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can lead to non-reproducibility of research results. This article describes in detail the general steps
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Introduction

In recent years, k-means clustering has been increasingly

used in psychological research. The main scope of this

application is the construction of different classifications

used to describe differences between groups of people.

Usually, theoretical typologies are based on understand-

ing of the object as a system and building representa-

tions of its structural levels (Нагибина, 2011).The main

feature of such typologies is that they are created on

some theoretical assumptions. Despite this, modern sta-

tistical methods allow to build typologies based on data.

K-means clustering is one of these methods. It is com-

monly used in studies of emotional intelligence (Аршава

& Носенко, 2011; Дерев’янко, 2009; Турецька, 2014),

coping skills (Боснюк, 2010; Єсип, 2014) risky behavior

(Бунас, 2012), in Medical Psychology (Бородавко, 2011;

Завгородня & Арсеньєв, 2014; Зотова, 2012; Клiманська,

2013), Educational Psychology (Носенко & Труляєв, 2013;

Сотнiкова-Мелешкiна, 2012), Psychology of Communi-

cation (Виноградов, 2013; Петренко, 2012a, 2012b) and

other fields.

Problem formulation. The k-means clustering

method allows scientists to build empirical classifications,

which are based on experimental data. Despite the rela-

tive simplicity of the method, its practical application in

studies and its description in publications has many de-

fects, which subsequently can lead to low stability of ob-

tained classifications and non-reproducible results. Often,

the approach used in such publications is to select 2 to 5

tests for an investigation of a psychological phenomenon

and split participants into groups according to their quan-

titative results using cluster analysis. Differences between

the obtained clusters are evaluated with statistical tests

and statistically significant differences get meaningful in-

terpretation. Sadly, publications using k-means clustering

lack a number of important points, such as justification of

the chosen number of clusters and sample size, selection of

variables and data preprocessing, the choice of initial clus-

ter centers, identification of software or algorithms used, a

verification of the validity of the clustering solution. Since

the cluster analysis can produce different solutions based

on the same data (Ким, Мюллер & Клекка, 1989), each

step of the method should be carefully described.

The present study aims are to review existing descrip-
tions of k-means clustering application in a sample of arti-

cles and to develop recommendations for improvement of

the quality of such studies in future.

General Information on K-means Clustering

Application of cluster analysis in psychology began in the

end of the 30-ies of the XXth century. According to Ким et

al. (1989), it is considered that the first publications were

made by K. Trion. The increased use of cluster analysis

was triggered by the development of computing power and

ability to process large databases.
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The goal of cluster analysis is to find a structure in a

given data set - clusters. Objects within a cluster should

be similar to one another and be different from the objects

of other clusters (Буреева, 2007; Зорина & Слонимская,

2008; Ким et al., 1989). The final partition of data must

satisfy a certain optimality criterion, expressing the desir-

ability of different partitions (Буреева, 2007).

Generally, k-means clustering algorithm examines ob-

jects as a collection of points in Euclidean space, although

there are variations of algorithm, which use non-Euclidean

metrics (Cao, Wang, Ma, & Ding, 2012). In this article we

assume that Euclidean distances are used to calculate sim-

ilarity between objects. According to this, k-means clus-

tering’s objective is to minimize the variance of the data

within cluster (Дубровская & Князев, 2011). An optimal

partition is achieved byminimizing the amount of squared

distances from the points to the cluster centers. To this end,

an iterative procedure is used (Xu & Wunsch, 2008). The

method’s name was suggested by MacQueen in 1967 (Mac-

Queen, 1967), though k-means algorithms were already

published by Forgy (Forgy, 1965) and developed by Lloyd

(Lloyd, 1982). Lloyd proposed his algorithm in 1957, but

the article was published outside of Bell Laboratories only

in 1982. In 1967 Friedman and Rubin made another publi-

cation on k-means (Friedman & Rubin, 1967).

Morissette and Chartier (2013) stated that k-means clus-

tering is most often used:

1. In exploratory data analysis and creation of classifi-

cation in applied researches and data mining applica-

tions.

2. For data reduction (reduction of data complexity).

3. As the initial step of more complex and computation-

ally intensive algorithms, which gives an approximate

division of data as a new starting point - reducing the

noise in the dataset.

General Principle of the Algorithm

In general, k-means clustering is implemented with the fol-

lowing steps:

1. K initial cluster centers are chosen.

2. Each object is assigned to the nearest cluster center.

3. Cluster centers are recalculated using the current dis-

tribution of points in clusters.

4. If the convergence criterion is not satisfied, the second

step is returned. A typical convergence criterion is the

satisfying a minimum threshold for changes in the lo-

cation of new cluster centers or finding a minimal de-

crease in the mean square error (Abonyi & Feil, 2007).

The distance between objects is most often calculated

with some form of Euclidean distance (Daniel & Goldstein,

2013).

We have already mentioned that k-means clustering al-

gorithm has several different variations. Despite the fact

that the goal of clustering is to find a structure, in fact,

each clustering method adds a certain structure in the data

(Ким et al., 1989). Therefore, it is important to know

the differences between the various algorithms of k-means

clustering and their features. The three most popular al-

gorithms are by Forgy and Lloyd, MacQueen and Harti-

gan and Wong (Morissette & Chartier, 2013). One should

note that there are also newer specific algorithms such as

genetic k-means, spherical k-means, kernel k-means, etc.

(Basel, Rui, David & Asoke, 2015).

The Forgy and Lloyd algorithm uses a serial model of

centroids, where each centroid is understood as the geo-

metric center of an objects set. The algorithm uses all the

objects at the same time at each step for cluster transfor-

mation. It has different variants regarding clusters initial-

ization. The Forgy and Lloyd algorithm involves a random

selection ofN initial clusters centroids from an existing set
of objects. On the other hand, the random division method

randomly generates a set of clusters, then these sets are

used to determine the initial centroids. The MacQueen al-

gorithm is the most popular, and the main difference with

previous ones is that centroid locations are recalculated

after each new assignment of an object into the cluster.

The algorithm created by Hartigan and Wong tries to find

a separation of objects as to ensure a minimum variance

value within cluster. Note that a single object in this case

may be assigned to another subspace, even if it belongs to

the subspace of the nearest centroid. Thus the Forgy and

Lloyd and McQueen algorithms try to optimize the total

sum of squares, while the Hartigan and Wong algorithm

– the within-cluster sum of squares (Morissette & Chartier,

2013).

k-means clustering is one of themost famous and popu-

lar algorithms, partly due to the simplicity of its implemen-

tation (Xu & Wunsch, 2008). In addition, the method does

not require the calculation and storage of the matrix of dis-

tances or similarities between objects (Буреева, 2007). In

the context of big data mining, the algorithm takes advan-

tage of its parallelization, such that computing time and

memory requirements increases linearly. The disadvan-

tages of k-means clustering are the following:

• The algorithms always converge, but can result in a lo-

cal minimum and a sub-optimal separation of data;

• All three methods tend to create clusters of equal size,

even if it is not the best reflection of “natural” groups;

• the Forgy and Lloyd algorithm can create empty clus-

ters, and the algorithms by McQueen and Hartigan

and Wong produce solutions which are sensitive to

the order in which points are presented (Morissette &

Chartier, 2013);

• the choice of different initial centers leads to different
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Figure 1 Scatterplot of relationship between the number of variables used for k-means clustering and sample size in the

sample of articles. Lines reflect Forman’s and the strict criteria. Gray dots represent articles which meet both criteria,

white dots are articles which meet Forman’s criterion, but don’t meet the strict criterion and black dots are articles which

do not meet both criteria

decisions;

• the algorithms are sensitive to outliers and noisy data

(Xu & Wunsch, 2008).

Materials and Methods

This study was conducted as part of the author’s thesis

“The construction of social representations of Ukraine’s po-

litical future”. It was decided to use k-means clustering as

data processing method. So the author reviewed current

state of k-means application in psychological researches.

We selected only scientific publications on psychology

written by Ukrainian scientists, who used k-means cluster-

ing. This involved a search for the relevant publications

on the official site of the Vernadsky National Library of

Ukraine and the search results of the Google Scholar search

engine. The selection of the publications was made by

requesting «psychology» with «К середнiх», «К-средних»

and «k-means» to find all papers in Ukrainian and Russian

languages. We checked all authors to eliminate Russian

articles. 36 scientific publications were found. The com-

plete list of works is presented in Appendix A. Thematerial

was gathered in March 2015. The earliest article publica-

tion date is 2009. That fact that no work prior to 2009 was

found is explained by the fact that it is the year when Sci-

entific Publishing Infrastructure "Scientific Periodicals of

Ukraine" was introduced. So some earlier publications can

be overlooked.

Table 1 presents the number of articles in the sample

by years they were published.

We note an increase in the number of publications

where k-means clustering was used. We conducted a con-

tent analysis to find justification of the number of groups

for clustering, sample sizes, selection of variables and pres-

ence or absence of data pre-processing, the choice of initial

cluster centers, the software or the algorithm description

and the validation of cluster analysis solutions in the pub-

lications.

This sample containing articles only from one country

and published in Ukrainian and Russian languages poses

a problem for generalizability. So the following empirical

findings should be considered as examples which illustrate

issues related to k-means application.
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Table 1 The number of articles in the sample by years

Year 2009 2010 2011 2012 2013 2014 Total

Number of articles 1 3 3 11 9 11 36

Results

We found that the description of how cluster analysis was

performed was mostly limited to a brief mentioning of

the method, comparison of obtained groups with statisti-

cal tests and the interpretation of statistically significant

differences between the clusters. Most of the time, many

of the key steps of k-means application were not given to

the reader.

Number of Variables and Sample Size

One of the tasks in designing and planning a research is

the choice of method and the determination of the sample

size.

With regard to k-means clustering, it should be re-

minded that a researcher will receive a clustering solution

regardless of the sample size and the number of variables

(Xu & Wunsch, 2008). Mooi and Sarstedt also indicate that

there are no generally accepted rules regarding the min-

imum required sample size, relationship between the ob-

jects and the number of variables for clustering (Mooi &

Sarstedt, 2011). However, it does not mean that the cluster

analysis is a universal method for any data. Forman rec-

ommends a sample size of at least 2k , where k is the num-
ber of variables used for clustering. There is also a stricter

recommendation that the preferred sample size should be

at least 5 · 2k (Dolnicar & Grün, 2008).
The Ukrainian publications in the studied sample, who

used k-means clustering, analyzed from 1 to 9 psychologi-

cal tests and quizzes and the number of variables used for

clustering ranged from 3 to 87 variables (median - 10.5),

whereas sample sizes ranged from 40 to 1800 respondents

(median value - 136.5). Studies with a small number of

variables typically included clustering on results of 1-2 psy-

chological tests or on results of the preliminary factor anal-

ysis. Studies with a large number of variables, generally

used all the raw data gathered in the survey.

A scatterplot of association of the sample sizes and

numbers of variables for clustering in the articles in the

sample is shown in Figure 1. The plot shows all the stud-

ies which were reported with the number of variables and

sample size. Some publications report several different

studies (e. g. pilot and complementary studies) using k-

means clustering and some publications have no descrip-

tion of sample sizes, so only 27 of 39 of studies are repre-

sented in the Figure.

The plot shows that most of the studies do not meet

even the minimum criterion. The Forman’s criterion was

satisfied only in 11 of the observed studies (28.2%) and the

strict criterion - in 4 studies (10.3%). It should be noted that

we may underestimate the number of variables, since re-

searchers do not always clearly indicate whether they used

only the total score or the results of sub-scales for cluster-

ing.

Determining the Number of Clusters

The algorithms of k-means all assume that the researcher

has prior knowledge and can set the number of clusters.

But the actual number of groups in a set of objects is often

unknown (Xu & Wunsch, 2008). Researchers have several

different ways to determine the number of clusters:

• using preliminary information (Зорина &

Слонимская, 2008);

• determining the number of clusters empirically (Mooi

& Sarstedt, 2011; Xu & Wunsch, 2008; Зорина &

Слонимская, 2008);

• visually determining the number of clusters (Everitt,

Landau, Leese & Stahl, 2011).

The first way implies that the researcher has theoreti-

cal knowledge about the number of groups that should be

received as a result of the cluster analysis, or has some as-

sumptions about the future use of the resulting partition.

So, the following comparison group analysis may involve

additional requirements on the number of objects per clus-

ters.

Popular strategies in the empirical determining of the

number of clusters are to find it on the basis of:

• the size of resulting clusters, i. e. number of objects in

clusters;

• the «Scree»-type diagram (a plot which reveals the rela-

tionship between the number of clusters and the sums

of within-cluster variance; Зорина & Слонимская,

2008);

• the results of hierarchical cluster analysis;

• the statistical comparison of different clustering solu-

tions with the number of clusters from Kmin to Kmax

(minimal and maximum number of clusters respec-

tively; Daniel & Goldstein, 2013).

Visually determining the number of clusters can be

made with a set of histograms of variables distributions, as

well as two-dimensional scatter plots. In case of very large

number of data, a projection of data in spaces with smaller

dimension can be built using principal component analy-

sis, factor analysis or multidimensional scaling (Everitt et
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Figure 2 Boxplot of sample sizes against different number of clusters

al., 2011).

There are also other formal techniques to reduce the

degree of subjectivity in taking a decision on the number

of clusters. Milligan and Cooper (1985) describe 30 of these

techniques.

The Ukrainian scientists from the sample often decide

to partition data in 2 to 4 clusters. The distribution of the

number of clusters is shown in Table 2.

Of the 36 publications, only 9 include the reasoning be-

hind the chosen number of clusters. Two researchers pro-

ceeded from the interpretability of the obtained clustering

solutions and 7 used empirical methods.

Among articles with empirical methods, three authors

reported the application of preliminary hierarchical clus-

tering to determine the number of groups for k-means

(Боснюк, 2010; Завгородня & Арсеньєв, 2014; Шамлян,

2014). This is not a universal solution as well, because it

raises further questions about the kind of metrics used to

estimate the distance between objects, the method of clus-

tering («the nearest neighbor», «Ward’s method», etc.), and

which distance between cluster should be used to allocate

groups. However, only in the paper by Bosniuk, where a

dendrogram is provided, we can find that the author used

the Euclidean distance and the Ward’s method (Боснюк,

2010). Two other studies just mentioned preliminary hier-

archical and further k-means clusterings.

In the study where the largest number of clusters

was selected (18 groups) the author proposed a mea-

sure of where data can be recreated from the clusters as

a criterion for selecting the number of groups, namely,

matching correlations between variables of raw data and

correlations between the estimated centroids of clusters

(Виноградов, 2013).

One of the authors tried to find three clusters in data,

but one group was too small, so he identified only two clus-

ters instead (Рафа, 2012). Another article reported that

the number of clusters was identified according to mini-

mal number of k-means iterations (Зотова, 2012). Grys

reported that she experimented with the data to identify

the number of clusters, but did not specified the content of

such experiments (Грись, 2014).

The general trend is that with increasing sample size,

researchers tend to choose a larger number of clusters

(Spearman’s ρ(37) = .343, p ≤ .05). Figure 2 shows box-
plots of the sample sizes distribution depending on the

number of clusters. The four studies with 5 or more clus-
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Table 2 The number of clusters in the works in the sample

Number of clusters 2 3 4 5 7 18

Number of studies 12 13 10 2 1 1

Percent of studies 30.8% 33.3% 25.6% 5.1% 2.6% 2.6%

ters are not presented on the plot.

Selection of Variables and Data Preprocessing

Usually, Euclidean distance is used as a measure of the dis-

tance between objects. It is important to take into account

the following consequent restrictions. The use of this met-

ric is useful when:

• observations are taken from the population, with mul-

tivariate normal distribution, the variables are mutu-

ally independent and have the same variance;

• variables are homogeneous in theirs physical meaning

and are equally important for classification;

• all variables have the same units of measurement

(Дубров, Мхитарян & Трошин, 2003).

In addition, most algorithms do not give successful re-

sults in case of «bridges» between clusters or in case clus-

ters are not spherical (Дубровская & Князев, 2011), that is,

when there are many objects that are located between two

groups.

Because of these problems, a researcher has to pro-

vide exploratory data analysis and make the following de-

cisions:

• deleting outliers if any (including multidimensional

outliers);

• standardizing or weighting the data to provide «identi-

cal» units of measurement;

• dealing with correlated variables – change the vari-

ables included in the analyses or use data reduction.

Direct application of k-means clustering on raw data

can lead to the situation when the variables with higher

range or standard deviation may be decisive for classifi-

cation (Завгородня & Арсеньєв, 2014). However, the de-

cision about outlier removal must be carefully considered.

In some situations, outliers can belong to subgroups, which

merely are not represented enough in the sample (Ким et

al., 1989).

None of the considered publications in the sample re-

ported presence or absence of outliers.

Since in many applications of k-means clustering, and

especially in psychology, variables describing the object

are measured in different units, a common practice is to

standardize the variables. Often, calculation of the Z-score

is used, more rarely variants of the transformation by the

deviation from the median or by the range of data are pre-

sented (Everitt et al., 2011; Буреева, 2007). Standardiza-

tion of variables assumes that “the importance of a vari-

able decreases with increasing variability” (Everitt et al.,

2011, p. 67) and the effects of each variable on the clus-

tering can vary from one data set to another (Ким et al.,

1989).

There is no unambiguous position on the variable stan-

dardization. In 1996, Schaffer and Green conducted a

study on ten real data sets and showed that data should not

be standardized in any way. In 2004, Steinley criticized the

study, showing that the results are unreliable because the

real structure of the data sets was unknown to researchers,

and indicated that the optimal scale is standardization on

values range (as cited in Steinley, 2006, p. 11).

Among the studies in the sample, we found only three

which clearly reported the use of data standardization, but

no justification was provided (Боснюк, 2010; Бунас, 2012,

2014).

The last question with regard to the preliminary data

processing is the absence of highly correlated variables.

Such variables will excessively affect the clustering solu-

tion (Mooi & Sarstedt, 2011). During the calculation of the

objects similarity, this leads to reweighting of the variables,

and their influence will be equivalent to a single variable

having been enlarged several times (Ким et al., 1989). A

Common solution is preliminary data reduction using prin-

cipal component analysis (PCA) or the exploratory factor

analysis (EFA).

Nevertheless, Dolnicar and Grün (2008) indicate that

such data transformation leads to other problems:

• the obtained clusters are based on the transformed

variables, and there is no guarantee that the next set

of data reflect the same principal component structure;

• the transformation implies the loss of the initial data

variance, which may lead to distorted solutions;

• elimination of groups of variables with small factor or

component loads can lead to loosing of important in-

formation about the niche segments of the data;

• interpretation of the clustering solutions can be diffi-

cult.

Three papers in the sample reported preliminary trans-

formation of data (Бєлiкова, 2012; Меднiкова, 2013;

Нахабiч, 2013). Such practice is observed in studies with

large samples (1704 and 1800 respondents – in the papers,

which reported sample sizes).
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Selection of Initial Cluster Centers

The result of k-means clustering can also be determined

by the choice of initial cluster centers. The untoward

choice of them can lead to a suboptimal clustering solution

(Михалевич & Примина, 2006).

There are different possible solutions to that problem:

• to appoint initial cluster centers on the basis of existing

knowledge and theories;

• to use centers of hierarchical clustering partitions as

initial centers (Daniel & Goldstein, 2013). In case of a

large amount of data, this method is not optimal com-

putationally;

• to limit the choice of initial centers to areas with high

density of data (Steinley, 2006);

• to reassign initial cluster centers using the bootstrap

procedure (Everitt et al., 2011);

• to randomly assign K cluster centers or make a large

number of random partitions (over 5000 as recom-

mended by Steinley, 2003) into K groups, then on the

basis of such partitions define initial cluster centers

and select the partition, which will provide the mini-

mum value of a specific criterion (Abonyi & Feil, 2007;

Everitt et al., 2011).

None of the papers in the sample consider the question

of the choice of initial cluster centers.

Differences in Algorithms and the Use of Various Soft-
ware

After data preprocessing, a researcher must select an al-

gorithm for k-means clustering. The Publication Manual

of the American Psychological Association (2009) recom-

mends to give the proper name of the software used along

with the version number in text. And this is important

given that different software applies various algorithms of

k-means clustering by default:

• IBM SPSS package uses the Lloyd algorithm by default

and chooses the first k elements as the initial cluster

centers (Technote (troubleshooting), n.d.);

• Statistica uses the Lloyd algorithm by default and se-

lects the first k elements of the data set as the initial

centers (STATISTICA Help, n.d.);

• SAS has a function FASTCLUS (the implementation of

the McQueen algorithm) and PROC FASTCLUS (the im-

plementation of the Hartigan andWong algorithm); the

initial centers are selected with decreasing density of

the data (SAS Institute Inc., 2009);

• Mathematica has a function FindClusters, which im-

plements an alternative clustering algorithm, called K-

medoids. This algorithm is equivalent to the Forgy and

Lloyd algorithm, but it uses objects from a set of data as

the cluster centers rather than the arithmetic mean of

cluster objects (Morissette & Chartier, 2013);

• the function «k means» in Matlab uses a serial algo-

rithm in the first phase, and then applies an iterative al-

gorithm in the next phase (Morissette & Chartier, 2013);

• the library Scikit-learn for the Python programming

language applies the Lloyd algorithm and the initial

cluster centers are determined by a special algorithm

«k-means++», which speeds up the convergence (Pe-

dregosa et al., 2011);

• the statistical programming language R has the func-

tion «kmeans», which uses the Hartigan-Wong algo-

rithm by default), the initial cluster centers are selected

randomly.

None of articles in the sample directly mentioned spe-

cific k-means algorithm. Among the observed papers of the

sample there are only two (5.6%) which reported the use of

the statistical programming language R, three (8.3%) – use

of Statistica and ten cases (27.8%) – use of SPSS. 58.3% of

the publications did not report any software or specific al-

gorithm used to implement k-means clustering.

Analysis of the Results of K-means Clustering

After application of k-means clustering, the Ukrainian psy-

chologists investigated the peculiarities of the obtained

groups. Usually they formulated a number of hypotheses

about the equality of the estimated parameters in groups

and applied relevant statistical tests. Table 3 shows the dis-

tribution of commonly applied methods.

As you can see, most researchers have published the

values of the obtained centers of clusters or present the

plots of centroids. In most cases, the study ends with

reporting significant differences between the centers of

the obtained clusters. All variables including those which

were used for clustering are compared and the differences

found are reported. Frequently the scientists used para-

metric statistics (the Student’s t-test, ANOVA), but did not

provide information whether the data met the require-

ments of those tests or correction for multiple compar-

isons, which leads to an underestimation of the likelihood

of the type I statistical error.

Also, not all the papers raise the issue of validation of

clustering solutions.

It is important to realize that there are situations when

data have no natural groups (structure), and then output

of k-means algorithm can be a meaningless artifact (Xu &

Wunsch, 2008). Since a researcher usually has no prior

knowledge about the real structure of the data, there is a

danger of accepting any clustering solution, even if there

are no «real» clusters in the data (Everitt et al., 2011). In

order to avoid subjective assessment of a «reality» of clus-

ters, statistical tests can be used (Daniel & Goldstein, 2013).

Evaluating clustering solutions can be viewed in terms of
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Table 3 The number of papers with different statistical methods for the analysis of clustering solutions

Method The number of papers % of papers

Descriptive statistics (mean, standard deviation, etc.) 30 83.3%

Student’s t-test for validation of a clustering solution 18 50.0%

Analysis of variance (ANOVA) for validation of a clustering solution 12 33.3%

Phi coefficient for validation of a clustering solution 3 8.3%

Mann–Whitney U test for validation of a clustering solution 2 5.6%

Kruskal-Wallis H Test for validation of a clustering solution 1 2.8%

The application of factor analysis to the results of clustering 1 2.8%

reliability and validity of the clustering solution, where the

first term refers to the stability and reproducibility of the

solution, and the second term refers to the assessment of

whether there is a real structure in the observed data or

not.

Reliability is closely related to the stability of the solu-

tion over time, and it can be assessed by carrying out a sim-

ilar study, repeated after a period of time (Mooi & Sarstedt,

2011).

Nevertheless, there are recommendations about as-

sessment of the current result. For example, If the data set

is sufficiently large, it can be randomly divided into two

parts and each subsample must be clustered separately

with the same parameters of clustering (Mooi & Sarstedt,

2011).

Some papers recommend to use various clustering al-

gorithms on the data or other distance measures and select

the algorithm that shows the most stable solutions (includ-

ing the use of k-means as well as hierarchical cluster anal-

ysis; Mooi & Sarstedt, 2011; Дубровская & Князев, 2011).

This approach is possible, but it can be misleading since

each of the cluster analysis algorithms not only reveals the

structure of the data, but also adjusts the data under cer-

tain predefined model (Вэн, 1980).

We did not find any authors checking the reliability of

clustered solutions in the sample of papers.

With regard to assessing the validity of a clustering so-

lution, it is possible to use external and internal criteria.

Their meaning is disclosed in relation to the data used for

validation - in the first case, the data that were not used in

clustering is used for validation of clusters, in the second

case – the data which were used in the partition are used

again for validation.

Given an existing set of data and the obtained cluster

structure, the external criterion compares the clustering

solution with a predetermined structure based on the a

priori information (Xu & Wunsch, 2008). For such infor-

mation, you can use the structures obtained from expert

opinions. Another path it to use an external variable that

has not been used in the cluster analysis, but which is theo-

retically linked to variables used in clustering. There must

be significant differences between the groups concerning

this variable (Mooi & Sarstedt, 2011).

We found the application of external criteria in various

forms in 16 scientific publications of the sample. Most of

them estimated the statistical differences between the clus-

ters based on the results of psychological tests that were

not used in the partition of the groups into clusters.

The internal criterion evaluates the cluster structure

solely on the raw data used for clustering, without any ex-

ternal information. However, without a prior information

on the presence of the structure in the data, the concept

of the «lack of structure» in the dataset is not clear (such

«lack of structure» can be one of the possible null hypothe-

ses) and it does not define what should be used as a test to

determine the presence of this structure (Ким et al., 1989).

Jane and Dubes proposed to apply statistical hypothe-

sis testing, in which the null hypothesis, which states that

the data has no structure or that the structure in the data is

random. They identified the following three null hypothe-

ses:

1. The hypothesis of a random position. H0: All accom-

modation ofN points of the data in a particular region
of the n-dimensional space are equally possible.

2. The hypothesis of a random graph. H0: AllN ×N ma-
trix of similarity are equally possible.

3. The hypothesis of randomness of a cluster assignment.

H0: All rearrangement of clusters on N objects are

equally possible (cited by Xu &Wunsch, 2008).

The same authors noted that reasonable alternative hy-

potheses have not yet been developed, and mathemati-

cally useful definition of a «cluster structure» does not exist

(Ким et al., 1989).

In practice, basic data distribution for the null hypoth-

esis is created using statistical sampling techniques like

Monte Carlo simulation and bootstrap. Such a basic allo-

cation allows to determine a critical value of a statistical

criterion which will be compared with some index of va-

lidity calculated on the real data (Xu & Wunsch, 2008).

For example, SAS uses an approach called Cubic Clus-

tering Criterion (CCC) which compares the explained vari-

ance of the obtained clustering solution with the sum of ex-
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plained variance of clustering solutions obtained by clus-

tering uniformly distributed data in the space with the

same number of measurements (Daniel & Goldstein, 2013).

Another option is the application of discriminant anal-

ysis on the results of cluster analysis. This approach pro-

vides visualization of solutions in the canonical indepen-

dent axes, allows to see the number of objects that have

been properly reclassified into groups based on the dis-

criminant analysis algorithm, and also provides an alter-

native way to classify new objects (Daniel & Goldstein,

2013).

In the sample of articles, we found a widely used prac-

tice of applying an analysis of variance (ANOVA, MANOVA)

for assessing cluster validity. We are to remind that the use

of the Student’s t-test was found in half of the papers and

the analysis of variance in one-third of the papers.

Also such validity checks are proposed in a number of

textbooks (Mooi & Sarstedt, 2011; Буреева, 2007; Пiстунов,

Антонюк & Турчанiнова, 2008). Furthermore, it is pro-

posed to exclude the variables among which significant

differences are not revealed from clustering (Пiстунов et

al., 2008). ANOVA can be applied to any solutions given k-

means clustering. The procedure is becoming popular be-

cause its results are always highly significant (Ким et al.,

1989). Also we assume that the spread of such a practice

was due to typical reports produced as the result of clus-

tering by modern statistical software.

In particular, the output of k-means clustering in Statis-

tica displays the results of ANOVA which tests differences

between clusters (Буреева, 2007). SPSS also provides an

opportunity to request the analysis of variance (IBM SPSS

Statistics Base 22, n.d.). Here we note that the documen-

tation for both programs clearly indicates the limitations

of this method. The documentation of Statistica describes

k-means clustering as «a procedure reverse to the analy-

sis of variance (ANOVA)» (STATISTICA Help, n.d.) and the

User Guide of IBM SPSS clearly states that the provided

F-statistic is subsidiary and its relative size only informs

about the role of each variable in the process of the data

partition (IBM SPSS Statistics Base 22, n.d.). In other words,

the goal of k-means clustering is to create groupswhich dif-

fer from each other and have the minimal in-group vari-

ance, so it is not surprising that k-means clustering pro-

duces groupswith small standard errors formost variables

and statistical tests show high levels of significance.

In 1989, Kim et al. proposed to use the Monte Carlo

method to justify clusters reliability. A researcher needs

to generate a random dataset with the basic features cor-

responding to the characteristics of the actual data, but

which does not contain clusters (in particular, generated

data should inherit means, standard deviations and corre-

lation matrix between the original variables). Then, the

actual and the generated data sets are used with the same

clustering algorithms and both solutions are compared by

appropriate methods (Ким et al., 1989). On the sets of gen-

erated data which do not contain clusters, the critical value

of F-test may be calculated, i. e. theremust be a valuewhen

the probability of obtaining the same or higher values of

the criterion in the absence of clusters in the data would

not exceed 5%. With this approach, the critical value of the

F-test for the final clustering solution will be quite differ-

ent from the critical value obtained only with the number

of degrees of freedom.

Discussion

In the study, we carried out an overview of a sample of sci-

entific publications in the field of psychology which used k-

means clustering. It shows that most papers do not contain

an adequate description of the method application that

would allow to clearly reproduce these studies. Also, many

studies do not estimate the validity of the obtained clus-

tering solutions. We provided an analysis of the literature

and an overview of the modern software products which

implement popular algorithms of k-means clustering. On

the basis of this work we recommend to improve k-means

application in scientific psychological studies with the fol-

lowing steps:

1. Advantages and disadvantages of k-means clustering

should be reconsidered regarding research design and

obtained data.

2. A required sample size based on the number of vari-

ables that will be used in clustering must be planned in

advance.

3. The procedures for selecting the number of clusters

must be clearly specified.

4. The results of the exploratory data analysis and the de-

scription of raw data should be included in the paper.

All the data preprocessing or lack of it must be men-

tioned.

5. It is necessary to exactly specify what software and

which version of it was used in calculating the results

of clustering. Also, default settings or all additional set-

tings of the algorithmmust be reported. If a researcher

implemented an algorithm on his/her own, he/shemust

clearly indicate what specific algorithm was used and

what the procedure for selecting the initial cluster cen-

ters was.

6. It is necessary to not only carry out a meaningful inter-

pretation of the differences in the clusters, but also to

assess the reliability and validity of the clustering solu-

tions.

Given the fact that k-means clustering is becoming

more widely used in modern psychological studies, these

recommendations may be useful in future works.
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