clusters around 28% of
patients in the Munich2019 dataset, around 31% of patients in the Tainan2020
dataset, and around 24% of patients in the Utrecht2019 dataset [11] (Figure 1).

dataset DBCV # cl 1 # cl 2 # noise cl # pts cl 1 & 2 %

Munich2019 0.963 7 10 43 60 28.33
Tainan2020 0.923 13 13 58 84 30.95
Utrecht2019 0.961 74 80 493 647 23.80

Table 1: Results obtained by DBSCAN. # cl 1: number of patients assigned
by DBSCAN to the first cluster. # cl 2: number of patients assigned by
DBSCAN to the second cluster. cl 1 & 2 %: percentage of patients assigned
by DBSCAN to the first or the second cluster, and not assigned to the noise
cluster. # pts.: number of patients. Hyperparameters: 2 clusters for DBSCAN
in each test and the following epsilon values and minimal points Munich2019
dataset epsilon: 0.232, minimal samples: 4. Tainan2020 dataset epsilon: 0.286,
minimal samples: 4. Utrecht2019 dataset epsilon: 0.429, minimal samples: 64.

We then analyzed the content of the two clusters detected by DBSCAN in
the three datasets, and observed the proportions of their clinical variables.

In the Munich2019 dataset, DBSCAN divided the patients by the cytosolic
Hsp70 protein (major stress-inducible heat shock protein 70) level: patients with
a high value of this factor were assigned to cluster 1, and patients with a low
value to cluster 0 (Figure 1)a. DBSCAN divided the Tainan2020 dataset based
on the sex variable: female patients were put in the cluster 0 and male patients
in the cluster 1 (Figure 1)b. The patients of the Utrecht2019 dataset, instead,
were partitioned based on the subventricular zone variable (Figure 1)c.

5 Discussion and conclusions

The current study has several assets. To the best of our knowledge, our project
is the first clustering study using open medical data records of patients with
glioblastoma and employing only open source software libraries. We found no
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Utrecht2019 dataset clusters partition by clinical variables

Fig. 1: Partition of the clinical features among the two clusters identified
by DBSCAN. Representation of the normalized values of the clinical variables
of teach dataset in the subset of patients of the 0 cluster (red bars) and in the
subset of patients of the 1 cluster (green bars). (a) Top image: Munich2019
dataset. (b) Mid image: Tainan2020 dataset. (c) Bottom image: Utrecht2019
dataset. We listed the meaning of the clinical variables in [5].

other article describing the application of a fully-unsupervised approach data of
this particular brain tumor.

Our results demonstrate that DBSCAN clustering, paired with the DBCV
index, can identify groups of patients with significant medical traits among data
derived from electronic health records. Moreover, our results indicate that some
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clinical features can be more useful than others to partition the data of patients
in a medically significant way: cystolic Hsp70 protein for the Munich2019 dataset,
sex for the Tainan2020 dataset, and brain subventricular zone for the Utrecht2019
dataset. Each of these three clinical factors is known to have a significant role in
glioblastoma [18,7,3]. These promising preliminary results appear to proof the
capability of DBSCAN and DBCV to identify clusters of patients that have a
medical meaning, paving the way to further analyses.

6 Generalizable insights about responsible application of
machine learning in healthcare

This study represents an indicative case of responsible use of machine learning
in healthcare: the algorithm and the metric employed (DBSCAN and DBCV
index), in fact, can be clearly interpreted and explained to anyone, even without
a deep knowledge on machine learning. Our approach can be be considered
fair because our clustering methods do not produce biased outcomes based on
sensitive attributes such as race, sex, gender, or socioeconomic status. Moreover,
the privacy of patients is preserved by the anonymity of data: nobody can trace
the identity of patients from the data, even in the remote case they wanted to. The
datasets were collected by the original data curators after obtaining the informed
consents from the patients and the authorization of the ethical committees
of the corresponding hospitals [8,9,17,4]. The anonymous datasets were then
released openly following the FAIR principles [19]. Regarding explainability and
interpretability, we decided to use a modern clustering algorithm (DBSCAN)
whose functioning is known and can be explained to anyone. DBSCAN, in
fact, is not a black-box model [14]. Our project is fully patient-centric: our
primary goal was on improving patient outcomes, and we did it by identifying
the main clinical features that can discriminate the clusters of patients in the
three analyzed datasets. Of course, these practices can be generalized to any
biomedical informatics research project.

Additional information

List of abbreviations DBCV: Density-Based Clustering Validation. DBSCAN: density-
based spatial clustering of applications with noise. FAIR: findability, acces-
sibility, interoperability, and reusability. KPS: Karnofsky Performance Scale.
MGMT: Methylated-DNA–protein-cysteine methyltransferase. mL: milliliters.
OS: overall survival. PFS: progression-free survival. SVZ: sub ventricular zone.

Ethics approval and consent to participate Permission to collect and
analyze the data of the patients involved in this study was obtained from the
ethical committees by the original data curators, as stated in the original arti-
cles [8,9,17,4].
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