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Abstract

Clinical and epidemiological researchers may want to identify or determine groups with similar characteristics that exist within a dataset 
or population. For this purpose, clustering techniques can be applied. However, clustering can be complex, and results can be misleading if 
the methods are not applied with fidelity.

The aim of this paper is to provide practical guidance to (clinical) researchers in rheumatology and other fields who wish to explore or 
confirm (sub) groups within their study population, and are considering to apply clustering techniques to (patient) data. We discuss when 
clustering is useful for addressing your research question (and when it is not), the need to define the cluster concept, the choice of distance 
measure between 2 observations, the preprocessing of the data, the assessment of clustering tendency, the types of clustering methods, the 
determination of the number of clusters and end with the evaluation of the derived clustering solutions using visualizations and statistical 
measures.

The following methods are presented in this paper: K-means, partitioning around medoids, hierarchical clustering, Density-Based 
Spatial Clustering of Applications with Noise, spectral clustering, fuzzy clustering, and latent class analysis. To illuminate the different 
considerations involved in clustering, we use a case example: secondary data from 895 people with rheumatoid arthritis, spondyloarthritis, 
and gout who completed the Health Literacy Questionnaire (HLQ). In this case example, we compute, appraise and evaluate clustering 
solutions using different methods in 6 steps, including statistical measures and expert opinion.

The 6 steps proposed in this paper describe a systematic approach to cluster analysis to ensure all important aspects are considered. In 
the case example, different clustering methods led to different clustering solutions and insights. Qualitative interpretation by content experts 
was insightful here. Where possible, researchers should apply more than one clustering method fitting to the objective and reflect on even-

tual differences in solutions. � 2026 The Author(s). Published by Elsevier Inc. This is an open access article under the CC BY license 
(http://creativecommons.org/licenses/by/4.0/).
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1. Introduction

Clustering refers to a type of method that can search for 
patterns and insights in data, without knowing upfront what 
you are looking for. It is a form of unsupervised learning, 
because there is no known answer (label), with which to 
check the outcomes of the process. These techniques are 
generally used for exploratory analysis [1]. This paper fo-

cuses on patterns or relationships between observations 
(representing cases or patients). For this purpose, clustering 
techniques are useful [1, p 514]. These techniques identify 
clusters as (previously unknown) subgroups within a set of 
observations, subgroups of observations that are more 
similar to each other than to observations in a different sub-

group. Other unsupervised learning methods besides clus-

tering exist. For instance, factor analysis or principal 
component analysis [1, p 496] help look for patterns or re-

lationships between variables (representing measurements, 
characteristics, or indicators).

Clustering of patients is highly relevant for clinical 
research. Clustering can help to understand diversity within 
a patient population, or allow to differentiate treatments be-

tween subgroups. For example, a hierarchical cluster anal-

ysis was used to identify subgroups by health outcomes and 
health-care resource utilization among patients with rheu-

matoid arthritis [2]. Four clusters were detected that differ 
in disease activity, pain, fatigue, comorbidities and 
health-care—related costs. Similarly, patients with active 
systemic lupus erythematosus can be clustered into 3 sub-

groups, mainly based on T-cell heterogeneity [3]. 
According to a 2018 systematic review, there has been 

an increase in studies adopting unsupervised learning in 
rheumatic and musculoskeletal diseases [4]. Most of the 
studies in the articles they reviewed used a form of cluster 
analysis. The review assessed the reporting quality of clus-

ter analyses studies according to a set of criteria, which un-

fortunately did not include a justification of the clustering 
method used. Only 2 methods of clustering, hierarchical 
methods and K-means, were applied in the included studies 
[4]. Researchers are more likely to apply clustering 
methods that are frequently reported in publications [5], 
and thus broader knowledge of available techniques among 
clinical researchers is important. For example, latent class 
analysis (LCA) since emerged as a popular clustering 
method in rheumatology, for example to identify 4 classes 
(or types) of spondyloarthritis [6,7]. Besides LCA, K-means 
and hierarchical methods, many more clustering techniques 
have been proposed in statistical literature, including parti-

tioning around medoids (PAM), density-based spatial clus-

tering of applications (DBSCAN), Spectral clustering, and 
Fuzzy clustering.

These techniques can also be used to investigate a 
ground truth or hypothesis on an outcome. The results of 
clustering will not always confirm those preexisting ideas. 
This would not mean these were wrong, only that the clus-

tering method found another clustering. When we have

found a sensible division in groups (whether from a preex-

isting idea or via a clustering method), this can be used to 
classify large cohorts.

The aim of this paper is to give clinical researchers in 
rheumatology (and other fields) practical and methodolog-

ical guidance with regard to clustering of patient data via a 
stepwise, hands-on tutorial, with the help of an example 
from clinical practice. This paper presents a summary of 
the key steps and methods in the main text. More technical 
details, including a simulated dataset, a suggested analysis 
plan for this type of data and annotated R-code used for cal-

culations are available to the reader as supplementary files. 
All analyses were performed using R Statistical Software 
(v4.4.2; R Core Team 2024).

2. Clustering step by step

When considering and performing a cluster analysis, there 
are several decisions to be made. First, we have to assess if 
clustering is indeed contributing to our research question (step 
1). If so, the next step is to formulate what we consider to be a 
cluster in our research context, we have to formulate the clus-

ter concept (step 2). Then we have to decide how to evaluate 
the distance between 2 observations, how can we capture the 
dissimilarity between 2 observations―for instance, sets of pa-

tient data―with a quantitative measure (step 3). After these 
decisions, we explore the clustering tendency, to get an idea 
to what extent there are natural clusters in the data. Further-

more, some rules of thumb regarding the required sample size 
need to be considered, most of which are related to the num-

ber of variables used to calculate distances (step 4). Depend-

ing on the clustering concept we can apply multiple clustering 
methods, while deciding on the number of clusters using sta-

tistical calculations or expert opinion or both (step 5). Finally 
(step 6), we have to assess and interpret the clustering solu-

tion. Is the clustering solution helpful for the problem at 
hand?

In the next sections, each of these steps will be briefly 
discussed. The steps will be illustrated using secondary data 
from a study on health literacy among people with rheuma-

toid arthritis, spondyloarthritis, or gout (see Boxes 1—6). 
Originally, a hierarchical cluster analysis was used to clus-

ter these patients into 10 different profiles of patients 
differing in strengths and weaknesses across nine health lit-
eracy domains [8].

2.1. Step 1: Decide whether clustering is the way to 
address the research question

The first decision is whether clustering is the best way to 
answer the research question. If the aim is indeed to find 
meaningful (sub) groups in the observations (patients), for 
instance for designing tailored interventions per group, 
clustering might be the appropriate method. As noted 
earlier, other techniques for unsupervised learning exist
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besides clustering. The main distinction is between clus-

tering (finding coherent subsets of observations in the data), 
dimensionality reduction (summarizing a large number of 
correlated variables into a smaller number of new variables 
that explain most of the variability in the original set) and 
association rules (finding if-else patterns in the data) [10]. 
Note that clustering is an exploratory technique, and often, 
the observations can be partitioned into meaningful sub-

groups in more than one way [11]. Moreover, clustering al-

gorithms will almost always produce clusters, which do not 
necessarily correspond to any clinical reality. Thus, 
combining statistical techniques with clinical expertise is 
important (see also Step 6).

2.2. Step 2: Determine cluster concept

What is considered a good type of cluster in the context 
of the study objective and needs, should be clearly defined 
in advance. If a cluster is considered as a set of observations

that can be represented by a prototype observation, the clus-

ter can be thought of as being a so-called compact shape, 
with all the observations close together, and separate from 
other clusters. This is shown in Figure 1A, where the 2 
blobs can be clearly distinguished by values on 2 axes, 
and the prototype per cluster is the center of the blob. 
Perhaps in some contexts it is reasonable that a cluster is 
not so compact, as is shown in Figure 1B. Two distinct 
blobs are visible, where the bottom one is not very 
compact, but more oblong. A small empty space is visible 
at the center of the bottom blob. However, interpreting this 
gap as an indication that the lower point cloud consists of 2 
smaller point clouds, is overthinking. This example is 
generated from a 2-dimensional uniform distribution and 
the empty space is merely coincidental. It could be plau-

sible that clusters overlap, as shown in Figure 1C, where 
for some points it is not clear to which point cloud they 
belong. In a context of text recognition, a cluster could 
be a character, seen as a series of dots, of which each 
one is close to one other, but not necessarily all close 
together, as shown in Figure 1D. The cluster concept is 
informative of the type of clustering methods to choose 
in step 6 [8].

2.3. Step 3: Determine distance between observations

The next step is to decide how to capture the dissimilarity 
between 2 observations, that is how to measure the distance 
between 2 observations. Instead of a distance measure, some-

times a similarity measure is used. This decision influences 
the choice of clustering method, as well as the outcome [10].

2.3.1. Choice of variables

When clustering with existing data, it could be that some 
variables are more interesting to cluster with than other var-

iables. A split can be made between variables that are used 
for clustering, and other variables, which later could be 
used in combination with the characteristics of the found 
clusters to describe or analyze the found clusters.

2.3.2. Types of variables and distance

To calculate a distance between 2 observations, their 
values need to be compared on the available variables. Variables 
can be quantitative or qualitative, and are expressed on

Figure 1. Four different types of cluster concepts. In figure A and B the point clouds are distinct. In figure A they are both compact, while in figure B 

the bottom one is oblong. Figure C shows a point cloud at the top left that is denser than the point cloud at the right bottom. There even could be 
some overlap. Figure D shows 2 distinct point clouds that are not convex.

Box 1 Health Literacy Profiles, the case example 
for this tutorial

There is increasing recognition of health literacy as 
a determinant of health that does not represent a uni-

dimensional characteristic. Rather, people vary in 
their health literacy strengths and weaknesses across 
domains, resulting in individual challenges. Bakker 
et al [8] performed a cross-sectional study for which 
almost 900 patients with rheumatoid arthritis, spon-

dyloarthritis, and gout from 3 hospitals in the 
Netherlands completed the Health Literacy Question-

naire (HLQ). The HLQ contains 44 items and as-

sesses a person’s strengths and difficulties across 9 
domains of health literacy ([9], see also Appendix A). 
If there is some underlying structure in these data that 
would suggest different health literacy profiles 
(common patterns of strengths and weaknesses), this 
could help the clinicians to understand different health 
literacy needs within a patient population, and allow 
differentiating treatments between subgroups. This 
question can be investigated by means of clustering.
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different scales (continuous, ordinal scale, categorical). The 
choice of distance measure depends on the scale of the vari-

ables. Distances between quantitative variables are often ex-

pressed as Euclidean distance (or squared Euclidean distance). 
Variables on an ordinal scale are often transformed to a 

continuous range between 0 and 1, and from then on treated 
as continuous variables. For categorical (qualitative) vari-

ables the distance can be denoted as 1 in case the values 
are different for the observations and 0 if they are the same. 

As an observation is typically defined by more than just 
1 variable, the distance between 2 observations is often 
seen as the (weighted) sum of the distances between the in-

dividual values of the 2 observations over all variables [10]. 
Other distance measures than Euclidean distance are avail-

able. A description of some can be found in Appendix C. A 
concise table of distances for continuous data including ad-

vantages, disadvantages, and indication of processing time 
can be found in Shirkhorshidi et a [12].

2.3.3. Pre-processing the data or not

Variables usually differ in scale ranges and answer ranges, 
and therefore differ in variation. In some cases this may be 
problematic, but it does not have to be. Variation within a var-

iable defines its relative impact on the clustering. A variable 
with a high variance gets more dominance in determining 
the distance (and hence the clustering) than a variable with a 
low variance. A variable with low variance is thus less impor-

tant for determining the distance, and hence less important for 
the clustering. Preprocessing influences the weights of the var-

iables taken into the distance measure and because of that also 
has an impact on some clustering methods [11, p 716]. 

Consider the example where a distance needs to be es-

tablished between customers buying clothes based on the 
variable amount spent in euros and the variable number 
of items bought. If it is the opinion that both variables 
are equally important to find customer segments, then a dif-

ference of 1 euro is probably not worth as much as a differ-

ence of 1 item bought. In these situations, it is better to 
preprocess both variables, so both variables are on compa-

rable scales. However, if it is the opinion that a difference 
of 1 in both variables is of a similar importance to deter-

mine the distance between customers, preprocessing is 
not needed.

Sometimes variables have comparable answer ranges, but 
the given answers show different variation. Depending on the 
domain specific perception of a cluster, a decision can be 
made whether the relative differences within a variable are 
what is important, or the absolute differences. For example: 
in a survey, one question is about an opinion measured on a 
continuous scale from 1 to 10. Suppose all respondents would 
score between 3 and 4. Do we conclude there is not much dif-

ference in opinion? That implies we decide it should not have 
a large effect on the clustering and we look at absolute differ-

ences, and hence do not preprocess. If we feel it is important 
to look at the relative differences, even if all answers are on 
the low end of the scale, we standardize the data.

There are different standardization methods. Regular 
standardization scales a variable by subtracting its mean 
and dividing the remainder by its standard deviation. A 
method less sensitive to outliers is robust standardization 
where the median value gets subtracted, and the remainder 
gets divided by the median absolute deviation. Ordinal vari-

ables can be rescaled to the interval [0,1] with borders, or 
the interval !0,1O without borders [10].

2.4. Step 4: Determine clustering tendency and sample 
size

Some clustering methods always provide at least 2 clus-

ters, even when there are no actual clusters in the data. This 
can also be helpful, but it is important to be able to assess 
whether the obtained clusters are natural clusters, or arti-

facts of the clustering method, especially when a clustering 
method results in exactly 2 clusters.

One way of getting an impression about the clustering 
tendency is via the Hopkins statistic [13]. The Hopkins sta-

tistic takes a sample of points from the dataset, and calcu-

lates for these points the average distance dist data to the 
nearest neighbor. It does the same for an equal sized set

Box 2 Cluster concept for the case example

In the context of health literacy research, a cluster 
would be a group of patients with a similar health lit-
eracy profile (scores on the 9 subscales of HLQ), 
comparable to plot A above. The differences between 
patients in the same cluster should be relatively small, 
and the differences between patients in different clus-

ters should be relatively large, compared to the differ-

ences between patients in the same cluster.

Box 3 Distance for the case example

The HLQ comprises 44 questions scored on a 4- or 
5-point ordinal scale addressing 9 different domains 
of health literacy. Thus, the 9 domains have already 
been selected as the 9 variables to include in the clus-

ter analysis. We do not yet have a clear opinion on the 
importance of absolute or relative differences.

To investigate the influence of differences in scales 
combined with the various types of preprocessing on 
the resulting clusters, we clustered with the 9 domain 
variables (obtained via averaging of the 44 ques-

tions), with the standardized version, with the robust 
standardized version and with the translation of the 
original 44 ordinal questions to a (0,1)-scale and to 
a [0,1]-scale. Since after preprocessing all variables 
are on the same continuous scale, we decided to 
use the (squared) Euclidean distance.
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of randomly simulated points. The statistic is calculated by

dividing the average distance dist random from the random set 
by the sum of both average distances. If the data set is more 
or less random, the value of the Hopkins statistic will be 
around 0.5. If all points in the data set have a very nearby 
neighbor, the Hopkins statistic will be close to 1, indicating 
a high clustering tendency. See Appendix B.

There is no general rule for sample size regarding clus-

tering. Almost every clustering method will divide a dataset 
into clusters, whether they are meaningful or not, even 
when in reality there is no subdivision in clusters. On the 
other hand, if the sample size is too small, clustering 
methods can fail to identify an underlying structure, even 
if there is a true structure in reality [14].

What may be considered an outlier in a particular sam-

ple, could be interpreted as a small cluster if the sample 
size had been larger. When the number of dimensions (vari-

ables) increases, the density of the observations can become 
sparser, so every observation is more like an outlier, with no 
nearby neighbors. This is called the ‘‘curse of dimension-

ality’’, coined by Bellman in 1961 [10].

There are 2 options to overcome this curse of dimension-

ality. Either decrease the number of variables, or increase 
the sample size. One way to reduce the number of variables 
is by using principal component analysis [10]. Principal 
Components are the directions in the variable space in 
which the observations vary the most. If the first 2 Principal 
Components together explain a high proportion of the total 
variability, a 2-dimensional plot can be constructed 
showing how the individual observations relate to these 2 
directions. Other options to reduce the number of variables 
exist, such as nonlinear data reduction, which is not further 
explored here. For details, consult Lef�evre et al [15]. 

Several authors have suggested rules of thumb for sam-

ple size, often in relation to the number of variables. For

instance, Dolnicar et al [14] mention the method of For-

mann, which states that the sample size for binary data 
should at least be 2 p , where p is the number of variables. 
Qiu and Joe suggest at least 10 ∗ p per cluster and Dolnicar 
at least 70 ∗ p [both in 14]. Another way of checking if the 
data space is populated enough (with variables and observa-

tions) to do a cluster analysis, is by looking at the previ-

ously mentioned clustering tendency. If a clustering 
tendency is seen, this can be an indicator that the sample 
size is large enough.

2.5. Step 5: Choose clustering methods and number of 
clusters

There are many different clustering methods, see Table 1 
for a description of the methods explored in this paper, and

Table 1. Comparing clustering methods with regard to cluster concept and outlier handling

Method Cluster concept Outlier handling

K-means Distinct, nonoverlapping convex clusters, 

with a center

Sensitive to outliers, can shift cluster 

centers

Partitioning around medoids Distinct, nonoverlapping convex clusters 
with a center

More robust than K-means

Hierarchical clustering Clusters nested within clusters, clusters 
higher in the hierarchy not necessarily 

compact

Sensitive to outliers

Density-based spatial clustering of 

applications with noise

Distinct clusters according to density, not 

necessarily convex

Outliers are considered noise, are not 

assigned to a cluster

Spectral clustering Distinct, not necessarily convex clusters, 

adjacent points get clustered together

Robust, gets assigned to cluster

Fuzzy clustering Observations can be part of more than one 
cluster at the same time

Sensitive to outliers, can shift cluster 
centers

Latent class analysis Assumed is an underlying latent variable 
i.e. associated with the observed 

outcomes. Every observation is seen as 

stemming from a mix of Gaussian 

distributions, receives for each of these 
distributions a probability that it stems 

from that distribution

Sensitive to outliers, could become own 
cluster

Box 4 Clustering tendency and sample size for the 
case sample

Some clustering methods will always divide the 
data in at least 2 clusters, even if no clusters in the 
data exist. This is an artifact of the clustering method. 
For the HLQ data, each of the preprocessing variants 
leads to similar values of clustering tendency, of 
around 0.755 (Hopkins statistic). This means that if 
a method would propose 2 clusters, the clusters are 
probably natural clusters, not an artifact of the 
method.

The data set from the HLQ contains data from 895 
patients, and there are 9 variables. By each of the 
criteria listed above, the sample size appears to be 
sufficient.
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Appendix D for more details. Depending on the clustering 
concept, some clustering methods are a more obvious 
choice than others. If clusters are seen as being convex 
and compact (for an example see Figure 1A), the method 
K-means or the more stable method PAM could be tried. 
If we believe there is some underlying construct with 
different classes that could lead for some cases to have 
similar values on the variables, a method that allows over-

lap in clusters, such as LCA, is a possibility.

There can be more than one suitable clustering method 
and each one can help us understand aspects of the data that 
can be useful. Some of the different clustering solutions can 
even result in a different number of clusters. In other words, 
there is not necessarily one unique solution, and the optimal 
number of clusters might be ambiguous.

That said, depending on the clustering algorithm, a sta-

tistically optimal number can be obtained in different ways. 
The elbow method is a frequently method for algorithms 
that minimize within-cluster variance. The gap statistic is 
used to formalize this method. For the model-based LCA, 
a distribution of bootstrapped likelihood ratio test values 
is used to decide if k + 1 clusters work better than k clus-

ters. Other options for LCA include information criteria or 
entropy [16].

Besides these more or less objective ways to determine the 
number of clusters, more subjective (nonstatistical) consider-

ations regarding size, distinctiveness, and practical useful-

ness can weigh in. This is where steps 5 and 6 are closely 
linked, as the chosen number of clusters depends on assess-

ment of the clustering solutions described in step 6.

2.6. Step 6: Assess the clustering solutions

The clustering solutions resulting from the previous step 
must be thoroughly evaluated. The most important aspect 
of this evaluation is characterizing the clustering: is the 
clustering helpful, meaningful and useful for answering 
the research question? Can the individual clusters be clearly 
described and distinguished? If available, the minimal 
(clinically) important difference per variable can be consid-

ered. Assessors may also consider differences in patterns

across variables. Can the researchers interpret and assign 
meaningful labels (interpretations) to each cluster? 
Evidently, input of domain experts is crucial here; can the 
clusters be recognized as distinct groups in practice?

One way to assess the clustering solutions is to visualize 
them using different figures. Differences in mean value and 
variance of variables between the clusters can be expressed 
in tables and plots. One or several domain experts can judge 
the clustering solutions, possibly supported by a score form. 
Once the experts have independently assessed the clustering 
solutions, they can share their views in a group discussion. 

Besides the opinion of experts in the domain being stud-

ied, there are also statistical measures to describe internal 
validity and stability or that help comparing clustering so-

lutions. The remainder of this section will address these. 
Internal validity measures are useful to describe clusters 

obtained by partitioning methods that calculate clusters that 
are compact and well separated. Compact clusters are clus-

ters with a low intracluster variance. Separation can be seen 
as the intercluster variance. Connectedness describes to 
what extent observations are placed in the same cluster as 
their nearest neighbors. Indices that measure internal valid-

ity are for instance the Connectivity (the lower the more 
separated the clusters are), the average Silhouette

Figure 2. A set of points, clustered with clustering methods PAM and hierarchical clustering, with 2 and with 3 clusters. For each clustering so-

lution the Connectivity and the Dunn Index is calculated. The clustering resulting in the best separated clusters, is the clustering with the lowest 
connectivity and the highest Dunn index. In this case this is the hierarchical clustering with 2 clusters, show in subplot C. PAM, partitioning around 

medoids.

Box 5 Clustering methods for the case example

For the HLQ data, using the statistical measures 
described before, the method DBSCAN resulted in 
a single cluster with some outliers. Spectral Clus-

tering did not result in useful clusters. Hierarchical 
clustering on the standardized data resulted in 3 clus-

ters. Other methods resulted in clustering solutions 
with a statistically optimal number of clusters be-

tween 2 (K-means, PAM, Fuzzy) and 9 (LCA). 
Added to this collection was the originally chosen 
cluster solution, stemming from a hierarchical clus-

tering method that selected the clinically meaningful 
clusters. See Appendix D for an overview.
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coefficient and the Dunn Index [17]. The Dunn Index is the 
ratio of the smallest distance between observations in 
different clusters to the largest distance between clusters. 
A higher Dunn Index implies more compact and separated 
clusters. See Figure 2 for a short example.

Stability measures stem from a concept called consensus 
clustering. Consensus clustering is based on the assumption 
that if there were underlying true segments in the popula-

tion, repeated sampling would show the most stability at 
the true number of segments. Consensus clustering is a 
method to represent the consensus across multiple runs of 
one or multiple clustering algorithms with various numbers

of clusters. It can be used to determine the optimal number 
of clusters, and to assess the stability of the clusters. For 
more details, see Monti et al [18].

Other methods for comparing clustering solutions are 
described by Wagner [19]. They differentiate between 3 
types of measures: counting of pairs of elements, summa-

tion of set overlaps and information-theoretical mutual in-

formation. The Rand Index is a basic example of 
counting pairs, it is the percentage of pairs of observations 
that are either in the same cluster for both clustering solu-

tions, or are in a different cluster for both clustering solu-

tions. It is highly dependent on the number of clusters. 
The Rand Index led to some derived indices such as the 
Mirkin Metric, that is indeed a metric in the mathematical 
sense. The second category, summation of set overlaps tries 
to match clusters that have a maximum absolute or relative 
number of same observations (overlap). Examples are the 
Maximum-Match-Measure and the Van Dongen-Measure. 
The last category is mutual information. If the uncertainty 
about the cluster in one clustering solution can be reduced 
by the knowledge about the subjects cluster in a different 
clustering solution, there is mutual information.

To prevent overinterpretation of a single clustering solu-

tion, multiple clustering methods can be used. The resulting 
clustering solutions can be assessed, via plots, domain 
expert opinion, and via appropriate indices to indicate the 
more stable solutions. Some indices are only suitable for 
specific types of clusters. For instance, when trying to clus-

ter pixels into letters (as in subplot D in Figure 1), looking 
at the Dunn Index will not be informative, as different clus-

ters can be very close to each other, while at the same time 
clusters are not necessarily compact.

In case similar datasets are available, external validation 
is possible by comparing the resulting clustering solutions.

3. Conclusion

When conducting cluster analysis, researchers must 
make several critical decisions. Envisioning the cluster 
concept can help the selection of appropriate methods. 
Some clustering methods align better with specific cluster 
concepts than other methods. Choices such as whether to 
standardize the data and which distance measure to use 
can influence the resulting clustering solutions. Once a dis-

tance measure is selected, checking the clustering tendency 
can help determine whether the identified are natural clus-

ters or an artifact of the chosen clustering method. Report-

ing on these decisions when publishing clustering results is 
recommended. In an ideal scenario, both data and code are 
published as supplementary material. At minimum, the 
main text should include the results of the decisions made 
in the steps and the software, functions, and parameters 
used for the analysis. A brief reporting checklist is provided 
in Appendix F. Readers interested in reading more on

Box 6 Assessing clustering solutions in the case 
example

For the HLQ data, a number of visualizations were 
developed to help the content experts assess and label 
the clustering solutions. The Ophelia Table [20] (with 
mean scores per domain presented as a heatmap) and 
the Line Plot give insight into averages per cluster 
and per variable. The other visuals, the Raster Plot, 
Bee swarm Plot, Violin Plot and Parallel 
Coordinates Plot, show the variation per cluster and 
per variable. See Appendix E - Examples of 
Visualisations for the HLQ.

Statistical indices indicated that the most stable 
clusters for our sample HLQ data were obtained with 
K-means or PAM with 3 clusters on the robust stan-

dardized data.

The 4 content experts individually assessed the 
clustering solutions guided by the visualizations and 
a structured questionnaire. Some preferred the 2 or

3 cluster solutions, and some were of the opinion that 
clustering solutions with more clusters would be 
helpful to inform more tailored care. After these indi-

vidual assessments, a group discussion took place. 
Combining the outcomes of the expert assessment 

and statistical insights led to the suggestion of a dual 
approach: Organize the clinic around the 3 groups 
(stemming from K-means 3-cluster solution on the 
robust standardized data), and spend part of the re-

sources on the smaller, more specific clusters from 
one of the cluster analyses resulting in more clusters 
(Hierarchical clustering with 9 clusters or the more 
stable K-Means, also with 9 clusters). Of note, hierar-

chical cluster analysis allows for further exploration 
of meaningful subclusters as part of the method, 
rather than just the results at the top of the dendro-

gram (3 or 9 clusters in our example). This which 
was not explored in this tutorial paper, but it explains 
the difference between the cluster solutions presented 
here and the previously published 10 clusters in Bak-

ker et al [8].
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specific steps or related methods may want to consult addi-

tional literature [10—12,15,18,19,21—23].

By combining statistical indices, visualizations, and 
importantly, domain expert opinion, researchers can work 
toward obtaining a well-suited clustering solution. Howev-

er, caution is essential. The choice of method can signifi-

cantly impact the results. When possible, we recommend 
applying multiple clustering methods and critically reflect-

ing on possible differences in the outcomes. Cluster anal-

ysis is an exploratory technique and while it can provide 
valuable insights, its findings should be interpreted with 
care to avoid overinterpretation.
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