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Abstract

This study provides a practical guide to using the Davies-Bouldin Index (DBI), a
popular metric for internally evaluating clustering results. While previous studies
applied DBI across results on various datasets and generated by several algorithms,
no comprehensive guidelines exist for effective use of this coefficient. We
systematically analyze DBI's behavior through experiments on both synthetic and
real-world medical datasets, including results obtained through k-means, DBSCAN,
and hierarchical clustering. Our results highlight DBI's strengths and limitations, such
as sensitivity to cluster imbalance, non-compact clusters, and high-dimensional data.
Based on these findings, we propose actionable recommendations and best practices
for unsupervised machine learning researchers, including optimal algorithm choices
and parameter settings. This study bridges the gap between theoretical knowledge
and practical application, offering a clear manual of use for the Davies-Bouldin Index
in diverse clustering tasks.

Keywords Davies-Bouldin index, Clustering evaluation, Clustering algorithms,
k-means, Clustering metrics, Unsupervised machine learning

1 Introduction

Clustering is a data analysis technique that groups data points into clusters according to
their similarity, typically without predefined labels. Different algorithms, such as hierar-
chical clustering [1], DBSCAN [2], and k-means [3], produce different cluster structures
depending on their assumptions and parameters. Evaluating the quality of these results
is therefore essential. Clustering indices are quantitative metrics designed to assess
how well a dataset has been partitioned, helping compare methods and choose suitable
parameters, such as the number of clusters. Some examples are the Dunn Index [4], the
Silhouette Index [5], the Caliliski-Harabasz Index [6] and the Gap Statistic [7]. Despite
this variety, practitioners still lack clear practical guidance on how to interpret and apply
these measures in real scenarios.

Even if several metrics exist, no consensus on which one performs better has been
reached in the scientific community yet. In this article we will approach the Davies-
Bouldin Index [8]. Introduced by David L. Davies and Donald W. Bouldin in 1979, the
index provides a measure of the quality of clustering by assessing the trade-off between
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intra-cluster compactness and inter-cluster separation, as in the examples given. Its sim-
plicity and efficiency make it a popular choice for evaluating the performance of cluster-
ing algorithms.

We conducted a literature review to evaluate how the Davies-Bouldin Index (DBI) is
currently applied in the biomedical field and how it is generally regarded as a clustering
evaluation index. We focused on comparisons with other indices, such as the Silhouette
and Dunn indices. We sourced articles from databases such as Google Scholar, PubMed,
and Web of Science [9], by considering all the biomedical informatics studies involving
the DBI coefficient published in reliable journals. We summarized the gathered informa-
tion in Tables 1 and 2, if one is interested the material is freely available online. Articles
were selected in sequential order until the target quota was reached, provided they met
the predefined inclusion criteria, namely a minimum citation threshold, adequate jour-
nal reputation within the field, and relevance to the review topic.

In Table 1 the majority of articles employed the Davies-Bouldin Index (DBI) either as a
clustering evaluation metric [10—-14] or as a reference for dimensionality reduction [15].
Although other uses emerged [16, 17], they were too infrequent (one in twenty articles)
to include in the table. Interested readers can find some noteworthy examples in the
supplementary materials [18—20].

In most cases, the DBI was compared with the Dunn, Silhouette, and Calinski-Hara-
basz indices [21-26]. Many of the articles listed in Table 1 are methodological studies
focused on evaluating index performances, which explains the frequent use of artificial
datasets [27-29].

We also documented the types of inter-cluster measurements used. This aspect often
goes unreported and was typically limited to a simple mean distance from the centroid.
In many instances, researchers did not consider whether alternative metrics might be
more appropriate for their specific datasets.

Table 2 summarizes information regarding twenty biomedical studies that employed
the Davies-Bouldin Index. While the index found a range of uses, a great majority
focused on clustering evaluation [30-33]. Between the subjects were a wide range of
clinical situations with a relative majority of studies on carcinoma cases [34—37].

In almost half the studies the Davies-Bouldin Index was used alone [38—41] without
the aid of other instruments, while in almost the other half it was confronted mainly
with the Silhouette Index [42-45].

Table 1 Recap of the main findings of the scientific articles collected and studied

Technique % Indices Confronted % Datasets % Intracluster %
Used measurement
used

Dim. Reduc 10 None 10 mixed 25 Variance 5
DBSCAN 10 | 15 artificial 35 not specified 20
SOM 15 Calinski-Harabasz 25 real 40 Centroids 75
k-means 40 Silhouette 30
others 50 Davies-Bouldin 30

Index-variation

Dunn Index 60

others 60

Data referred to twenty different methodological studies on clustering indices. The percentage refers to the appearances
per article. For example, "10" in the percentage column means it appeared in 10 percent of the 20 articles
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Table 2 Use of DBI in the biomedical field: The table summarizes the use of Davies-Bouldin Index in
the biomedical field, with percentages indicating the frequency of occurrences

Pathologies % Biomedical Problem %  Cluster Scores (Per %
Appearance)

Healthy 20 Improve SEMG/EMG/MES signal clas- 30  solo 45
sification (including spike sorting)

Wide range of cancer typesand 15 Improve diagnostics in respective 30 Silhouette (SI) 40

subtypes field

Amputees/Upper Limb 10  Gene analysis for cancer correlation 15  Elbow method 15

debilitated

Acute heart failure and 10 Finding patterns in anamnesis to 15  Calinski-Harabasz (CHI) 15

comorbidities foresee outcome

Hypertension 5  Others 10 Jaccard index (JI) 5
Breast cancer 5 C-index (Hubert) 5
Burnout and Depression 5 Distance ratio (DRI) 5
Dyslexia 5 Bayesian Information 5
Criterion (BIC)
Colorectal carcinoma 5 Dunn Index 5
Chronic pain 5 Stability Index 5
Diabetes and comorbidities 5 Fisher's Linear Discrimi- 5
nant Index (FLDI)

Parkinson disease 5
Data from a lab rat 5
Use Made of the Indices % Type of Data* %
Clustering evaluation 60 SEMG/EMG 25
Feature space performance 25 Lab measurements of phenotypic 25

expressions or symptom expressions
Dimension reduction 5 Omic and Genomic data 20
Harmonisation 5 Questionnaires (symbolic) 15
Template creation 5 Radiomic features 10

Extracellular action potential (EAP) 5

Myoelectric signals (MES) 5

Blood pressure features 5

*Some articles use mixed types of data from these categories

We found a great variety in the type of information that was elaborated and the objec-
tives of the studies [46—-49].

Most importantly those articles were randomly selected among tens of others, and
between those we did not find a guide to the Davies-Bouldin Index which we think can
be the main contribution of this article.

Overall the articles had a positive perception of the index [25, 44].

Most importantly, although numerous articles employ the Davies-Bouldin Index, we
did not identify a methodological guide specifically focused on its practical interpreta-
tion and limitations. Existing surveys and comparative studies typically analyze multiple
clustering validity indices at a high level, whereas the present work provides a focused
and practice-oriented analysis of DBI. This article aims to guide the reader from the
mathematical formulation of the index to its practical use, combining analysis of imple-
mentations with experiments on both artificial and real-world datasets.

In this study, we analyze which existing implementations in the R ecosystem are most
appropriate for computing the Davies-Bouldin Index, providing both theoretical justifi-
cation and practical criteria that can guide the selection of analogous implementations
in other environments. We then present illustrative examples on both synthetic and real-
world datasets, designed to show how the mathematical structure of the index manifests
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across different scenarios. The main analysis is developed in the theoretical part of the
Methods section, while the Discussion highlights how the key behaviours observed in
the experiments translate into practical recommendations for interpreting DBI values
and informing clustering choices. The paper is primarily intended for applied research-
ers and practitioners who use clustering validation indices in practice, while also offering
methodological insights for readers interested in the theoretical behaviour and limita-
tions of DBI.

2 Methods

2.1 Study design and methodological framework

We documented each step of this study, following good practices as stated in cited lit-
erature [50]. Every information regarding it is public and accessible (Additional informa-
tion). We used a seed for each generation of a dataset for reproducibility.

We developed the experiments in R, and we organized the code and data repository
according to best practices [51, 52]. We logged regular updates in a scientific diary,
documenting experimental decisions and observations. Our whole software codebase is
available on GitHub for transparency and reproducibility [53], and updates were com-
mitted systematically to maintain a versioned and accessible repository structure.

The methodological workflow was structured to investigate the Davies-Bouldin Index
(DBI) from complementary perspectives, moving from theoretical analysis to controlled
simulations and finally to real-world applications.

First, we provide a formal definition of DBI and discuss theoretical limitations. Sec-
ond, we analyze implementation aspects in the R ecosystem to ensure reproducible and
consistent computation of the index. Third, we design synthetic experiments aimed at
isolating specific behaviours of DBI under controlled conditions, including centroid-
related issues and high-dimensional scenarios. Finally, we evaluate DBI across multiple
clustering algorithms on real biomedical datasets to assess its practical behaviour in
applied settings.

This multi-stage design allows us to connect theoretical properties, simulation-based
insights, and empirical observations into a coherent practical guide.

2.2 DBIformulation and theoretical analysis
The Davies-Bouldin Index is defined as:

1 K
DBlzgg;Di (1)

(lowest and best value: 0; highest and worst value: +0c0)
where K is the number of clusters, and D; refers to cluster number i

Do = xaax Dy @

calculated as:

_Sit S

Di; = 0 3)
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Here, M;; represents the similarity measure between clusters i and j, and S; is the
dispersion of cluster i. The goal is to minimize DBI to achieve an optimal clustering
configuration.

The dispersion S; of cluster ¢ is defined as:

S; = (Til_zlnxz Aﬂ) (4)

where: T; is the number of points in cluster i, X; represents each point in cluster 7, A; is
the centroid of cluster ¢, and p is a parameter that determines the distance metric.
The similarity measure M;; between clusters i and j is defined as:

Mij = <Z lair — ajk”) (5)
k=1

where: a;;, and a;j, are the k-th components of the centroids of clusters i and j, n is the
dimensionality of the data points, and p is the same parameter used in the dispersion
measure, defining the distance metric.

DBI from Eq. 1 has a value between 0 and +oo where 0 is the best possible outcome
and +oo0 is the worst.

This value is the average result of the D,’s (Eq. 2) which is like an evaluation of the
individual clusters. These individual evaluations depend on whether the cluster is close
to a very sparse cluster or if in general is too close to another cluster. If the individual
evaluations are "good" then probably the clusters have very distant centroids and vice
versa.

For an easier interpretation of the behaviour of DBI, we also introduced a normalized
version of it: The Davies-Bouldin Index is defined as:

1
normDBI = 1T DBI (6)
(lowest and worst value: 0; highest and best value: 1)

We employed this normalized variant only in a subset of experiments reported in
the supplementary material. The normalization was introduced solely to place DBI on
a bounded scale, allowing visual comparison with bounded indices such as Silhouette.
It should be interpreted as a visualization aid rather than as a new clustering validity
measure, and it does not modify the underlying DBI values used in our analysis. Con-
sequently, all methodological conclusions remain unchanged when using the standard
DBI, and the normalization should not be interpreted as enabling direct comparisons
across different datasets.

2.2.1 lllustrative examples of DBI’s theoretical limitations

The two main flaws of the Davies-Bouldin Index are its reliance on centroids to measure
cluster separation [14] and the way D, (Eq. 2) is calculated by selecting the worst-case
scenario max; D;; for each cluster. This often results in clusters having the same local
evaluation due to symmetry; for example, two clusters with centroids very close to each
other will likely have the same D;.
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This occurs due to Eq. 5, which measures the distance between two clusters as the dis-
tance between their centroids, and Eq. 3, which shows that the ratio is derived from the
sum of the two dispersions (Eq. 4) and the proximity of the two centroids.

Figure 1a illustrates a clear example of the “centroids problem” for the Davies-Bouldin
Index. The index assigns a score of approximately 64, which is not a strong result. Since
we will present examples in different spaces, we encourage readers to consider the clus-
ter sizes, as they factor into the index calculation. In Fig. 1a, both clusters are contained
within [-5, 5] x [=5, 5]).

In Fig. 1b, the index provides a more reasonable result for a more realistic scenario.
However, the score is still inadequate. In Fig. 1c, where the clustering is clearly worse
than in Fig. 1b, the index assigns only a slightly higher score. Given the significantly
larger interval in which the data are distributed, this small gap between evaluations
should be considered almost negligible. Furthermore, in Fig. 1d, the Davies-Bouldin
Index assigns an even lower score than in Fig. 1b, further demonstrating that centroid
distance is not a reliable measure of cluster separation

This may not seem like a major issue at first, but we encourage the reader to keep this
limitation in mind when using the Davies-Bouldin Index. This is especially important
when analyzing high-dimensional datasets, where clusters may be intertwined—similar
to the scenario shown in Fig. 2a. In such cases, it becomes difficult to detect these over-
laps, as human intuition struggles to visualize beyond three dimensions.

A more subtle issue with the Davies-Bouldin Index is its definition of D; as max; D;;.
This problem arises as the number of clusters increases. Figure 2b—d illustrate three dif-
ferent clusterings of the same dataset. Although all are clearly poor clusterings (assum-
ing we define 'bad’ clustering based on known criteria), the Davies-Bouldin Index
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Fig. 1 Examples for the centroids problem: (@) 2D Donut and Ball; (b) 2D Half-Donut and Ball; (c) Two Highly Mixed
Clusters; (d) Two Highly Mixed Clusters on a Line. Here we notice the behavior of the Davies-Bouldin index in cases
of density-based concave clusters and in cases of mixed overlapping clusters
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Fig. 2 Examples, second set: (@) 'Sisters Clusters; (b) Clusters with merged cloud case]; (c) Clusters with merged
cloud case2; (d) Clusters with merged cloud case3. Here again we notice the behavior of the Davies-Bouldin index
in cases of density-based concave clusters and in cases of mixed overlapping clusters

Table 3 Set of DBl implementations: Details of implementation choices and reasons for approval or
refusal. We selected clv.Davies.Bouldin()

Monthly
Implementation Package Downloads Evaluation (Reason) References
index.DB() clusterSim 4,537 Approved (Easy to use, highly used)  [54]
clv.Davies.Bouldin() clv 2,543 Selected (More accurate) [55]
DB.IDX() UniversalCVI 337 Considered (Implements clustering)  [56]
DavBou() MGMM 309 Discarded (Unknown problem) [57]
DB_weightedldx() Radviz 302 Considered (Difficult to use) [58]
davies_bouldin_score() ClusterStability 247 Approved (Easy to use) [59]
db_indexR() SOMEnv 160 Considered (Mean of the index) [60]
check_DB() ulrb 143 Considered (Strongly field-related) [61]
DBindex() chickn 51 Discarded (Package removed) [62]
ClusterDaviesBouldinindex() FCPS N/A Considered (Reapplies index.DB) [63]

“Discarded” means we could not investigate the script. “Considered” means we found the implementation not useful for
general use. “Approved” means we made a sanity check on it. Data are referenced as of 14th May 2024, as documented at
RDocumentation.org

assigns significantly different scores to each. This discrepancy occurs because a single
poorly formed cluster can influence the score multiple times.

For example, in Fig. 2d, the centroids of green cluster 2 and blue cluster 3 are very
close, and green cluster 2 is highly sparse. As a result, the sparsity of green cluster 2 is
counted twice. In contrast, in Fig. 2b, a very sparse cluster is only penalized once. This
leads to a paradox: despite the clusterings in Fig. 2c, d being very similar, their index

scores differ significantly.

2.3 Implementation and computational setup in R

One of the goals of this study has been to select the most informative and effective DBI
functions among the ones available for the R open source programming language (Table
3).
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Table 4 Vectors associated with each example

Name Vector
A (12)
B 23)
C B2
D 1)
= (13)
F [€R))
G (1
H 33)

Table 5 Examples of clustering results with two clusters

Example Cluster 1 Cluster 2
1 AC BD

2 AB CD

3 EE FF

4 EF EF

5 EG FH

6 BEG DFH

In the experiment we used clv.Davies.Bouldin () function from the c1lv pack-
age with setting "centroid" (Additional information section). We implemented the nor-
malized DBI (Eq. 6) through our R DBnormalize () function. The following are the
steps, we took in order to choose the implementation desired:

+ Review of the monthly downloads of the packages

+ Check at source code

+ Check at documentation

+ Test on easy examples for "approved” implementations

« Comparison of the results on all the examples resulting in a "selected” implementation

The sanity check setting is the following: Table 4 shows the vectors associated with each
name, and Table 5 shows the example clusters. We applied the three implementations,
clv.Davies.Bouldin(), index.DB() and davies bouldin score(), in
each of the six cases and confronted them with Davies-Bouldin Index results we calcu-
lated by hand.

2.4 Synthetic experiments

2.4.1 Clouds experiment

We conducted an initial experiment generating synthetic cloud datasets to exemplify
Davies-Bouldin Index’s performance. We generated two scenarios: a single cohesive
cluster (non-separated clouds) and two distinct clusters (well-separated clouds). We
used the mvrnorm () function (MASS package [64]) to generate the clouds. We applied
k-means, with two centers, and applied the index, we provided visual representations of
the data distributions. Notably, points are randomly generated around fixed centers with
predefined variance.

2.4.2 Manipulation of matrices of zeros and ones
The Zero—Ones experiment aimed to challenge Davies-Bouldin Index’s capacity to eval-
uate clustering in a high-dimensionality scenario.
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It consisted in constructing a 2n x n matrix. First # rows of the matrix were ones
[1,..,1] and the other n were zeroes [0,...,0]. Each row represented a datapoint. This
matrix was divided into two clusters using k-means with & = 2. We then transformed a
row, alternating between ones and zeros, into a random vector generated with runif ()
from R stats package.

Davies-Bouldin Index scores were calculated at each iteration.

The synthetic experiments described above are designed to isolate specific theoreti-
cal behaviours of DBI under controlled conditions. The real-world biomedical datasets
are then used to assess whether these behaviours persist in practical, high-dimensional
clinical scenarios.

2.5 Real-world evaluation across clustering algorithms

For practical insights, we tested the Davies-Bouldin Index on multiple real-world datas-
ets of electronic health records data collected from patients with various diseases. Each
dataset was clustered using three methods: k-means (with varying number of cluster
centers), hierarchical clustering (varying linkage criteria), and DBSCAN (varying the
epsilon and minimum point parameters). Then we calculated the Davies-Bouldin Index
for each clustering result to evaluate its effectiveness in real-world clustering tasks with
diverse data structures. We stored clustering configurations and results for reproducibil-
ity, and we computed statistical summaries to assess the Davies-Bouldin Index’s stability
and performance across algorithms ("Data and software availability”). We used five open
datasets of published studies [65—69].

Neuroblastoma dataset The dataset includes 169 neuroblastoma patients (from a
cohort of 275) and 13 clinical and demographic variables. It records age (in months), sex,
tumor site, cancer stage, and risk classification, which help assess disease progression
and severity [66].

Treatment details include autologous stem cell transplantation, radiation therapy, and
surgical methods, along with the tumor’s degree of differentiation. The MYCN status, a
key prognostic factor linked to tumor aggression, is also documented. Follow-up dura-
tion (in months) tracks patient monitoring, while the outcome variable indicates sur-
vival status.

Collected between 2010 and 2015 at the Children’s Hospital of Fudan University in
Shanghai, China, the dataset is a valuable resource for studying neuroblastoma prog-
nosis. Most variables are binary, except for follow-up duration, which is measured in
months.

Diabetes type one dataset The study initially considered 77 Japanese young adult
patients with childhood-onset type one diabetes. Ten patients were left out—six due
to missing data and four because they were under 20, which could have affected bone
metabolism results [68].

With 20 clinical characteristics recorded for each. It includes metrics such as age, dia-
betes duration, body mass index (BMI), total daily insulin dose (TDD), basal and bolus
insulin levels, HbAlc (a marker of blood glucose control), estimated glomerular filtra-
tion rate (eGFR, indicating kidney function), and percentage of body fat. Other measures
include adiponectin (a hormone related to metabolism), free testosterone levels, skel-
etal muscle index (SMI), grip and knee extension strength, gait speed, and osteocalcin
(OC and ucOC, markers of bone turnover). Additionally, weight in kilograms, a binary
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insulin regimen indicator, and sex (0 for men, 1 for women) are included.The study was
conducted by researchers from Tokushima University and Osaka University in Japan.

Depression and Heart Failure dataset The dataset consists of 425 patients, each repre-
sented by 15 clinical characteristics [69]. It focuses on heart failure and depression, with
data including age, gender, PHQ-9 depression scores, systolic blood pressure, estimated
glomerular filtration rate, ejection fraction, serum sodium, and blood urea nitrogen lev-
els. Additionally, it tracks the etiology of heart failure, history of diabetes, and whether
BNP/NT-BNP levels were elevated. Outcomes such as time from heart failure to death
or hospitalization and whether the patient died or was hospitalized are also recorded. It
combines binary variables to values around the tens.

Cardiac Arrest dataset The dataset consists of 416 patients who experienced car-
diac arrest [67]. It contains 10 clinical characteristics recorded during the study. These
include whether the patient survived (Exitus), their sex, age, whether they received
endotracheal intubation, functional status, whether they had asystole, whether the car-
diac arrest occurred at home, whether a bystander was present, the time in minutes, and
whether the cause was cardiogenic.

We had to remove some rows due to missing information in the table at our disposal
(rows: 52, 203, 221, 234, 298, 391).

Sepsis dataset The dataset contains information on 1257 patients diagnosed with sep-
sis, a life-threatening condition caused by the body’s extreme response to infection. It
includes 16 clinical characteristics, such as age, sex, severity scores (APACHE II and
SOFA), inflammatory markers (CRP, WBCC, NeuC, LymC), and platelet-related indica-
tors (PLTC, MPV). Additionally, the dataset records the length of stay in the ICU (LOS-
ICU) and patient mortality outcomes [65].

3 Results

3.1 Sanity check tests

Here the results from six base examples used to choose the implementation of the
Davies-Bouldin Index. And the results from the clouds experiments used to give an
example of the behavior of the index.

3.1.1 Test examples
In Table 6 we show the results from the sanity check tests. The clv.Davies.
Bouldin () matched the calculation made by hand.

Both index.DB() and davies bouldin score() performed correctly on
examples 2, 3 and 5. index.DB () presented two small issues: Does not contemplate
the worst case scenario, cluster centroids overlapping, writing NaN instead of +00 on
examples 1 and 4; and makes a calculation error of ~ 0.05 on example 6.

Table 6 Final test results: Results of three different implementations of the Davies-Bouldin Index on
six examples compared with the result calculated by hand

Example clv.Davies.Bouldin() index.DB() davies_bouldin_score() Actual result
1 +o00 NaN 0 +o00

2 1 1 1 1

3 0 0 0 0

4 +o00 NaN 0 +o0

5 1 1 1 1

[§ 1.369607 1414214 1.369607 1.369607
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Table 7 Davies-Bouldin Index results: Separated clouds case

Davies-Bouldin Index score n
0.281 100
0.288 1000
0.291 10,000
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Fig. 3 Well-separated clouds with n=100 points each clustered with k-means algorithm, k=2

davies_bouldin_score performed correctly on example 6 but confuses the worst case
scenario (+o00) with the best case scenario (0), every cluster has all the elements having
the same value and the clusters are well separated, on example 1 and 4.

3.1.2 Well separated clouds
We show in Table 7 the clv.Davies.Bouldin results for clusters of well separated clouds of
data.

We show in Figs. 3, 4, and 5, the plots of the k-means clustering on well separated
clouds of data respectively for n equal to 100, 1,000, and 10,000.

k-means gave similar performances with 0.281 for n = 100, 0.288 for n = 1,000 and
0.291 for n = 10, 000, according to the Davies-Bouldin index.

Page 11 of 24
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Fig. 4 Well-separated clouds with n=1,000 points each clustered with k-means algorithm, k=2

3.1.3 Non-separated clouds
We show in Table 8 the clv.Davies.Bouldin results for clusters of non-separated clouds of
data.

We show in Figs. 6, 7 and 8, the plots of the k-means clustering on non-separated
clouds of data respectively for n equal to 100, 1000, and 10000. k-means gave similar
performances with 0.880 for n = 100, 0.951 for n = 1,000 and 0.930 for n = 10, 000,
according to the Davies-Bouldin index.

Similar results were obtained from multiple iterations of both Well-separated clouds
and Non-separated clouds experiments

3.2 Matrices of zeros and ones - k means and dimensionality

Figure 9 shows the Davies-Bouldin Index scorings of the k-means clustering in each step
of the iteration for n = 5. The Index gives a score of 0 at step zero and goes worsening
almost scaling at each step.

Figure 9 also shows how many points are in each cluster at each step for n = 5.
k-means makes clusters with proportions contained between 40% and 60% for seven out
of ten steps.

Figure 10 shows the Davies-Bouldin Index scorings of the k-means clustering in
each step of the iteration for n = 10. The Index gives a score of O at step zero and goes
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Fig. 5 Well-separated clouds with n=10,000 points each clustered with k-means algorithm, k=2

Table 8 Davies-Bouldin Index results: Non-separated clouds case

Davies-Bouldin Index score n
0.880 100
0951 1000
0.930 10,000

worsening almost scaling at each step. Between steps 17 and 18 there is a leap of ~ 0.6
before the scores starts to lower again.

Figure 10 also shows how many points are in each cluster at each step for n=10.
k-means makes clusters with growing disproportion until step 17, from step 18 the two
clusters are more similar in proportion.

Figure 11 shows the Davies-Bouldin Index scoring of the k-means clustering in each
step of the iteration for n = 20. The Index gives a score of 0 at step zero and goes wors-
ening reaching a plateau around step 30. Between step 35 and 36 there is a leap of more
than two points in the score. And except for step 38, where the score is ~ 0.5, the score
goes worsening.

Figure 11 also shows how many points are in each cluster at each step for n = 20.
k-means makes clusters with growing disproportion until step 35, from step 36 the two
clusters are more similar in proportion. Except for step 38.
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Fig. 6 Non-separated clouds with n=100 points each clustered with k-means algorithm, k=2

3.3 EHRs-results for multiple algorithms

In this section, we present the clustering outcomes based on the Davies-Bouldin Index
(DBI) and cluster distributions for the datasets analyzed. Multiple clustering algorithms
were applied, including different configurations of DBSCAN (small, medium, large epsi-
lon), hierarchical clustering (single, complete, and average linkage), and k-means with 2,
3, and 5 centers.

Cluster O represents the outliers in the DBSCAN clustering and is not considered a
cluster in the Davies-Bouldin Index scoring.

Depression and Heart Failure dataset For this dataset [69], the DBSCAN algorithm
with a medium and larger epsilon yielded the lowest Davies-Bouldin Index score, ~ 0.2,
forming three clusters. A smaller epsilon meant lower result of Davies-Bouldin Index. In
all three cases the outliers were between 20 and 25\% of the data.

Hierarchical clustering with single linkage produced the highest score, ~ 2, and
formed a single large cluster with ~ 95% of the data.

k-means achieved results between 0.5 and 0.8 forming clusters with great proportion
variation having the bigger and smaller clusters differ at least of 25% of size.

Hierarchical clustering at complete and average linkage gave similar results to k-means
both in score and in cluster disproportions forming 4 clusters both (Fig. 12).

Neuroblastoma dataset We applied several algorithms to this dataset [66, 70]. The
DBSCAN algorithm vyielded the highest Davies-Bouldin Index score, ~ 0.61 with a
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Fig. 7 Non-separated clouds with n=1,000 points each clustered with k-means algorithm, k=2

smaller epsilon, forming three clusters. Growing the epsilon size the algorithm produced
five clusters, two bigger than 25% of the dataset and three smaller than 10%, which
resulted in a better score according to the Davies-Bouldin Index, ~ 57.5% for a medium
epsilon and ~ 52.5% for a bigger one. In all three cases the outliers were between
20 — 25% of the data.

Hierarchical clustering with single linkage produced the lowest score, ~ 0.35, and
formed mostly a single large cluster with ~ 90% of the data.

k-means got results between 0.5 and 0.55 forming clusters with great proportion varia-
tion having the bigger and smaller clusters reaching a 25% difference of size.

Hierarchical clustering with complete and average linkage gave similar results to
k-means both in score and in cluster disproportions forming 4 clusters both (Fig. 13).

Sepsis and SIRS dataset The DBSCAN algorithm yielded the highest Davies-Bouldin
Index score in this dataset [67], higher than 1.6 with a smaller epsilon, forming two
clusters. Growing the epsilon size the algorithm produced the same number of clus-
ters, growing Cluster 1 size by at least ten points from ~ 60% to more than 75% with
a medium epsilon and ~ 80% with a bigger epsilon, which resulted in a higher score for
both configurations according to the Davies-Bouldin Index, between 0.65% and 0.75%.
The outliers group size went from almost 38% to less than 10% as the epsilon grew.

Hierarchical clustering produced a single large cluster, of more than 90% of the data-
set, in all three cases; getting a higher grade from Davies-Bouldin Index with complete
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Fig. 9 Matrices of zeros and ones. For n=5. Plot showing DBI values as the number of manipulated rows increases
(left) and the percentages of cluster memberships as the number of manipulated rows increases (right)

and average linkage close to a 0.5% score and single linkage close to 0.25% score.
k-means clustering formed clusters with varying size in all three cases, a higher than
25% difference in size between the bigger and smaller cluster. The Davies-Bouldin Index
appointed a score around 0.8 to all three the clustering settings; Appointing 2, 3 and 5
centers made little difference according to the Index (Fig. 14).
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Diabetes type one dataset In this dataset [68] the DBSCAN algorithm with a medium
and a bigger epsilon achieved around 0.9 Davies-Bouldin Index score, forming both a
cluster with around 70% of the dataset size and outliers being 20% of the dataset. The
algorithm formed three and four clusters, all sized ~ 5% of the dataset, respectively in
the bigger epsilon and medium epsilon cases. The outliers group almost doubled in size
in the smaller epsilon case, with around 37% of the dataset. A smaller epsilon corre-
sponds to a reduction to two clusters with cluster one around 60% of the dataset size;
and a ~ 1.25 Davies-Bouldin Index score.

Hierarchical clustering produced a single large cluster, of ~ 80% and ~ 95% of the
dataset, with average and single linkage. Forming three much smaller clusters in both
those cases. Hierarchical clustering with average linkage scored around 0.95 in the
Davies-Bouldin Index scale; while with single linkage scored less than 0.75. Hierarchi-
cal clustering with complete linkage formed clusters of varying size. The bigger cluster
taking less than half of the dataset, Cluster 3 taking ~ 35%, Cluster 2 taking ~ 15% and
Cluster 4 less than 5% of the dataset size. e k-means clustering formed clusters with
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varying size in all three cases, a higher than 25% difference in size between the bigger
and smaller cluster. The Davies-Bouldin Index appointed very different scores in these
cases: ~ 1.25 to 2 centers configuration, almost 1.75 in 3 centers configuration and
around 1.40 to 5centers configuration (Fig. 15).

Cardiac arrest dataset DBSCAN behaved similarly in all three configurations in this
scenario [65], both according to Davies-Bouldin Index score both in clusters numbers
and proportions. All three configurations scored between 0.7 and 0.8 in the Davies-
Bouldin scale; and all three formed one big cluster with more than 70% of the data and
three to four smaller clusters with at best 5% of the data. The outlier’s Cluster 0 reaches
no higher than the 20% of the cluster size in all those cases.

Hierarchical clustering with average linkage scored 0.6 in the Davies-Bouldin Index
scale. Forming 1 bigger cluster containing up to 65% of the dataset, one cluster with
around 30% of the dataset, and two smaller clusters with some percentile point of size.

Hierarchical clustering with complete linkage scored around 0.83 in the Davies-
Bouldin Index scale. Forming 2 bigger clusters with around 40% of the dataset each,and
two smaller clusters with ~ 10% and ~ 6% of the dataset.

Hierarchical clustering with single linkage scored 0.86 in the Davies-Bouldin Index
scale. Forming one big cluster with almost all the dataset, leaving three small clusters
with at best a couple percentile points of the dataset size.

k-means algorithm produced clusters of similar sizes in all three cases, both the three
and 5 centers configurations forming a smaller cluster of around 5% of the dataset size.
The scoring in the Davies-Bouldin Index scale is also similar with all three cases scoring
between 0.85 and 0.9 (Fig. 16).

4 Discussion and conclusions

Insights from the theoretical analysis and synthetic experiments provided a framework
for interpreting the real-world clustering results. They helped us understand, for exam-
ple, why hierarchical clustering behaved unexpectedly in the presence of noise or why
DBI scores for K-means were sometimes less informative, guiding our reasoning as we
analyzed the results. The patterns observed in the real-world datasets were consistent
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Fig. 15 Evaluation and clustering percentage results on the diabetes type one dataset. Davies-Bouldin Index
scores for different configurations of three clustering algorithms: DBSCAN, Hierarchical clustering and k-means.
Cluster sizes in percentage by clustering algorithm (Cluster 0 are outliers). DBI results (left) and cluster member-
ships (right)
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with the behaviors identified in the synthetic experiments, confirming that DBI’s limi-
tations—such as underestimating poorly separated or irregularly shaped clusters—can
influence the interpretation of clustering outcomes. This study’s main contribution is to
equip practitioners with a lens through which to interpret DBI results, allowing them to
recognize subtle or elusive patterns that might otherwise be overlooked.

While widely used and well-regarded in scientific research [25, 44], our results confirm
that DBI provides only partial information about clusters, ignoring both cluster magni-
tude and, to a large extent, cluster shape.

Lower (higher) DBI scores should not be interpreted as evidence of superior (infe-
rior) clustering quality, but rather as an indication of how well the clustering structure
matches the assumptions embedded in the index, namely the separation between cluster
centroids and the average dispersion of points around their centroid.

For example, in cases such as a small ball within a donut-shaped cluster (Fig. 1a), DBI
may rate DBSCAN correctly splitting them as poor clustering, while k-means splitting
both shapes may appear reasonable according to DBI, clearly illustrating the index’s
limitations. These issues are especially pronounced in high-dimensional datasets, where
intertwined clusters can bring centroids closer together, affecting DBI scores.

Another example is how in both cloud experiments, centroid distances and within-
cluster variance remain constant across runs, as points are randomly generated around
fixed centers with predefined variance. As the number of generated points increases, the
law of large numbers causes the observed quantities to converge toward these imposed
values. Because DBI is explicitly based on centroid separation and intra-cluster disper-
sion, and because k-means consistently partitions the data according to the same geo-
metric assumptions, the resulting clusters remain spatially similar across experiments,
leading DBI to assign comparable scores.

Our experiments highlight that DBI is most informative when applied to DBSCAN
results. DBSCAN identifies dense regions while ignoring sparsity, and DBI complements
this by evaluating intra- and inter-cluster compactness. In contrast, the interpretation of
DBI scores can be less informative for k-means and hierarchical clustering, where cluster
formation criteria aligns with DBI’s assumptions or produces trivial solutions (for exam-
ple, all points in one cluster as also observed in literature [26]).
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We also recommend monitoring the proportion of outliers, as DBI does not account
for them.

We also have to report several limitations of this study. The literature review focused
on a subset of studies, and our datasets were primarily biomedical with varying data
scales. A broader dataset variety, more clustering algorithms, and additional compari-
sons with other indices could strengthen future studies. Furthermore, the DBI imple-
mentations tested allowed only partial flexibility in parameter tuning.

Ultimately, this article contributes a systematic, application-oriented perspective on
DBI, bridging the gap between theoretical understanding and practical use. By providing
detailed examples, highlighting limitations, and offering actionable guidelines, this study
serves as a manual of use for DBI in diverse clustering tasks.

It seems to us a good practice complementing DBI with indices such as the Silhouette
Index, which looks robust and better supported both theoretically and in the literature
[25], as it seems to provide a more reliable measure of inter-cluster distance [71]. Addi-
tionally, we suggest considering the I Index [21], which we propose renaming as the
‘Bandyopadhyay-Maulik Index’ or ‘Ban-Mau Index’ to improve its recognizability; fur-
ther studies are required to validate this proposal. Finally, a simple modification to DBI
could involve replacing the 'max’ operator in the formula with an ‘average, potentially
enhancing its performance.

This study provides researchers and practitioners with a concrete framework to effec-
tively apply DBI in diverse clustering scenarios. Moreover, in the future we plan to
design a density-based version of the Davies-Bouldin index to employ to assess nested
clusters. If the DBCV index can be considered a density-based variant of the Silhouette
coefficient [72, 73], we believe a density-based variant of DBI can be effective as well.
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