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Abstract 

Background:  Cluster algorithms are gaining in popularity in biomedical research due 
to their compelling ability to identify discrete subgroups in data, and their increasing 
accessibility in mainstream software. While guidelines exist for algorithm selection 
and outcome evaluation, there are no firmly established ways of computing a priori 
statistical power for cluster analysis. Here, we estimated power and classification 
accuracy for common analysis pipelines through simulation. We systematically varied 
subgroup size, number, separation (effect size), and covariance structure. We then 
subjected generated datasets to dimensionality reduction approaches (none, multi-
dimensional scaling, or uniform manifold approximation and projection) and cluster 
algorithms (k-means, agglomerative hierarchical clustering with Ward or average 
linkage and Euclidean or cosine distance, HDBSCAN). Finally, we directly compared the 
statistical power of discrete (k-means), “fuzzy” (c-means), and finite mixture modelling 
approaches (which include latent class analysis and latent profile analysis).

Results:  We found that clustering outcomes were driven by large effect sizes or the 
accumulation of many smaller effects across features, and were mostly unaffected by 
differences in covariance structure. Sufficient statistical power was achieved with rela-
tively small samples (N = 20 per subgroup), provided cluster separation is large (Δ = 4). 
Finally, we demonstrated that fuzzy clustering can provide a more parsimonious and 
powerful alternative for identifying separable multivariate normal distributions, particu-
larly those with slightly lower centroid separation (Δ = 3).

Conclusions:  Traditional intuitions about statistical power only partially apply to 
cluster analysis: increasing the number of participants above a sufficient sample size 
did not improve power, but effect size was crucial. Notably, for the popular dimen-
sionality reduction and clustering algorithms tested here, power was only satisfactory 
for relatively large effect sizes (clear separation between subgroups). Fuzzy clustering 
provided higher power in multivariate normal distributions. Overall, we recommend 
that researchers (1) only apply cluster analysis when large subgroup separation is 
expected, (2) aim for sample sizes of N = 20 to N = 30 per expected subgroup, (3) use 
multi-dimensional scaling to improve cluster separation, and (4) use fuzzy clustering or 
mixture modelling approaches that are more powerful and more parsimonious with 
partially overlapping multivariate normal distributions.

Keywords:  Statistical power, Dimensionality reduction, Cluster analysis, Latent class 
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Background
Cluster analyses are unsupervised machine-learning algorithms that aim to delineate 
subgroups in datasets, characterised by discrete differences. For example, while opinions 
on food tend to vary on a continuous scale from approval to disapproval, certain foods 
(yeast-based spread Marmite or salted liquorice) anecdotally inspire a much more dis-
crete distribution: people either love them or they hate them, and no lukewarm opinions 
exist. In medicine, such discrete differences can be of high clinical relevance, e.g. in the 
diagnosis of polycystic ovary syndrome, where serum testosterone occurs in two discrete 
(but partially overlapping) subgroups: relatively high for patients, and relatively low for 
non-patients [1]. Traditionally, such groupings are identified on the basis of known dif-
ferences, like a diagnosis. However, clustering algorithms provide a method for the data-
driven identification of subgroups without the need for a-priori labelling.

Due to this unique property, cluster analysis has gradually increased in popularity 
compared to traditional statistical analyses (Fig. 1). This was likely helped by the increase 
in desktop computing power, and the implementation of cluster algorithms in popular 
statistics software like Python [2], R [3], JASP, Matlab, Stata, and SPSS. One recent exam-
ple can be found in type-2 diabetes, where researchers have aimed to use data-driven 
clustering approaches to delineate subgroups that could have different disease progres-
sion and risk profiles, and potentially benefit from different types of treatment. Ongoing 
discussion centres on whether four [4–6] or five [7] groups exist, and what characterises 
each cluster. Other examples include the identification of protein communities involved 
in cancer metastasis [8], responder types to cancer treatment [9], Parkinson’s disease 
subtypes [10], brain types [11], and behavioural phenotypes [12–16].

A major concern with the adoption of clustering techniques in medical research, 
is that they are not necessarily employed on the type of data for which they were 
developed or validated. In typical biomedical data, even well-separated groups (like 
the aforementioned polycystic ovary syndrome patients and controls) usually show 

Fig. 1  The increase in publications indexed by PubMed that mention a keyword specific to cluster analyses 
relative to the number of publications that mention a traditional statistical test. Particularly sharp increases 
can be seen for finite mixture modelling (which includes latent class and latent profile analysis) and k-means. 
Illustration generated using Bibliobanana [17]. See “Methods” section for details on exact search terms
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partial overlap. Observations from each group form a multivariate normal distribu-
tion (a Gaussian distribution over more than one feature), and together they make 
up a multimodal distribution (a distribution with more than one peak). Such multi-
modal distributions are mostly ignored in clustering tutorials that provide idealised 
data from strongly separated high-dimensional “blobs” (Fig. 2, left column), or from 
features measured in clearly distinct groups such as different species of flowers [18] 
(Fig.  2, middle column). Even studies aimed at identifying factors that impact clus-
ter algorithm performance have used, perhaps unrealistically, large cluster separation 
[19, 20]. In fact, the popular “gap statistic” evaluation metric is explicitly designed for 
well-separated and non-overlapping clusters [21]. In sum, real biomedical data fre-
quently takes the form of multivariate normal distributions that are not particularly 
well separated (Fig. 2, right column), and it is unclear what this means for the suit-
ability of cluster analyses.

One potential way around this problem is to simply argue that when subgroups are 
not as well-separated, “the notion of a cluster is not any more well defined in the lit-
erature” [21]. This sidesteps the issue, and ignores the ongoing philosophical debate 
on what constitutes a cluster [22] (not to mention the fact that overlap can be intro-
duced or exaggerated by measurement error). Furthermore, some of the cited exam-
ples from the biomedical literature suggest that researchers have already decided that 
partially overlapping subgroups are valid targets for cluster analysis. Hence, the best 
pragmatic approach would be to investigate when cluster analysis can or cannot help 
to identify subgroups in a dataset.

Fig. 2  This figure shows three datasets in the top row, each made up out of 150 observations that 
fall in three equally sized clusters. While the datasets are made up of 4 features, the plotted data is a 
two-dimensional projection through multi-dimensional scaling (MDS). The left column presents simulated 
“blobs” as they are commonly used in clustering tutorials, the middle column presents the popular Iris 
dataset, and the right presents more realistic multivariate normal distributions. The bottom row presents 
the outcome of k-means clustering, showing good classification accuracy for all datasets, but only reliable 
cluster detection (silhouette coefficient of 0.5 or over) for blobs and the Iris dataset, but not the more realistic 
scenario
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Several excellent resources exist on the various steps involved in typical cluster analy-
ses, and the benefits and potential pitfalls of algorithms and metrics [23–25]. Our main 
aim was not to provide another comprehensive overview and comparison of all tech-
niques, but rather to provide the necessary pragmatic information for researchers who 
are planning to incorporate cluster analysis in their study. Specifically, we investigated 
the statistical power and accuracy of several of the most popular approaches; and offer 
suggestions on when cluster analysis is applicable, how many observations are required, 
and which types of techniques provide the best statistical power.

A typical cluster analysis

A typical cluster analysis pipeline consists of three different steps: dimensionality reduc-
tion, cluster identification, and outcome evaluation. Datasets typically consist of many 
observations (e.g. participants or cells) that are characterised by many features (e.g. age, 
height, weight, etc.). Each feature can be thought of as an additional dimension to the 
data, making it hard to visualise all data comprehensively in a two-dimensional plot. In 
addition, clustering algorithms suffer from the “curse of dimensionality”, the tendency 
to perform worse when many features are included [26]. Both of these issues can be 
addressed with dimensionality reduction algorithms that project many features into a 
low-dimensional space.

The next step is the identification of subgroups, for which many techniques exist. 
Common across all techniques is to find clusters, and allocate individual observations 
to those clusters. This can be done on the basis of distance to a cluster centroid (e.g. 
in k-means), dissimilarity and linkage between groups of observations (e.g. agglomera-
tive hierarchical clustering), or density (e.g. HDBSCAN). Not all techniques assign all 
observations to a cluster. In addition, there are “fuzzy” techniques (e.g. c-means) that 
determine for each observation how much it aligns with each cluster. Finally, there are 
(Gaussian) finite mixture modelling approaches that aim to identify the underlying 
model that produced a dataset, with each “cluster” being a distribution with a centre and 
spread. This includes latent profile analysis (for continuous data) and latent class analy-
sis (for binary data). In essence, mixture models quantify the probability of an observa-
tion belonging to a cluster, which means the outcome is conceptually similar to fuzzy 
clustering.

The final step is to quantify the outcome of the cluster analysis. A typical approach is to 
first determine whether a dataset shows reliable clustering, and then to identify the best-
fitting number of clusters. There are many different techniques and metrics for dimen-
sionality reduction, clustering, and outcome evaluation; and more keep being developed. 
Our aim here is not to assess the latest algorithms, but to investigate the most popular 
approaches (Fig. 1). These are described in further detail in the “Methods” section.

Statistical power in cluster analysis

Statistical power is the probability that a test can correctly reject the null hypothesis if 
the alternative hypothesis is true. In other words, it is the probability of finding a true 
positive. In many cases, researchers test for differences between groups, or relationships 
between variables. The first aim is to establish the presence or absence of an effect (e.g. 
a difference of a relationship); this is a binary decision. If there is indeed an effect, the 
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second aim is to establish its magnitude. Power describes the probability of correctly 
identifying the presence of an effect. Power increases as a function of this magnitude, 
and typically also as a function of sample size. Simply put: larger effects are easier to 
find, and more samples generally make it more likely to find an effect.

Analogously, in cluster analysis the aim is to establish whether a dataset contains sub-
groups, or comprises a single group. We thus define statistical power in cluster analysis 
as the probability of correctly detecting that subgroups are present. If this is the case, 
the next aim is to establish how many clusters are present within the data, and to what 
extent the cluster membership of individual observations can be accurately classified. An 
open question is whether traditional intuitions about statistical power hold up in cluster 
analysis, specifically whether power increases as a function of both effect size and sam-
ple size.

It has been suggested that the ubiquity of low statistical power means that “most pub-
lished research findings are false” [27], because it reduces our ability to distinguish true 
and false positives. As an illustration: the majority of neuroscience studies have a very 
low power with a median 21% (i.e. only 21 out of 100 true effects would be detected) 
[28], although it has been suggested this varies notably by sub-discipline [29]. To help 
prevent the proliferation of under-powered studies in the era of modern statistics 
(“data science”), it is important that the statistical power of tools like cluster analysis is 
investigated.

The current study
Here, we explore what factors affect cluster algorithms’ ability to delineate subgroups by 
simulating datasets. Three separate simulation analyses were run (Table 1). Crucially, the 
methods that we tested in these analyses are not the most recent, but rather the most 

Table 1  Summary of the simulation analyses that were conducted, and the variables that were 
varied in each set of simulations

Each unique combination of listed features was simulated. “Ward” and “cosine” refer to agglomerative (hierarchical) 
clustering, using Ward linkage and Euclidean distance or average linkage and cosine distance, respectively. “Mixture model” 
refers to finite Gaussian mixture modelling

Analysis N k Effect size Covariance Dimensionality 
reduction

Cluster algorithms

(1) What drives clus-
ter separation

1000 – 2 (10/90%) Δ = 0.3–8.1 15 features – None – K-means

– 2 (equal) – None – MDS – Ward

– 3 (equal) – Random – UMAP – Cosine

– Mixed – HDBSCAN

(2) Statistical power 10–160 – 2 (10/90%) Δ = 1–10 2 features – None – K-means

– 2 (equal) – None – HDBSCAN

– 3 (equal) – C-means

– 4 (equal)

(3) Discrete versus 
fuzzy clustering

120 – 1 Δ = 1–10 2 features – None – K-means

– 2 (equal) – None – C-means

– 3 (equal) – Mixture model

– 4 (equal)
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popular methods among the most well-used approaches in the biomedical sciences (see 
Fig. 1).

The first analysis aimed to identify factors that contribute to the separation of cluster 
centroids. We simulated a range of datasets that varied in the number and relative size of 
subgroups, covariance structures for each subgroup, and the overall separation between 
clusters (we independently varied the number of features that were different between 
subgroups, and the effect size of each difference). We subjected simulated datasets to 
analysis pipelines that varied in dimensionality reduction and clustering algorithms. 
Specifically, we used no dimensionality reduction, multi-dimensional scaling (MDS) 
[30], or uniform manifold approximation and projection (UMAP) [31]; and after this 
we subjected the original or reduced data to k-means [32], agglomerative (hierarchical) 
clustering [33], or HDBSCAN [34].

Because it became apparent that some factors did not contribute to cluster analy-
sis outcomes, we varied fewer factors for later analyses. In short, covariances between 
subgroups did not impact outcomes, and agglomerative clustering produced highly 
similar results to k-means. Furthermore, dimensionality reduction non-linearly (but 
predictably) scaled the difference between cluster centroids, and it was this difference 
that ultimately drove outcomes. Hence, we opted for varying subgroup separation, and 
employed a more narrow set of cluster algorithms.

In the second simulation analysis, we investigated statistical power. To this end, we 
varied sample size, number and relative size of subgroups, effect size (cluster centroid 
separation), and cluster algorithm (k-means, HDBSCAN, c-means).

Finally, we note that discrete clustering methods like k-means assign observations to 
only one cluster. However, particularly in partially overlapping multivariate normal dis-
tributions, this leads to overconfident assignment of observations that lie roughly half-
way between two centroids. A solution implemented in some algorithms, notably 
HDBSCAN, is to leave some observations unassigned. However, this does not do justice 
to the real situation, which is that we can have some confidence that observations half-
way between two centroids can be assigned to either cluster, but not to any other cluster 
with a more distant centroid. Fuzzy clustering allows for exactly this kind of propor-
tionally shared assignment, and hence is perhaps more parsimonious with real data. To 
explore whether this translates into better statistical power, we compare k-means (dis-
crete), c-means (fuzzy), and Gaussian finite mixture modelling (outcomes conceptually 
similar to fuzzy).

Results
Cluster centroid separation

Using the ground truth cluster membership, we computed the distance Δ between simu-
lated datasets’ cluster centroids (after projection into two dimensions) as the Euclidean 
distance between the average positions of observations within each cluster in reduced 
space. For three-cluster datasets, we computed the distance between the “middle” clus-
ter and another cluster’s centroid to obtain the smallest between-cluster distance.

Centroid distance Δ is plotted as a function of both within-feature effect size δ and 
the proportion of different features after dimensionality reduction through MDS (Fig. 3) 
and UMAP (Fig.  4). The visualised datasets also differed in number of clusters (two 
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unequally sized, two equally sized, or three equally sized), and covariance structure (no 
covariance, random covariance, or different covariances between clusters), adding up to 
180 datasets per figure.

Differences between the number and size of clusters or the covariance structures is 
negligible for MDS. Overall, cluster separation increases as a function of higher differ-
ences between clusters within each feature, and the proportion of different features. The 
same is true for UMAP, although its outcomes are non-linear and more variable.

In sum, MDS dimensionality reduction shows a steady increase in cluster separation 
with increasing within-feature effect size and proportion of different features, whereas 
UMAP shows improved separation only at large differences (Cohen’s d = 2.1 within each 
feature) or at large proportions of different features. Crucially, clusters with different 
covariance structures (3-factor and 4 factor; or 3-factor, 4-factor, and random) but simi-
lar mean arrays do not show clear separation.

Membership classification (adjusted Rand index)

Overlap between clustering outcomes and ground truth was computed with the adjusted 
Rand index. Figure  5 shows the effects of within-feature effect size, number of differ-
ent features, dimensionality reduction algorithm, and cluster algorithm on the adjusted 

Fig. 3  Each cell presents the cluster centroid separation Δ (brighter colours indicate stronger separation) 
after multi-dimensional scaling (MDS) was applied to simulated data of 1000 observations and 15 features. 
Separation is shown as a function of within-feature effect size (Cohen’s d, x-axis), and the proportion of 
features that were different between clusters. Each row shows a different covariance structure: “mixed” 
indicates subgroups with different covariance structures, “random” with the same random covariance 
structure between all groups, and “no” for no correlation between any of the features). Each column shows a 
different type of population: with unequal (10 and 90%) subgroups, with two equally sized subgroups, and 
with three equally sized subgroups
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Rand index for simulated datasets with two equally sized subgroups with different 
covariance structures (3-factor and 4-factor). These simulated datasets were the optimal 
example due to their differentiation into two equally sized groups, and their realistic dif-
ference in covariance structure.

In terms of clustering accuracy, the k-means algorithm performs roughly equally well 
regardless of dimensionality reduction. The same is true for the two versions of agglom-
erative clustering (Ward linkage with Euclidean distance, or average linkage with cosine 
distance). By contrast, HDBSCAN performs well only after UMAP dimensionality 
reduction. It is likely that this is due to the algorithm only assigning the denser centres to 
their respective clusters, while leaving many other observations unassigned.

Data subgrouping (silhouette coefficient)

Silhouette scores reflect the information that would have been available to a researcher 
to decide on whether discrete subgroups were present in the simulated datasets (i.e. 
without knowing the ground truth). Figure 6 shows the effects of within-feature effect 
size, number of different features, dimensionality reduction algorithm, and cluster algo-
rithm on the silhouette scores for simulated datasets two equally sized subgroups with 
different covariance structures (3-factor and 4-factor). Unlike the adjusted Rand index, 

Fig. 4  Each cell presents the cluster centroid separation Δ (brighter colours indicate stronger separation) 
after uniform manifold approximation and projection (UMAP) was applied to simulated data of 1000 
observations and 15 features. Separation is shown as a function of within-feature effect size (Cohen’s d, x-axis), 
and the proportion of features that were different between clusters. Each row shows a different covariance 
structure: “mixed” indicates subgroups with different covariance structures, “random” with the same random 
covariance structure between all groups, and “no” for no correlation between any of the features). Each 
column shows a different type of population: with unequal (10 and 90%) subgroups, with two equally sized 
subgroups, and with three equally sized subgroups
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Fig. 5  Each cell shows the adjusted Rand index (brighter colours indicate better classification) as a 
function of within-feature effect size (Cohen’s d), and the proportion of features that differed between 
two simulated clusters with different covariance structures (3-factor and 4-factor). Each row presents a 
different dimensionality reduction approach: None, multi-dimensional scaling (MDS), or uniform manifold 
approximation and projection (UMAP). Each column presents a different type of clustering algorithm: 
k-means, agglomerative (hierarchical) clustering with Ward linkage and Euclidean distance, agglomerative 
clustering with average linkage and cosine distance, and HDBSCAN

Fig. 6  Each cell shows the silhouette coefficient (brighter colours indicate stronger detected clustering, with 
a threshold set at 0.5) as a function of within-feature effect size (Cohen’s d), and the proportion of features 
that differed between two simulated clusters with different covariance structures (3-factor and 4-factor). 
Each row presents a different dimensionality reduction approach: None, multi-dimensional scaling (MDS), or 
uniform manifold approximation and projection (UMAP). Each column presents a different type of clustering 
algorithm: k-means, agglomerative (hierarchical) clustering with Ward linkage and Euclidean distance, 
agglomerative clustering with average linkage and cosine distance, and HDBSCAN
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for which the ground truth needs to be known, silhouette scores are impacted by dimen-
sionality reduction. Using the traditional threshold of 0.5, none of the raw datasets 
would have been correctly identified as clustered.

After MDS, only the datasets in which two-thirds or more of the features showed a 
within-feature difference with a Cohen’s d of 2.1 would have been correctly identified as 
showing clustering through k-means and the two agglomerative clustering approaches. 
On the basis of HDBSCAN, a researcher would have correctly identified clustering in 
datasets with two-thirds or more features showing a difference with a Cohen’s d of 1.3, 
or one-third or more features showing a difference with a Cohen’s d of 2.1.

Performance is best after UMAP dimensionality reduction. Using k-means, a 
researcher would correctly identify the clustered nature of datasets with two-thirds of 
features showing differences of 0.8, or one-third or more showing differences of 1.3 or 
over. The same is true for HDBSCAN, which was also able to identify clustering when 
all features showed a within-feature difference corresponding to Cohen’s d values of 0.3.

In sum, only a minority of the simulated datasets could correctly be identified as clus-
tered, regardless of method. Dimensionality reduction, particularly the non-linear pro-
jection provided by UMAP, helped elevate cluster coefficients across the board. Only 
datasets with large within-feature effect sizes and a high number of features showing 
differences were correctly marked as “clustered” using the traditional silhouette score 
threshold of 0.5.

Effect of dimensionality reduction on cluster separation

As expected, simulated sample centroid distances (Fig.  7, in green) were aligned with 
subgroup centroids before dimensionality reduction was applied, with minor random 

Fig. 7  Each dot represents a simulated dataset of 1000 observations and 15 features, each with different 
within-feature effect size, proportion of different features between clusters, covariance structure, and number 
of clusters. The x-axis represents the separation between subgroups in the population that datasets were 
simulated from, and the y-axis represents the separation in the simulated dataset after no dimensionality 
reduction (green), multi-dimensional scaling (MDS, blue), or uniform manifold approximation and projection 
(UMAP, purple). The dotted line indicates no difference between population and sample; values above the 
dotted line have had their separation increased, and it was decreased for those below the line
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sampling error. Dimensionality reduction did impact cluster separation. MDS subtly 
exaggerated centroid distances across all centroid separations in original space (Fig. 7, 
in blue). UMAP reduced sample centroid distance at lower (Δ < 3) and increased it at 
higher (Δ > 4) centroid distances (Fig. 7, in purple). The only exception to this was the 
simulated dataset with three clusters of respectively 3-factor, 4-factor, and no covariance 
structure, where UMAP reduced centroid distance for all original centroid distances (it 
is unclear why, and likely due to chance).

In sum, subgroups were separated to different extents in reduced and original space. 
MDS was likely to increase separation, and UMAP was likely to increase it dramatically 
when the original separation was large enough. Due to the stochastic nature of the algo-
rithms, the size of their effects on separation is variable.

Statistical power and accuracy

We opted to not present the outcomes of agglomerative clustering, because they align 
closely with k-means. In addition, because the previous analyses showed that subgroup 
centroid separation was the main factor in determining cluster analysis outcomes, we 
opted for simulating datasets in reduced space (multivariate normal with two features).

Power was computed as the probability of correctly rejecting the null hypothesis of 
there not being a clustered structure to the data, which occurred when silhouette scores 
were 0.5 or over. The probability of selecting the correct number of clusters was com-
puted as the proportion of solutions where the silhouette score was highest for the true 
number of clusters. Finally, classification accuracy was computed as the proportion of 
observations that were correctly assigned to their respective cluster.

K‑means

For k-means, power to detect clustering was primarily dependent on cluster separation, 
and much less on sample size (Table 2; Fig. 8, top and second row). At cluster separation 
Δ = 5, there was 71% power to detect clustering in a population divided into one large 
(90%) and one small (10%) subgroup at sample size N = 10, and 92% at N = 20. For two 
equally sized clusters, power was 82% from separation Δ = 4 at N = 10, and higher for 
larger sample and effect sizes. For three equally sized clusters, power was 76% at sepa-
ration Δ = 4 for N = 10, 69% for N = 20, 77% to N = 40, and over 80 from N = 80; with 
power for larger effect sizes around 100%. For four equally sized clusters, power was 75% 
at separation Δ = 4 at N = 80, 85% at Δ = 5 for N = 10, and around 100% for larger effect 
and sample sizes. (See Fig. 8 and Table 2 for all quoted numbers.)

Sample sizes of N = 40 resulted in good (80% or higher) accuracy to detect the true 
number of clusters from separation Δ = 4. For equally sized clusters, that level of accu-
racy was also reached at separation Δ = 3 when the sample size was about 20 per sub-
group (Fig. 8, third row).

Classification accuracy for subgroup membership of individual observations was above 
chance for all tested separation values and sample sizes in populations with equally sized 
subgroups, and above 80–90% from separation Δ = 3. Classification accuracy was above 
chance for populations with one small (10%) and one large (90%) subgroup from N = 80 
and separation Δ = 4 (Fig. 8, bottom row).
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In sum, 20 observations per subgroup resulted in sufficient power to detect the pres-
ence of subgroups with k-means, provided cluster separation was Δ = 4 or over, and sub-
groups were roughly equally sized (detecting smaller subgroups among large subgroups 
was only possible for separations of Δ = 5 or over). These values also provided near-per-
fect accuracy for the detection of the true number of clusters, and very high (90–100%) 
classification accuracy of individual observation’s group membership.

HDBSCAN

For HDBSCAN, power to detect clustering was primarily dependent on effect size, pro-
vided the sample size was over a threshold (Table 3; Fig. 9, top and second row). For a 
population divided into one large (90%) and one small (10%) cluster, power was 84% at 
N = 80 for separation Δ = 6. For two clusters of equal size, power was 66% at N = 40 and 
83% for N = 80 for separation Δ = 3. For three clusters of equal size, power was 66% at 
N = 160 for separation Δ = 3, and 84% at N = 80 for separation Δ = 4. For four clusters of 
equal size, power was 75% at N = 80 for separation Δ = 4. (See Fig. 9 and Table 3 for all 
quoted numbers.)

In addition to detecting subgrouping in the data, Fig. 9 (third row) shows the prob-
ability that HDBSCAN detected the correct number of subgroups. This, too, was 
strongly dependent on cluster separation. Accuracy was highest for separations 

Table 2  Statistical power for the binary decision of data being “clustered” using k-means clustering

Estimates based on 100 iterations per cell, using a decision threshold of 0.5 for silhouette scores

Δ = 1 Δ = 2 Δ = 3 Δ = 4 Δ = 5 Δ = 6 Δ = 7 Δ = 8 Δ = 9 Δ = 10

2 Clusters (10/90%)

 N = 10 14 18 37 55 71 86 97 100 100 100

 N = 20 4 6 26 64 92 97 100 100 100 100

 N = 40 0 0 21 53 98 100 100 100 100 100

 N = 80 0 0 3 68 98 100 100 100 100 100

 N = 160 0 0 3 59 100 100 100 100 100 100

2 Clusters (50/50%)

 N = 10 22 34 58 82 96 100 100 100 100 100

 N = 20 7 10 55 92 100 100 100 100 100 100

 N = 40 0 3 38 97 100 100 100 100 100 100

 N = 80 0 0 22 98 100 100 100 100 100 100

 N = 160 0 0 22 100 100 100 100 100 100 100

3 Clusters (33/34/33%)

 N = 10 22 20 37 76 90 99 100 100 100 100

 N = 20 3 7 34 69 98 100 100 100 100 100

 N = 40 0 0 17 77 100 100 100 100 100 100

 N = 80 0 0 10 84 100 100 100 100 100 100

 N = 160 0 0 0 97 100 100 100 100 100 100

4 Clusters (25/25/25/25%)

 N = 10 12 13 40 52 85 95 99 100 100 100

 N = 20 3 6 30 67 99 100 100 100 100 100

 N = 40 0 0 9 72 100 100 100 100 100 100

 N = 80 0 0 6 75 100 100 100 100 100 100

 N = 160 0 0 0 78 100 100 100 100 100 100
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of Δ = 5 or over, and mostly acceptable (around 70–80%) at separations Δ = 4. For 
equally sized clusters, this was true from N = 40, while the accurate detection of one 
small (10%) and one large (90%) subgroup required N = 80 or over.

The accuracy of classifying observations’ cluster membership (Fig. 9, bottom row) 
was only over chance at from separations of Δ = 8 and sample sizes of N = 80 for 
populations with one small (10%) and one large (90%) subgroup (chance = 90%). It 
was over chance from Δ = 4 and N = 40 for populations with two equally sized sub-
groups (chance = 50%), from Δ = 4 and N = 40 for populations with three equally 
sized subgroups (chance = 33%), and from Δ = 3 and N = 40 for populations with 
four equally sized subgroups (chance = 25%).

In sum, 20–30 observations per subgroup resulted in sufficient power to detect 
the presence of subgroups with HDBSCAN, provided cluster separation was Δ = 4 
or over, and subgroups were roughly equally sized (detecting smaller subgroups 
among large subgroups was only possible for separations of Δ = 6 or over). These 
values also provided reasonable accuracy for the detection of the true number of 
clusters, as well as over-chance classification accuracy of individual observation’s 
group membership.

Fig. 8  K-means silhouette scores (top row), proportion of correctly identified clustering (second row), 
proportion of correctly identified number of clusters (third row), and the proportion of observations correctly 
assigned to their subgroup, each computed through 100 iterations of simulation. Datasets of varying sample 
size (x-axis) and two features were sampled from populations with equidistant subgroups that each had the 
same 3-factor covariance structure. The simulated populations were made up of two unequally sized (10 
and 90%) subgroups (left column); or two, three, or four equally sized subgroups (second, third, and fourth 
column, respectively)
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C‑means

As for k-means and HDBSCAN, for c-means power to detect clustering was primarily 
dependent on cluster separation, and much less on sample size (Table 4; Fig. 10, top and 
second row). At cluster separation Δ = 5, there was 81% power to detect clustering in a 
population divided into one large (90%) and one small (10%) subgroup at sample size 
N = 20, and 95–100% at larger effect and sample sizes. For two equally sized clusters, 
power was 77% for N = 10 and 82% for N = 20 for separation Δ = 3, and 91–100% for 
larger sample and effect sizes. For three equally sized clusters, power was 77% at separa-
tion Δ = 3 for N = 40, 76% for N = 10 at Δ = 4, and 89–100% for larger sample and effect 
sizes. For four equally sized clusters, power was 75% for N = 40 and 83% at N = 80 at 
separation Δ = 3, 94% for N = 20 at Δ = 4, and around 100% for larger effect and sample 
sizes. (See Fig. 10 and Table 4 for all quoted numbers.)

Sample sizes of N = 40 resulted in good (80% or higher) accuracy to detect the true 
number of clusters from separation Δ = 4. For equally sized clusters, that level of accu-
racy was also reached at separation Δ = 3 when the sample size was about 20 per sub-
group (Fig. 10, third row).

Classification accuracy for subgroup membership of individual observations was above 
chance for all tested separation values and sample sizes in populations with equally sized 
subgroups, and above 80–90% from separation Δ = 3. Classification accuracy was above 

Table 3  Statistical power for the binary decision of data being “clustered” using HDBSCAN clustering

Estimates based on 100 iterations per cell, using a decision threshold of 0.5 for silhouette scores

Δ = 1 Δ = 2 Δ = 3 Δ = 4 Δ = 5 Δ = 6 Δ = 7 Δ = 8 Δ = 9 Δ = 10

2 Clusters (10/90%)

 N = 10 0 0 0 0 0 0 0 0 0 0

 N = 20 0 6 0 1 1 1 0 0 1 1

 N = 40 24 21 22 23 11 19 15 16 25 16

 N = 80 31 39 41 46 70 84 99 100 100 100

 N = 160 34 41 38 54 72 94 99 100 100 100

2 Clusters (50/50%)

 N = 10 0 0 0 0 0 0 0 0 0 0

 N = 20 3 5 18 61 80 95 98 100 100 100

 N = 40 19 38 66 94 94 98 99 100 100 100

 N = 80 35 44 83 95 94 97 100 100 100 100

 N = 160 38 50 87 96 100 97 100 100 100 100

3 Clusters (33/34/33%)

 N = 10 0 0 0 0 0 0 0 0 0 0

 N = 20 6 1 10 17 42 62 92 96 100 100

 N = 40 25 29 41 65 89 97 100 100 100 100

 N = 80 41 37 62 84 94 98 100 100 100 100

 N = 160 34 29 66 79 100 100 100 100 100 100

4 Clusters (25/25/25/25%)

 N = 10 0 0 0 0 0 0 0 0 0 0

 N = 20 6 5 2 2 2 2 0 0 0 1

 N = 40 29 32 37 42 73 89 100 100 100 100

 N = 80 34 49 48 75 96 99 100 100 100 100

 N = 160 44 39 47 78 100 100 100 100 100 100
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chance for populations with one small (10%) and one large (90%) subgroup from N = 40 
and separation Δ = 5 (Fig. 10, bottom row).

In sum, 20 observations per subgroup resulted in sufficient power to detect the pres-
ence of subgroups with c-means, provided cluster separation was Δ = 3 or over, and sub-
groups were roughly equally sized (detecting smaller subgroups among large subgroups 
was only possible for separations of Δ = 5 or over). These values also provided near-per-
fect accuracy for the detection of the true number of clusters, and very high (90–100%) 
classification accuracy of individual observation’s group membership.

Direct comparison of discrete and fuzzy clustering

The power results summarised above suggested c-means (80–100% power at Δ = 3) is 
more powerful than k-means (70–100% power at Δ = 4) for detecting equally sized clus-
ters. K-means outcomes were interpreted using the traditional silhouette score, whereas 
c-means outcomes were using the fuzzy silhouette score. It could be that the latter 
inflated silhouette scores, which would make c-means more likely to detect clustering at 
lower centroid separations (see Fig. 11 for an example between Δ = 3 and 4). However, 
such an inflation could have also increased the likelihood of false positives.

To test this, we simulated data without clustering (k = 1), and data with equidis-
tant clusters of equal size (k = 2 to 4) with a range of centroid separations (Δ = 1 to 

Fig. 9  HDBSCAN silhouette scores (top row), proportion of correctly identified clustering (second row), 
proportion of correctly identified number of clusters (third row), and the proportion of observations correctly 
assigned to their subgroup, each computed through 100 iterations of simulation. Datasets of varying sample 
size (x-axis) and two features were sampled from populations with equidistant subgroups that each had the 
same 3-factor covariance structure. The simulated populations were made up of two unequally sized (10 
and 90%) subgroups (left column); or two, three, or four equally sized subgroups (second, third, and fourth 
column, respectively)
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10). In addition to c-means, we also employed Gaussian mixture modelling. This is 
a different approach than c-means clustering, but it does result in a similar metric of 
membership confidence for each observation. This was used to compute the fuzzy sil-
houette coefficient in the same way as for c-means.

Fuzzy silhouette scores were indeed higher than traditional silhouette scores (Fig. 12). 
Crucially, the false positive rate (the probability of silhouette scores to surpass the 0.5 
threshold when no clustering was present) was 0% for k-means, c-means, and Gaussian 
mixture modelling (Fig.  12, left column; based on 100 iterations, each algorithm used 
on the same simulated data). In sum, using non-discrete methods and the fuzzy cluster 
coefficient increased the likelihood of cluster detection, but not the false positive rate.

Figure 13 shows power (proportion of iterations that found “clustering”, i.e. a silhouette 
score of 0.5 of higher) and cluster number accuracy (proportion of iterations in which 
the ground truth number of clusters was correctly identified) as a function of cluster 
separation (effect size) in simulated data. It confirms that c-means and Gaussian mix-
ture modelling (100% power at Δ = 3) are more powerful than k-means (100% at Δ = 4). 
C-means and mixture modelling also succeeded at identifying the correct number of 
clusters at lower separations than k-means. Finally, estimating the number of clusters on 
the basis of the highest silhouette score was a better method than choosing on the basis 
of the lowest Bayesian Information Criterion (BIC) with Gaussian mixture modelling.

Table 4  Statistical power for the binary decision of data being “clustered” using k-means clustering

Estimates based on 100 iterations per cell, using a decision threshold of 0.5 for silhouette scores

Δ = 1 Δ = 2 Δ = 3 Δ = 4 Δ = 5 Δ = 6 Δ = 7 Δ = 8 Δ = 9 Δ = 10

2 Clusters (10/90%)

 N = 10 44 28 31 25 14 8 3 0 0 0

 N = 20 10 11 22 53 81 95 100 100 100 100

 N = 40 1 0 15 44 96 99 100 100 100 100

 N = 80 0 0 5 54 98 100 100 100 100 100

 N = 160 0 0 1 39 99 100 100 100 100 100

2 Clusters (50/50%)

 N = 10 25 56 77 95 100 99 100 100 100 100

 N = 20 12 32 82 98 100 100 100 100 100 100

 N = 40 3 29 93 99 100 100 100 100 100 100

 N = 80 0 12 91 100 100 100 100 100 100 100

 N = 160 0 1 98 100 100 100 100 100 100 100

3 Clusters (33/34/33%)

 N = 10 18 30 57 76 97 99 100 100 100 100

 N = 20 21 36 70 97 100 100 100 100 100 100

 N = 40 8 13 77 100 100 100 100 100 100 100

 N = 80 2 4 89 100 100 100 100 100 100 100

 N = 160 0 0 91 100 100 100 100 100 100 100

4 Clusters (25/25/25/25%)

 N = 10 4 6 22 34 72 90 100 99 100 100

 N = 20 19 36 70 94 100 100 100 100 100 100

 N = 40 7 22 75 99 100 100 100 100 100 100

 N = 80 0 4 83 100 100 100 100 100 100 100

 N = 160 0 0 88 100 100 100 100 100 100 100



Page 17 of 28Dalmaijer et al. BMC Bioinformatics          (2022) 23:205 	

Discussion
Ensuring adequate statistical power is essential to improve reliability and replicabil-
ity of science [27–29]. Furthermore, the decision of whether subgroups exist in data 
can have important theoretical and clinical consequences, for example when clus-
ter analysis is used as a data-driven approach to define diagnostic subgroups [35], 
or grouping patients in clinical practice [36]. We employed a simulation approach 
to determining statistical power for cluster analyses, i.e. the probability of correctly 
accepting the hypothesis that subgroups exist in multivariate data. We simulated sub-
groups as multivariate normal distributions that varied in number, relative size, sepa-
ration, and covariance structure. We also varied dimensionality reduction technique 
(none, multi-dimensional scaling, and uniform manifold approximation and projec-
tion) and cluster-detection algorithm (k-means, agglomerative hierarchical cluster-
ing, HDBSCAN, c-means, and Gaussian mixture modelling).

We found that covariance structure did not impact cluster analysis outcomes. 
Dimensionality reduction through multi-dimensional scaling (MDS) increases sub-
group separation by about Δ = 1, whereas uniform manifold approximation and pro-
jection (UMAP) decreases separation when it was below Δ = 4 in original space, or 
increase it when original separation was over Δ = 5.

Fig. 10  C-means silhouette scores (top row), proportion of correctly identified clustering (second row), 
proportion of correctly identified number of clusters (third row), and the proportion of observations correctly 
assigned to their subgroup, each computed through 100 iterations of simulation. Datasets of varying sample 
size (x-axis) and two features were sampled from populations with equidistant subgroups that each had the 
same 3-factor covariance structure. The simulated populations were made up of two unequally sized (10 
and 90%) subgroups (left column); or two, three, or four equally sized subgroups (second, third, and fourth 
column, respectively)
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While centroid separation is the main driver of statistical power in cluster analysis, 
sample size and relative subgroup size had some effect. In populations with a small sub-
group (10%), larger separation was required to properly detect clustering. Furthermore, 
most algorithms performed optimally at lower separations only with a minimum sample 
size of 20–30 observations per subgroup, and thus a total sample size of that multiplied 
by the number of expected subgroups (k) within a studied population.

Our results also showed that statistical power is better for “fuzzy” methods compared 
to traditional discrete methods. Specifically, c-means had sufficient power (80–100%) 
from a centroid separation of Δ = 3, whereas that was only true from Δ = 4 for k-means.

Finally, statistical power was similar between c-means and finite Gaussian mixture 
modelling. This is noteworthy, because latent profile analysis and latent class analysis 
(both branches of finite mixture modelling) are increasingly popular among research-
ers (Fig. 1). Our results suggest that both fuzzy clustering and finite mixture modelling 
approaches are more powerful than discrete clustering approaches.

Take‑home messages

•	 Cluster analyses are not sensitive to covariance structure, or differences in covari-
ance structure between subgroups.

•	 If you are testing the hypothesis that subgroups with different means (centroids) 
exist within your population, cluster analysis will only be able to confirm this if 

Fig. 11  Clustering outcomes of discrete k-means clustering (top row) and fuzzy c-means clustering (bottom 
row). The top-left panel shows the ground truth, a sample (N = 600) from a simulated population made up of 
three equally sized and equidistant subgroups. The middle column shows the assignment of observations to 
clusters, and the right column shows the corresponding silhouette coefficients. The shading in the bottom 
silhouette plot indicates the discrete clustering silhouette coefficients, and the coloured bars indicate a 
transformation equivalent to that performed to compute the fuzzy silhouette score. The bottom-left shows a 
bunny (also fuzzy) amid contained and well-separated ellipsoidal clusters (photo by Tim Reckmann, licensed 
CC-BY 2.0)
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the groups show strong separation. You can compute the expected separation in 
your data using Eq. (1).

•	 Dimensionality reduction through MDS subtly increases separation Δ by about 1 
in our simulations, and hence can help improve your odds of accurately detect-
ing clustering. By contrast, dimensionality reduction UMAP will underestimate 
cluster separation if separation in original feature space is below Δ = 4, but it will 
strongly increase cluster separation for original separation values over 5. Hence, 
in the context of multivariate normal distributions, we would recommend using 
MDS.

•	 Provided subgroups are sufficiently separated in your data (Δ = 4), sampling at 
least N = 20–30 observations per group will provide sufficient power to detect 
subgrouping with k-means or HDBSCAN, with decent accuracy for both the 
detection of the number of clusters in your sample, and the classification of indi-
vidual observations’ cluster membership.

•	 Finally, using non-discrete methods (c-means or finite mixture modelling) and 
the fuzzy silhouette score could improve the power of cluster analyses without 
elevating the false positive rate. This is particularly useful if the expected cluster 
centroid separation is between Δ = 3 to 4, where k-means is less likely to reliably 
detect subgroups than fuzzy alternatives.

Fig. 12  Traditional (top row), fuzzy (middle row and bottom row) silhouette scores, respectively computed 
after clustering through k-means, c-means, and Gaussian finite mixture modelling. Each line presents the 
mean and 95% confidence interval obtained over 100 iterations of sampling (N = 120, two uncorrelated 
features) from populations with no subgroups (left column), two subgroups (second column), three 
subgroups (third column), or four subgroups (right column) that were equidistant and of equal size. The same 
dataset in each iteration was subjected to k-means, c-means, and Gaussian mixture modelling. Estimates 
were obtained for different centroid separation values (Δ = 1 to 10, in steps of 0.5; brighter colours indicate 
stronger separation). All simulation results are plotted, and power (proportion of iterations that found k > 1) 
and accuracy (proportion of iterations that found the true number of clusters) are annotated for centroid 
separations Δ = 2 to 4 (see Fig. 13 for power and accuracy as a function of centroid separation)
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Practical example

This example summarises the above take-home messages in a hypothetical study. It 
could serve as an example for a preregistration (or any other type of study planning or 
proposal).

You plan to measure 100 features in a population that you think constitutes two 
equally sized subgroups. Between these subgroups, you expect small differences 
(Cohen’s d = 0.3) in 20 features, medium differences (Cohen’s d = 0.5) in 12, and large 
differences (Cohen’s d = 0.8) in 4. With these differences among 36/100 measured fea-
tures, total expected separation would be Δ = 2.7 (computed with Eq. 1).

Using multi-dimensional scaling, the expected separation of Δ = 2.7 in original space 
would be expected to increase to roughly Δ = 4 in reduced (two-dimensional) space 
(according to Fig. 7). This increased separation offers better power for a following cluster 
analysis.

To further improve your statistical power, you can choose to work with a fuzzy clus-
tering algorithm (e.g. c-means) or a mixture modelling approach (e.g. latent profile or 
latent class analysis, depending on whether your data is continuous or binary), which 
both showed sufficient power at the expected separation of Δ = 4 (according to Table 4, 
and Figs. 10, 12, and 13).

The expected separation and choice of analysis pipeline provides acceptable statistical 
power if you measure 20 to 30 observations per expected subgroup (according to Table 4 

Fig. 13  Power (top row) and cluster number accuracy (bottom row) for k-means (left column), c-means 
(middle column), and Gaussian mixture modelling (right column). Power was computed as the proportion 
of simulations in which the silhouette score was equal to or exceeded 0.5, the threshold for subgroups being 
present in the data. Cluster number accuracy was computed as the proportion of simulations in which the 
highest silhouette coefficient (solid lines) or the lowest Bayesian Information Criterion (dashed line, only 
applicable in Gaussian mixture modelling) was associated with the true simulated number of clusters. For 
each ground truth k = 1 to k = 4, 100 simulation iterations were run. In each iteration, all three methods were 
employed on the same data, and all methods were run for guesses k = 2 to k = 7
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and Fig. 10). You expected two equally sized subgroups, so your total sample size would 
be N = 40 to N = 60.

If you had expected one smaller and one larger subgroup, for example 20% and 80% 
of the population, this would need to be accounted for in your sample size. Your sample 
should include at least 20 to 30 observations from the smaller subgroup. Assuming unbi-
ased sampling (20% of your sample is part of the smaller subgroup in the population), 
your total sample should thus be N = 100 to N = 150. You can compute this as: (100%/
subgroup percentage) * minimum number of samples.

Conclusion
Cluster algorithms have sufficient statistical power to detect subgroups (multivariate 
normal distributions with different centres) only when these are sufficiently separated. 
Specifically, the separation in standardised space (here named effect size Δ) should be at 
least 4 for k-means and HDBSCAN to achieve over 80% power. Better power is observed 
for c-means and finite Gaussian mixture modelling, which achieved 80% power at Δ = 3 
without inflating the false positive rate. Effect size Δ can be computed as the accumula-
tion of expected within-feature effect sizes. While covariance structure did not impact 
clustering, sample size did to some extent, particularly for HDBSCAN and k-means. 
Sampling at least N = 20 to 30 observations per expected subgroup resulted in satisfac-
tory statistical power.

Methods
Literature frequency comparison

Figure 1 in the “Background” section describes an increase in the relative frequency of 
publications that mention several terms related to cluster analysis, compared to publica-
tions that mention traditional statistics. The illustration was generated using Biblioba-
nana [17], which uses the NCBI E-utilities API to query the publications that appeared 
in the PubMed database each year.

Search queries used the TEXT field (keyword could appear anywhere in a publication), 
and were “k-means” (k-means, blue line in Fig. 1), “agglomerative clustering” OR “hier-
archical clustering” (hierarchical clustering, green line), “DBSCAN” OR “HDBSCAN” 
((H)DBSCAN, purple line), “c-means” (c-means, red line), "finite mixture modelling" OR 
"latent class analysis" OR "latent profile analysis" (finite mixture modelling, orange line), 
and "t-SNE" OR "tSNE" OR "UMAP" (t-SNE/UMAP, brown line). Comparison terms 
were “t-test”, “ANOVA”, and “linear regression”. Clustering terms were divided by the 
average of all comparison terms to come to their relative frequency.

Simulation

All simulated datasets constituted multivariate normal distributions, specifically one for 
each subgroup. We could define the covariance structure of each distribution, and dis-
tribution separation by setting their mean arrays. All standard deviations were set to 1.

For the first simulation analysis, generated datasets constituted 1000 observa-
tions and 15 features, with defined mean arrays (see below), and standard deviations 
of 1 within each feature. The number of subgroups was 2 with unequal group size 
(10/90%), 2 with equal group size (50/50%), or 3 with equal group size (33/34/33%). 
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Within each simulation, within-feature differences were generated with Cohen’s d val-
ues of 0.3, 0.5, 0.8, 1.3, or 2.1, and the number of different features was 1, 5, 10, or 15.

For two-cluster datasets, centroids (mean arrays) were determined by subtracting 
half the intended Cohen’s d from one cluster, and adding the same value to the other 
within each feature. The order of addition and subtraction was shuffled within each 
feature. For three-cluster datasets, one cluster was assigned a mean array of zeros (the 
“middle” cluster). The other two clusters had the intended Cohen’s d added or sub-
tracted within each feature, again with shuffled order within each feature.

Covariance structures were generated in three different ways: no covariance with 
values of 0 for all non-diagonal relations; uniform random values between − 0.3 
and 0.3; or with imposed 3 or 4 factor structure with uniform random values 
between − 0.9 and − 0.4 or between 0.4 and 0.9 within each factor, and between − 0.3 
and 0.3 for relations between variables in different factors. We also included two 
types of datasets with different covariance structures between subgroups, one with 
different underlying factor structures (3 and 4 factors; or 3 and 4 and no factors), and 
one simply with different covariance structures (random and random; or random and 
random and no covariance).

To compute statistical power and accuracy, further simulations were run to gener-
ate datasets of 10, 20, 40, 80, or 160 observations and 2 (uncorrelated) features. These 
datasets were constructed with two unequally sized (10/90%), two equally sized, three 
equally sized, or four equally sized subgroups (multivariate normal distributions with 
standard deviations of one); all with equidistant means at centroid separations of 
Δ = 1 to 10. For each combination of variables, new data were generated in 100 itera-
tions, and then analysed with k-means, HDBSCAN, or c-means (see below).

Finally, to compare the power and accuracy of k-means, c-means, and Gaussian 
mixture modelling, we simulated datasets of 120 observations and 2 (uncorrelated) 
features with one, two, three, or four equally sized and equidistant multivariate nor-
mal distributions. Their separations varied from Δ = 1 to 10, and they were analysed 
with k-means, c-means, and Gaussian mixture modelling (see below).

Open code and data

Data was simulated in Python [37] (version 2.7.12; for a tutorial, see reference [38]), 
using the NumPy package (version 1.16.5) [39, 40]. Dimensionality reduction and clus-
tering was performed using the packages SciPy (version 1.2.2) [39], umap-learn (version 
0.2.1) [31, 41], hdbscan (version 0.8.12) [34], scikit-fuzzy (version 0.4.2), and scikit-learn 
(version 0.20.4) [2]. Outcomes were plotted using Matplotlib (version 2.1.2) [42]. All 
code and simulated data used for this manuscript can be found on GitHub, from where 
it can be freely accessed and downloaded: www.​github.​com/​esdal​maijer/​clust​er_​power.

The linked resource also contains additional plots for specific simulations not illus-
trated here, and can be altered to test additional types of dimensionality reduction 
and clustering algorithms. We have already implemented 13 further dimensionality 
reduction algorithms, and 8 additional cluster algorithms. Researchers with a special 
interest in any of these are welcome to use our resource to compute statistical power 
for their specific situation.

http://www.github.com/esdalmaijer/cluster_power
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Dimensionality reduction

Cluster analysis is usually performed on high-dimensional data, i.e. with many measured 
features per observation. While it is possible to apply clustering algorithms directly, the 
“curse of dimensionality” entails that this approach is unlikely to yield strong results [26]. 
Instead, many opt for projecting high-dimensional data into a lower-dimensional space. 
One option for this is principal component analysis (PCA), but extracting only a few 
components risks removing meaningful variance. Instead, data can be projected in two-
dimensional space with limited loss of information with multi-dimensional scaling [30] 
(MDS), a technique that aims to retain inter-observation distances in original data in a 
lower-dimensional projection. Finally, algorithms such as t-stochastic neighbour embed-
ding (t-SNE) [43] and uniform manifold approximation and projection (UMAP) [31] 
non-linearly reduce dimensionality, effectively retaining local inter-sample distances 
while exaggerating global distances. An additional advantage of these techniques is that 
data projected into two or three dimensions can be plotted, and thus visually inspected 
for oddities, and perhaps even provide a rough indication of grouping.

We employed three reduction strategies: None, MDS, and UMAP.

Clustering

After dimensionality reduction, the resulting dataset can be subjected to a wide selection 
of clustering algorithms that each have optimal conditions (for an overview, see [44]). 
Here, we will explore the most common types. This includes k-means [32], an algorithm 
that arbitrarily draws a predefined number (k) of centroids within the data, and on each 
iteration moves the centroids to the average of the observations that are closest to each 
centroid, until a stable solution is reached. Another approach is agglomerative (hierar-
chical) clustering, which recursively joins pairs of observations according to a combi-
nation of linkage affinity (e.g. Euclidean or cosine distance) and criterion. A commonly 
used linkage is Ward, which minimises the variance of merging groups of observations 
[33]. Because these algorithms require the user to define the number of clusters, a com-
mon approach is to cycle through a variety of options to identify the best fitting solution.

A class of algorithms that does not require the prespecification of an expected number 
of clusters includes DBSCAN [45] and HDBSCAN [34]. They identify clusters of denser 
observations among lower-density observations that remain unassigned.

We employed five algorithms: k-means, agglomerative clustering with Ward linkage 
and Euclidean distance, agglomerative clustering with average linkage and cosine dis-
tance, HDBSCAN, and c-means (fuzzy clustering; see below).

Outcome evaluation

After observations are assigned a cluster, the quality of the solution can be determined 
(Table 5). For each sample, a silhouette coefficient can be computed as the relative dis-
tance to its assigned centroid and the nearest other centroid [46]. For each observation, 
a value of 1 means perfect alignment with its assigned centroid, 0 means it lies exactly in 
between its centroid and the nearest other, and − 1 means perfect alignment with a cen-
troid it was not assigned to. The average across all assigned observations is the silhou-
ette score, which is often taken as evidence for clustering if it exceeds 0.5, or as strong 
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evidence if it exceeds 0.7 [47]. It should be noted that there are many cluster validation 
indices (for excellent overviews, see [19, 48]). We focus on the silhouette score because 
of its good performance in many circumstances [19], conceptual elegance, and estab-
lished thresholds for interpretation. Unassigned observations (such as in HDBSCAN) 
are ignored for silhouette score computation. Scores were computed slightly differently 
for fuzzy clustering tools (see “Fuzzy clustering and mixture modelling” section below), 
but interpreted in the same framework.

While a ground truth is normally not available, it is in the context of simulated data. 
This allowed us to compute the Rand index [49], adjusted for chance [50], to quantify the 
overlap between cluster outcome and ground truth. An adjusted Rand index of 1 reflects 
perfect match, a value of 0 means chance performance, and negative values indicate the 
clustering performed worse than chance. While the adjusted Rand index quantifies the 
overlap between cluster outcome and truth, the silhouette coefficient reflects what an 
experimenter (who is normally blind to the ground truth) would conclude.

Fuzzy clustering and mixture modelling

We employed the c-means algorithm [51, 52], specifically the version implemented in 
Python package scikit-fuzzy [53]. It converges on centroids in a similar way to k-means, 
but allows for observations to be assigned to more than one cluster. Specifically, each 
observation is assigned k values between 0 and 1 that indicate membership likelihood.

In addition to c-means, we employed finite mixture modelling through scikit-learn’s 
GaussianMixture class [2]. This approach aims to find the best mixture of k Gaussian 
distributions, allowing each component their own general covariance matrix. The result-
ing model was used to compute for each observation the probability that it was part of 
each Gaussian; a similar outcome to the c-means algorithm.

We estimated c-means and mixture model outcomes using a variation of the silhou-
ette coefficient intended for fuzzy clustering methods [54]. This silhouette score has a 
tunable exponentiation parameter α that determines how strongly the uncertainty about 
each observations cluster membership is weighted (when it approaches 0, the fuzzy sil-
houette coefficient approaches the regular version), which was set to 1 in our analyses.

For mixture modelling, we also computed the Bayesian Information Criterion (BIC) 
for each fitted solution. Where the silhouette score should be maximised to identify the 
best cluster solution, the BIC should be minimised.

Table 5  Outcome evaluation metrics and their meanings

Value Silhouette score meaning (computed from 
data)

Adjusted Rand index meaning (computed from 
data and ground truth)

< 0 Observations are closer to the centroid of another 
cluster than to the centroid of the cluster to which 
they were assigned

Below chance performance: random guessing 
would have provided more accurate labelling

0 Observations lie exactly between the centroids of 
their assigned cluster and the nearest of the other 
clusters

The number of labels assigned by the algorithm 
that overlap with the ground truth are at chance 
level

0.5–0.7 Evidence for clustering

0.7–1.0 Strong evidence for clustering

1 Perfect alignment of observations and their 
assigned cluster centroid

Perfect overlap between assigned clusters and 
ground truth
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As described above, datasets (N = 120) were simulated with 1–4 subgroups (multivari-
ate normal distributions with SD = 1) with separations of Δ = 1 to 10. A new dataset was 
simulated in 100 iterations. In each, k-means and c-means were applied, with predefined 
guesses of k = 2 to 7. From the outcomes, we computed the probability of each analysis 
to detect clustering (silhouette coefficient >  = 0.5), and to detect the correct number of 
clusters (silhouette coefficient highest for the value of k that corresponded with ground 
truth).

Effect of dimensionality reduction on cluster separation

In the simulated datasets, distances between cluster centroids in original feature space 
should be Euclidean (Eq.  1). However, due to the stochastic and non-linear nature of 
dimensionality reduction algorithms, centroid distances after dimensionality reduction 
are less predictable. To quantify the effect of dimensionality reduction on cluster separa-
tion, we computed the distance between cluster centroids (defined as the average Euclid-
ean position of observations within a cluster) in projected space after dimensionality 
reduction.

where Δ is centroid distance, n is the number of features, and δ is the within-feature dif-
ference between clusters (effect size).

Introducing effect size Δ

We consider multivariate normal distributions with standard deviations of 1 (for all fea-
tures) to be standardised space, and refer to cluster separation in this space as Δ. It can 
serve as an effect size metric for clustering in the sense that it reflects the extent of sepa-
ration of simulated or identified subgroups. It is essentially the multivariate equivalent of 
Cohen’s d, and can in fact be estimated from expected values of Cohen’s d within each 
feature via Eq. (1).

Power and accuracy

Researchers who opt for cluster analysis are likely attempting to answer three main ques-
tions: (1) Are subgroups present in my data, (2) How many subgroups are present in my 
data, and (3) Which observations belong to what subgroup?

In null-hypothesis testing, power relates to the probability that a null hypothesis is 
correctly rejected if an alternative hypothesis is true. Various approaches have been sug-
gested to define statistical power in cluster analyses, for example through outcome per-
mutation [55] or through measures of subgroup overlap [56]. Here, we define power as 
the likelihood of a cluster analysis to accurately reject the null hypothesis that no sub-
groups are present, based on the binary decision of a solution’s silhouette score being 0.5 
or over [47].

Further to the binary decision of clusters being present in a dataset, we estimated the 
probability of cluster analyses to identify the correct number of subgroups in simulated 
datasets. This was done by cycling through k = 2 to k = 5 for algorithms that require 
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√

√

√

√

n
∑

i=1

δ
2

i
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pre-specification of cluster number (k-means and agglomerative clustering), and choos-
ing the value that resulted in the highest silhouette coefficient. HDBSCAN reports the 
number of detected clusters, and thus did not require iterating through pre-specified 
values.

Finally, we quantified classification accuracy as the proportion of observations cor-
rectly assigned to their respective clusters. This reflects the overlap between ground 
truth and assigned cluster membership. This accuracy is dependent on chance, which 
was set at the proportion of the total sample size that was in the largest cluster.
Acknowledgements
Not applicable.

Author contributions
ESD and CLN first initiated the study. ESD conceptualised the study, developed the methods, simulated and analysed the 
data, and drafted the manuscript. All authors interpreted the results, provided critical feedback on the manuscript, and 
approved of the final version. All authors read and approved the final manuscript.

Funding
ESD and DEA are supported by grant TWCF0159 from the Templeton World Charity Foundation to DEA. CLN is supported 
by an AXA Fellowship. All authors are supported by the UK Medical Research Council, Grant MC-A0606-5PQ41.

Availability of data and materials
The authors have made their data and analysis software available publicly. It can be accessed on GitHub: https://​github.​
com/​esdal​maijer/​clust​er_​power/.

Declarations

Ethics approval and consent to participate
Not applicable. (No participants were tested for this study, which relies on simulations only.)

Consent for publication
Not applicable.

Competing interests
The authors declare that they have no competing interests.

Received: 21 April 2021   Accepted: 2 March 2022

References
	1.	 Handelsman DJ, Teede HJ, Desai R, Norman RJ, Moran LJ. Performance of mass spectrometry steroid profiling for 

diagnosis of polycystic ovary syndrome. Hum Reprod. 2017;32(2):418–22.
	2.	 Pedregosa F, Varoquaux G, Gramfort A, Michel V, Thirion B, Grisel O, et al. Scikit-learn: machine learning in 

Python. J Mach Learn Res. 2011;12:2825–30.
	3.	 Hennig C. fpc. 2020. Available from https://​cran.r-​proje​ct.​org/​web/​packa​ges/​fpc/​index.​html.
	4.	 Anjana RM, Baskar V, Nair ATN, Jebarani S, Siddiqui MK, Pradeepa R, et al. Novel subgroups of type 2 diabetes 

and their association with microvascular outcomes in an Asian Indian population: a data-driven cluster analysis: 
the INSPIRED study. BMJ Open Diabetes Res Care. 2020;8(1):e001506.

	5.	 Tao R, Yu X, Lu J, Shen Y, Lu W, Zhu W, et al. Multilevel clustering approach driven by continuous glucose moni-
toring data for further classification of type 2 diabetes. BMJ Open Diabetes Res Care. 2021;9(1):e001869.

	6.	 Carrillo-Larco RM, Castillo-Cara M, Anza-Ramirez C, Bernabé-Ortiz A. Clusters of people with type 2 diabetes in 
the general population: unsupervised machine learning approach using national surveys in Latin America and 
the Caribbean. BMJ Open Diabetes Res Care. 2021;9(1):e001889.

	7.	 Ahlqvist E, Storm P, Käräjämäki A, Martinell M, Dorkhan M, Carlsson A, et al. Novel subgroups of adult-onset 
diabetes and their association with outcomes: a data-driven cluster analysis of six variables. Lancet Diabetes 
Endocrinol. 2018;6(5):361–9.

	8.	 Jonsson PF, Cavanna T, Zicha D, Bates PA. Cluster analysis of networks generated through homology: automatic 
identification of important protein communities involved in cancer metastasis. BMC Bioinform. 2006;7(1):2.

	9.	 De La Monte SM, Moore WM, Hutchins GM. Metastatic behavior of prostate cancer: cluster analysis of patterns 
with respect to estrogen treatment. Cancer. 1986;58(4):985–93.

	10.	 Lawton M, Ben-Shlomo Y, May MT, Baig F, Barber TR, Klein JC, et al. Developing and validating Parkinson’s disease 
subtypes and their motor and cognitive progression. J Neurol Neurosurg Psychiatry. 2018;89(12):1279–87.

	11.	 Bathelt J, Johnson A, Zhang M, the CALM team, Astle DE. Data-driven brain-types and their cognitive conse-
quences. Neuroscience; 2017 Dec [cited 2020 Feb 20]. Available from http://​biorx​iv.​org/​lookup/​doi/​10.​1101/​
237859.

https://github.com/esdalmaijer/cluster_power/
https://github.com/esdalmaijer/cluster_power/
https://cran.r-project.org/web/packages/fpc/index.html
http://biorxiv.org/lookup/doi/10.1101/237859
http://biorxiv.org/lookup/doi/10.1101/237859


Page 27 of 28Dalmaijer et al. BMC Bioinformatics          (2022) 23:205 	

	12.	 Astle DE, Bathelt J, The CALM Team, Holmes J. Remapping the cognitive and neural profiles of children who 
struggle at school. Dev Sci. 2019;22(1):e12747.

	13.	 Bathelt J, Holmes J, Astle DE, The CALM Team. Data-driven subtyping of executive function-related behavioral 
problems in children. J Am Acad Child Adolesc Psychiatry. 2018;57(4):252-262.e4.

	14.	 Benjamins JS, Dalmaijer ES, Ten Brink AF, Nijboer TCW, Van der Stigchel S. Multi-target visual search organisation 
across the lifespan: cancellation task performance in a large and demographically stratified sample of healthy 
adults. Aging Neuropsychol Cogn. 2019;26(5):731–48.

	15.	 Rennie JP, Zhang M, Hawkins E, Bathelt J, Astle DE. Mapping differential responses to cognitive training using 
machine learning. Dev Sci. 2019 Jul 22 [cited 2019 Jul 30]; Available from https://​onlin​elibr​ary.​wiley.​com/​doi/​
abs/​10.​1111/​desc.​12868.

	16.	 Uh S, Dalmaijer ES, Siugzdaite R, Ford TJ, Astle DE. Two pathways to self-harm in adolescence. J Am Acad Child 
Adolesc Psychiatry. 2021;S0890856721002197.

	17.	 Dalmaijer ES, Van Rheede J, Sperr EV, Tkotz J. Banana for scale: Gauging trends in academic interest by normalis-
ing publication rates to common and innocuous keywords. arXiv:​2102.​06418 [Cs]. 2021 Feb 12 [cited 2021 Apr 
7]; Available from http://​arxiv.​org/​abs/​2102.​06418.

	18.	 Fisher RA. The use of multiple measurements in taxonomic problems. Ann Eugen. 1936;7(2):179–88.
	19.	 Arbelaitz O, Gurrutxaga I, Muguerza J, Pérez JM, Perona I. An extensive comparative study of cluster validity 

indices. Pattern Recognit. 2013;46(1):243–56.
	20.	 Dubes RC. How many clusters are best?—An experiment. Pattern Recognit. 1987;20(6):645–63.
	21.	 Tibshirani R, Walther G, Hastie T. Estimating the number of clusters in a data set via the gap statistic. J R Stat Soc 

Ser B Stat Methodol. 2001;63(2):411–23.
	22.	 Hennig C. What are the true clusters? Pattern Recognit Lett. 2015;64:53–62.
	23.	 Franco M, Vivo J-M. Cluster analysis of microarray data. In: Bolón-Canedo V, Alonso-Betanzos A, editors. Microar-

ray bioinformatics. New York, NY: Springer New York; 2019 [cited 2021 May 23]. p. 153–83. Available from http://​
link.​sprin​ger.​com/​10.​1007/​978-1-​4939-​9442-7_7.

	24.	 Handl J, Knowles J, Kell DB. Computational cluster validation in post-genomic data analysis. Bioinformatics. 
2005;21(15):3201–12.

	25.	 Ronan T, Qi Z, Naegle KM. Avoiding common pitfalls when clustering biological data. Sci Signal. 2016;9(432):6–6.
	26.	 Bellman R. Dynamic programming. Princeton: Princeton University Press; 1957.
	27.	 Ioannidis JPA. Why most published research findings are false. PLoS Med. 2005;2(8):e124.
	28.	 Button KS, Ioannidis JPA, Mokrysz C, Nosek BA, Flint J, Robinson ESJ, et al. Power failure: why small sample size 

undermines the reliability of neuroscience. Nat Rev Neurosci. 2013;14(5):365–76.
	29.	 Nord CL, Valton V, Wood J, Roiser JP. Power-up: a reanalysis of “power failure” in neuroscience using mixture 

modeling. J Neurosci. 2017;37(34):8051–61.
	30.	 Kruskal J. Multidimensional scaling by optimizing goodness of fit to a nonmetric hypothesis. Psychometrika. 

1964;29(1):1–27.
	31.	 McInnes L, Healy J, Melville J. UMAP: uniform manifold approximation and projection for dimension reduction. 

arXiv:​1802.​03426 [Cs Stat]. 2018 Dec 6 [cited 2020 Feb 20]; Available from http://​arxiv.​org/​abs/​1802.​03426.
	32.	 Lloyd SP. Least squares quantization in PCM. IEEE Trans Inf Theory. 1982;28(2):129–37.
	33.	 Ward JH. Hierarchical grouping to optimize an objective function. J Am Stat Assoc. 1963;58(301):236–44.
	34.	 McInnes L, Healy J, Astels S. hdbscan: hierarchical density based clustering. J Open Source Softw. 2017;2(11):205.
	35.	 van Loo HM, de Jonge P, Romeijn J-W, Kessler RC, Schoevers RA. Data-driven subtypes of major depressive 

disorder: a systematic review. BMC Med. 2012;10(1):156.
	36.	 Menger V, Spruit M, Hagoort K, Scheepers F. Transitioning to a data driven mental health practice: collaborative 

expert sessions for knowledge and hypothesis finding. Comput Math Methods Med. 2016;2016:1–11.
	37.	 Van Rossum G, Drake FL. Python language reference manual. Bristol: Network Theory Ltd.; 2011.
	38.	 Dalmaijer ES. Python for experimental psychologists. Abingdon, Oxon, New York: Routledge; 2017.
	39.	 Oliphant TE. Python for scientific computing. Comput Sci Eng. 2007;9(3):10–20.
	40.	 Harris CR, Millman KJ, van der Walt SJ, Gommers R, Virtanen P, Cournapeau D, et al. Array programming with 

NumPy. Nature. 2020;585(7825):357–62.
	41.	 McInnes L, Healy J, Saul N, Großberger L. UMAP: uniform manifold approximation and projection. J Open Source 

Softw. 2018;3(29):861.
	42.	 Hunter JD. Matplotlib: a 2D graphics environment. Comput Sci Eng. 2007;9(3):90–5.
	43.	 Van der Maaten LJP, Hinton GE. Visualizing high-dimensional data using t-SNE. J Mach Learn Res. 

2008;9:2579–605.
	44.	 Jain AK, Murty MN, Flynn PJ. Data clustering: a review. ACM Comput Surv CSUR. 1999;31(3):264–323.
	45.	 Ester M, Kriegel H-P, Sander J, Xu X. A density-based algorithm for discovering clusters in large spatial databases 

with noise. KDD. 1996;96(34):226–31.
	46.	 Rousseeuw P. Silhouettes: a graphical aid to the interpretation and validation of cluster analysis. J Comput Appl 

Math. 1987;20:53–65.
	47.	 Kaufman L, Rousseeuw PJ, editors. Finding groups in data. Hoboken: John Wiley & Sons, Inc.; 1990 [cited 2018 

Mar 4]. (Wiley series in probability and statistics). Available from http://​doi.​wiley.​com/​10.​1002/​97804​70316​801.
	48.	 Vendramin L, Campello RJGB, Hruschka ER. Relative clustering validity criteria: a comparative overview. Stat Anal 

Data Min. 2010;3(4):209–235.
	49.	 Rand WM. Objective criteria for the evaluation of clustering methods. J Am Stat Assoc. 1971;66:846–50.
	50.	 Hubert L, Arabie P. Comparing partitions. J Classif. 1985;2(1):193–218.
	51.	 Bezdek JC. Pattern recognition with fuzzy objective function algorithms. New York: Plenum Press; 1981. p. 256 

(Advanced applications in pattern recognition).
	52.	 Dunn JC. A fuzzy relative of the ISODATA process and its use in detecting compact well-separated clusters. J 

Cybern. 1973;3(3):32–57.

https://onlinelibrary.wiley.com/doi/abs/10.1111/desc.12868
https://onlinelibrary.wiley.com/doi/abs/10.1111/desc.12868
https://arxiv.org/abs/2102.06418
http://arxiv.org/abs/2102.06418
http://link.springer.com/10.1007/978-1-4939-9442-7_7
http://link.springer.com/10.1007/978-1-4939-9442-7_7
https://arxiv.org/abs/1802.03426
http://arxiv.org/abs/1802.03426
http://doi.wiley.com/10.1002/9780470316801


Page 28 of 28Dalmaijer et al. BMC Bioinformatics          (2022) 23:205 

•
 
fast, convenient online submission

 •
  

thorough peer review by experienced researchers in your field

• 
 
rapid publication on acceptance

• 
 
support for research data, including large and complex data types

•
  

gold Open Access which fosters wider collaboration and increased citations 

 
maximum visibility for your research: over 100M website views per year •

  At BMC, research is always in progress.

Learn more biomedcentral.com/submissions

Ready to submit your researchReady to submit your research  ?  Choose BMC and benefit from: ?  Choose BMC and benefit from: 

	53.	 Ross TJ. Chapter 10: Fuzzy classification (subheading: fuzzy c-means algorithm). In: Fuzzy logic with engineering 
applications. 3rd ed. New York: Wiley; 2010. p. 352–3.

	54.	 Campello RJGB, Hruschka ER. A fuzzy extension of the silhouette width criterion for cluster analysis. Fuzzy Sets Syst. 
2006;157(21):2858–75.

	55.	 Baker FB, Hubert LJ. Measuring the power of hierarchical cluster analysis. J Am Stat Assoc. 1975;70(349):31–8.
	56.	 Sneath PH. A method for testing the distinctness of clusters: a test of the disjunction of two clusters in Euclidean 

space as measured by their overlap. Math Geol. 1977;7(2):123–43.

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in published maps and institutional affiliations.


	Statistical power for cluster analysis
	Abstract 
	Background: 
	Results: 
	Conclusions: 

	Background
	A typical cluster analysis
	Statistical power in cluster analysis

	The current study
	Results
	Cluster centroid separation
	Membership classification (adjusted Rand index)
	Data subgrouping (silhouette coefficient)
	Effect of dimensionality reduction on cluster separation
	Statistical power and accuracy
	K-means
	HDBSCAN
	C-means

	Direct comparison of discrete and fuzzy clustering

	Discussion
	Take-home messages
	Practical example

	Conclusion
	Methods
	Literature frequency comparison
	Simulation
	Open code and data

	Dimensionality reduction
	Clustering
	Outcome evaluation
	Fuzzy clustering and mixture modelling
	Effect of dimensionality reduction on cluster separation
	Introducing effect size Δ
	Power and accuracy

	Acknowledgements
	References


