COMPUTER RESEARCH AND MODELING
2020 VOL. 12 NO. 6 P. e1501-e1513 KM&M
DOI: 10.20537/2076-7633-2020-12-6-1501-1513

MODELS OF ECONOMIC AND SOCIAL SYSTEMS

UDC: 519.237.8

Assessing the validity of clustering of panel data
by Monte Carlo methods (using as example the data
of the Russian regional economy)

I. L. Kirilyuk'*, O. V. Senko’

!Institute of Economics, Russian Academy of Sciences,
32 Nakhimovskii pr., Moscow, 117218, Russia

? Federal Research Center Computer Science and Control, Russian Academy of Sciences,
44/2 Vavilova st., Moscow, 119333, Russia

E-mail: *igokir@rambler.ru

Received 04.05.2020, after completion — 02.09.2020.
Accepted for publication 18.09.2020.

The paper considers a method for studying panel data based on the use of agglomerative hierarchical clus-
tering — grouping objects based on the similarities and differences in their features into a hierarchy of clusters
nested into each other. We used 2 alternative methods for calculating Euclidean distances between objects — the
distance between the values averaged over observation interval, and the distance using data for all considered
years. Three alternative methods for calculating the distances between clusters were compared. In the first case,
the distance between the nearest elements from two clusters is considered to be distance between these clusters,
in the second — the average over pairs of elements, in the third — the distance between the most distant ele-
ments. The efficiency of using two clustering quality indices, the Dunn and Silhouette index, was studied to se-
lect the optimal number of clusters and evaluate the statistical significance of the obtained solutions. The method
of assessing statistical reliability of cluster structure consisted in comparing the quality of clustering on a real
sample with the quality of clustering on artificially generated samples of panel data with the same number of
objects, features and lengths of time series. Generation was made from a fixed probability distribution. At the
same time, simulation methods imitating Gaussian white noise and random walk were used. Calculations with
the Silhouette index showed that a random walk is characterized not only by spurious regression, but also by
“spurious clustering”. Clustering was considered reliable for a given number of selected clusters if the index
value on the real sample turned out to be greater than the value of the 95% quantile for artificial data. A set of
time series of indicators characterizing production in the regions of the Russian Federation was used as a sample
of real data. For these data only Silhouette shows reliable clustering at the level p < 0.05. Calculations also
showed that index values for real data are generally closer to values for random walks than for white noise, but it
have significant differences from both. Since three-dimensional feature space is used, the quality of clustering
was also evaluated visually. Visually, one can distinguish clusters of points located close to each other, also dis-
tinguished as clusters by the applied hierarchical clustering algorithm.
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B pabote paccmarpuBaeTcss METO MCCICIOBAHUS MMAHEIBHBIX JaHHBIX, OCHOBAHHBIN HAa UCIIOJBE30BAaHUH
arJIOMEPAaTUBHON MEPAPXUYECKOH KITacTepU3allii — TPYIITUPOBKHA 00BEKTOB HA OCHOBAHHH CXOJICTBA M Pa3JIv-
YW UX MPU3HAKOB B HEPAPXUIO BIIOKEHHBIX APYT B OpyTa KiIacTepoB. [[puMEHSITHCH 2 albTepHATHBHBIX CIIOCO-
0a BBIYMCIICHHUS CBKIMIOBBIX PACCTOSIHUN MEXIy 00BEKTaMU — PACCTOSHHSA MESKIY YCPEOHEHHBIMH 0 MHTEP-
Baly HaOJIOJCHUH 3HAUEHWSMH M PACCTOSHHS C HCIOJB30BAHMEM MAHHBIX 32 BCE PAcCMATPHUBACMEIC TOJIBI.
CpaBHHBAIHCH 3 aTbTEPHATUBHBIX METO/a BEIYMCICHUS PACCTOSHUI MEXIy KiIacTepamu. B mepBom ciydae Ta-
KHM PacCTOSTHUEM CUHTAETCS PACCTOSHUE MEXIY ONMKAMITIMU 3JE€MEHTaAMH U3 IBYX KJIACTEPOB, BO BTOPOM —
CpeIHee MO mapaM 3JIEMEHTOB, B TPEThEM — PACCTOSHUE MEXIy HamboJiee yIaleHHBIMHU 3JeMeHTamu. Mccie-
JoBaHa 3(pPEeKTUBHOCTh UCIOJIb30BAHMS JBYX MHICKCOB KaueCTBa KiiacTepusaiuu — uHaekca [Janna u CunysTta
JJISA Bbl60pa OIITUMAJIBHOI'O 4YHuCJia KHaCTepOB U OLICHKU CTaTPICTPI'-IeCKOﬁ 3HAYUMOCTHU l'[OJ'Iy‘leHH])lX pemeﬂnﬁ.
Crioco6 olleHUBaHMS CTATUCTHYCCKON TOCTOBEPHOCTH KJIACTEPHOM CTPYKTYPHI 3aKJIFOYAJICS B CPABHEHUM Kade-
CTBa KJIACTEPH3AlliH, HA PEalbHOW BBIOOPKE C KAYeCTBOM KJIACTEPU3AIlNil HA HCKYCCTBEHHO CTEHEPHUPOBAHHBIX
BBIOOpKAX MaHEIBHBIX JAHHBIX C TEMH XK€ CAMBIMH YHCIOM OOBEKTOB, MIPU3HAKOB W JUTHHOW psnoB. ['eHepanus
MPOU3BOIMIIACH U3 (PUKCHPOBAHHOTO BEPOSITHOCTHOTO pacmpesiesicHus. Ccmoib30BaINCh CIIOCOOBI CUMYIISIIHH,
UMHUTHPYIOIINE TAaycCOB OENBI MIyM W ciydaifHoe Omykmanue. Pacders! ¢ mHmekcom CHIIy3T MOKa3aid, 9TO
ciydaifHoe Oy)KIaHWe XapaKTepH3yeTcsl He TOIBKO JIOKHOW perpeccueii, HO M JIOXKHOH kimactepm3anueii. Kia-
cTepu3aIysl MPUHUMAIACh JOCTOBEPHOH /ISl JAHHOTO YHCIIa BBIJISTICHHBIX KJIACTEPOB, €CIIM 3HAYEHHE MHJEKCA
Ha peasbHOH BBIOOPKE OKa3bIBAJIOCH Ooibine 3HadeHUs 95%-HOTO KBaHTWIS U MCKYCCTBEHHBIX JTaHHBIX.
B kadectBe BBHIOOPKH peanbHBIX JaHHBIX HCIOJIB30BaH HAOOp BPEMEHHBIX PSIOB ITOKa3aTeliel, XapaKTepu3yro-
IIMX MPOU3BOJICTBO B POCCUMCKUX pernoHax. JlJist STUX JaHHBIX TOJbKO CHITy3T MOKa3bIBaeT JOCTOBEPHYIO Kila-
cTepusaiuio Ha ypoBHe p < 0.05. Pacuersl Takke mokas3aiu, 4yTO 3HAYCHHS WHICKCOB JUIS PEalibHBIX TAHHBIX
B IICJIOM 6.]'[[/1)1(6 K 3HAQUCHUAM HJIA Cﬂy‘{aﬁHbIX 6ny>1<)1aH1/1171, yeM Jisd 6enoro myMa, HO UMCHKOT 3HAYUMBIC OTJIU-
YU M OT TeX, U OT IPYTruX. BU3yallbHO MOXKHO BBEIIEIHUTH CKOIUICHHUS OJM3KO PACIIOIOKEHHBIX JAPYT OT Apyra
B TPEXMEPHOM MPU3HAKOBOM IPOCTPAHCTBE TOYCK, BHIICISICMBIC TaKKE B KaUSCTBE KJIACTCPOB MPUMEHSIECMBIM
AITOPUTMOM HEPAPXUICCKON KIIaCTePHU3aALIUU.
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1. Introduction

In many fields of knowledge, researchers are dealing with sets of time series, or panel data,
grouped into subgroups based on some characteristic. Sometimes such a division of a set of time series
into subgroups is not initially obvious, and its identification is the subject of interest of researchers.
In this case, the problem of clustering time series arises [Liao, 2005; Aghabozorgi et al., 2015;
Ivakhnenko et al., 2007]. Some publications also consider the problem of clustering panel data, for
example, in [Kapetanios, 2006; Niu, 2012]. Traditional approaches in the analysis of panel data
are largely focused on testing hypotheses about the equality of coefficients in panels; the task of clus-
tering them is rarely posed, although in some cases it can provide more detailed essential information.
And ignoring the cluster data structure can lead to incorrect statistical conclusions when studying
them.

An important factor in clustering tasks is the assessment of its quality and reliability. To assess
the quality of clustering, a variety of indices have been proposed (the literature contains lists of dozens
of such indices [Halkidi et al., 2001; Charrad et al., 2014; Sivogolovko, 2011]). These indexes allow
you to compare different clustering options. With their help, it is determined, the division into what
number of clusters in the investigated volume of the feature space gives the most reliable and pro-
nounced grouping. However, they do not allow directly drawing a conclusion about the reliability of
the solutions obtained. There are various approaches to assessing the reliability of clustering. For ex-
ample, a conclusion about its reliability can be made based on the opinion of experts or if clustering
results corresponds to the values of some external factors that are not used in clustering. One of the
important ways to establish the reliability of clustering is to evaluate its statistical significance in the
sense of the probability of accidentally refuting the null hypothesis of the absence of clustering. Veri-
fication is an important element of scientific research. Lack of verification, or its incorrect implemen-
tation, can lead to unreasonable and often false conclusions. This statement should undoubtedly apply
to all methods of searching for patterns in data, including clustering.

In order to meaningfully interpret the effects associated with clustering, it is necessary to make
sure with an acceptable degree of confidence that they exist, that the data is concentrated in several
separated areas of the feature space (that is, that the probability of matching the data with the null
hypothesis, which implies the generation of all data from one and the same uniform or unimodal dis-
tribution that does not have a cluster structure, respectively, is small, for example, less than 0.05).
A description of null hypotheses used in validation of clustering results can be found, for example,
in [Gordon, 1996; Giancarlo, Utro, 2012].

A measure of the statistical significance of the assumption about the objective existence of clus-
tering, obtained on real data, can be the probability of accidentally reaching or exceeding the value of
the corresponding clustering quality assessment index over the values of the clustering quality assess-
ment indices obtained on the data generated under the condition of the null hypothesis.

In statistics, such probabilities are usually called p-values. One of the ways to estimate p-values
is the use of Monte Carlo methods, when the values of the test statistic on real data are compared with
the values of the test statistic on data sampled from the distribution in accordance with the null hy-
pothesis using random number generators. This approach is widely used to verify a variety of regres-
sion relationships. However, to verify the results of cluster analysis, random sampling is used in our
opinion much less frequently, especially in tasks with panel data. At the same time, such tasks have
significant specificity associated with the ambiguity of the choice of the null hypothesis.

In particular, the null hypothesis may consist in the fact that all considered time series for each
feature are implementations of some random process with the same characteristics (mean, variance,
series length, etc.). In this case, the time series actually form one cluster, and the identification of
a larger number of clusters is an artifact.

This study demonstrates the verification methodology by a number of alternative ways of exist-
ence of more than one cluster in the data on the example of studying a set of regions of the Russian
Federation in the space of features characterizing their production functions. The choice of the exam-
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ple is due to the fact that earlier the authors used a similar methodology to study the production func-
tions of Russian regions [Kirilyuk, Senko, 2020].

In the works of a number of researchers, for example, in [Aivazyan et al., 2016; Bakhitova et al.,
2014; Magomadov, Shamilev, 2014] and in many others, there are options for classifying and cluster-
ing Russian regions into groups using production functions, or sets of some economic indicators.
Examples of publications where hierarchical clustering is used for these tasks is [Nizhegorodtsev,
Goridko, 2014; Sibukaev, 2019]. Interest in this topic is justified by the fact that the identification of
sufficiently reliable clusters allows for more correct statistical calculations, and also involves further
research to identify the mechanisms that led to their occurrence, which can increase the accuracy of
forecasts. For regions from one cluster, it can be useful to develop common recommendations, devel-
op common programs for balanced development.

Our approach allows us to give a mathematical assessment of the validity of the division of re-
gions into clusters when they are produced on the basis of sets of quantitative features.

In publications examining a set of economic objects, in our opinion, the following approaches to
the use of cluster analysis can be distinguished:

1) objects are considered without taking into account their heterogeneity;

2) objects are divided into groups, but without the use of cluster analysis;

3) cluster analysis is carried out, but the quality of the resulting clustering is not assessed using

the appropriate indices;

4) the quality of clustering is assessed using the appropriate indices, but the problem of assessing
the probability of accidental occurrence of high values of indices (which can be considered as
false clustering) is not solved;

5) cluster analysis is carried out, clustering quality indices are calculated and the probability of
random occurrence of the resulting values is estimated.

Our experience says that the number of publications that can be matched to the item numbers of

the above list significantly decreases with the growth of the number.

2. Used data

We have made an assessment of the cluster structure in the space of indicators for 79 regions of
the Russian Federation, for which there is the required data set for the period under consideration
[Regiony Rossii..., 2017] (based on data for 1996-2014). The panel data used (the same that we used
earlier in the aforementioned article [Kirilyuk, Senko, 2020] to construct the production functions of
regions) include indicators: ¥ — gross regional product, / — investment in fixed assets, L — average
annual number of people employed in the economy multiplied by the average monthly nominal gross
wages employed in the economy. The values were brought to constant prices (a procedure that
eliminates the distorting effect of inflation) using consumer price indices. All used features were
logarithmized. The average values of the time series of indicators, their variances, trends and other
similar characteristics form three-dimensional spaces, which makes it possible to visually assess their
cluster structure.

3. Clustering methods

Clustering methods are divided into non-hierarchical, typical of which is, for example, the
k-means method, and hierarchical. The authors use agglomerative hierarchical clustering, when, as
a result of the work of the corresponding algorithm, a hierarchy (tree) of nested clusters is created. The
advantage of hierarchical clustering over alternative approaches is that when using it, you do not need
to make a priori assumptions about the number of clusters.

There are a number of metrics that characterize the distance between time series (for example,
dynamic time warping, Manhatton distance, etc.). In this article, for data characterizing objects that
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develop almost synchronously in time and constitute a relatively short time series, the authors pre-
ferred to use the Euclidean metric. There are two alternative approaches using the Euclidean metric.

1. Calculation of the time average values of the series and the subsequent application of the clus-
ter analysis algorithm to them. Clustering is performed in a space of three features, which are the aver-
age values over the observation interval of the indicators Ln (Y), Ln (I), Ln (L). The distances between
regions i and j are calculated in this case by the formula:

dy; = Z(fm‘fw)z ; )

p=l

where the bar over x;,, x;, means the time averaging of the values of the indicators Ln (Y) for p = 1,
Ln (I) for p =2, and Ln (L) for p =3 for these regions.

2. Calculation of distances between three-component time series using the differences of their
values for all 19 years of the considered observation period and clustering using these distances:

319 1/2

dxz_'j = Z (xjpt — Xipt )2 5 ()

p=1 t=1

where x;,,, x;,; are the values of the features of the i-th and j-th regions in the year ¢.

There are a number of alternative methods for determining the inter-cluster distance in agglomer-
ation. In this work, three methods were used: “complete”, “average”, “single”, where the distance be-
tween clusters is defined as the distance between the most distant elements of two clusters, the average
distance between all pairs of elements and the distance between the closest elements. Algorithms
“complete” find more compact clusters, and “single”, on the contrary, clusters of complex shape,

elongated, and they are more sensitive to noise.

4. Indexes for assessing the quality of clustering

Of the many existing indices for assessing the quality of clustering, we have selected for research
(as the most popular) two: Dunn's index [Dunn, 1974] and Silhouette [Rousseeuw, 1987].

The Dunn index is used here in its original version (there are a number of its modifications) and
is determined by the formula:

' d(cl‘ac )
D= MIN; e i) { ; }’ ;

max; . diam(c; )

where d is the distance between clusters ¢;, ¢;; diam(c;) — maximum distance between elements of one
cluster.

The silhouette of the entire cluster structure (Silhouette Width Criterion — SWC) is determined
by the formula:

N,

X

1
swe = N—Z Sy (4)

x =1

as divided by the number of elements in the clustered set N, the sum of the Silhouettes of each indi-
vidual element, determined by the formula:

b.—a.
_ yZ yZ (5)

¥ max(apj ,bp].) ’
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where a,, is the average distance from an object to other objects in its cluster, b,, is the average dis-
tance from an object to other objects in the nearest other cluster.

For Silhouette (4)—(5), as well as for Dunn's index (3), the rule is fulfilled: the higher the cluster-
ing quality for a given number of clusters, the higher the index value.

5. Method for assessing the statistical significance of clustering

Let us describe the algorithm used in this article for assessing the reliability of clustering using
Monte Carlo methods. Pseudosamples are generated to simulate Ln (Y), Ln (1), Ln (L) (independently
of each other). They correspond to two variants of the null hypothesis about the absence of clustering,
or, which is the same, about the existence of one single cluster. There are 2 options for generating
pseudo-samples with the row length equal to the length of the rows of the used real data (5000 pseudo-
samples each):

1) rows defined by the formula:

X

=€

z (6)

where ¢, is the white noise iid with a normal distribution, the length of the series, the mean values and
variances of the process realizations are taken equal to the regionally averaged values of the real inves-
tigated time series of features;

2) rows defined by the formula:

X1 =% ey, (7

which have the property of stochastic nonstationarity, can demonstrate the effect of false regression
[Granger, Newbold, 1974] and are referred to as random walk processes. The initial values for them
are generated from normal distributions with mean values and variances equal to the averaged mean
values and variances for the aggregates of real data, the length of the series and the variance of the in-
crements are equal to the corresponding regional-averaged values for the real series of features, the
average value of the increments is zero. Random walks based on the results of a number of studies, for
example, [Nelson, Plosser, 1982], describe many time series of economic data much better than sta-
tionary processes such as white noise.

The resulting pseudosamples, like real data, are investigated by the methods described above for
assessing the quality of clustering.

For each of the described clustering options, as a result of calculations, graphs of the dependence
of the values of the used indices for assessing the quality of clustering on the assumed number of clus-
ters were obtained.

On each graph of the dependence of the index on the number of clusters, 7 types of data are plot-
ted: the medians of the values of the indices and the boundaries of their confidence intervals at the 5%
level for simulations with white noise and random walks, as well as indices corresponding to real data.

The reliability of clustering is estimated by comparing the values of the indices of real data with
appropriate index quantiles from the pseudo-samples used. For example, if the indices of the real data
are larger than the indices corresponding to the 95% quantiles of the pseudo-samples, the clustering is
assumed to be reliable at p = 0.05.

6. Results of calculations

6.1. Data visualization

Since the used feature space has only three dimensions, the cluster structure in it can be easily as-
sessed by direct visualization. In Fig. 1 shows three projections of a set of indicator values for all re-
gions for all the years under consideration (left graphs) as well as three projections of a set of indicator
values for all regions, averaged over the time interval used (right graphs).
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Fig. 1. Visualization of the cluster structure of Russian regions in the space of attributes Ln (Y), Ln (1), Ln (L)
with one of the options for dividing into 3 clusters, indicated by symbols of different colors

As seen from Fig. 1, the data are located on all plots along oblique lines (due to the significant
correlation between the considered features). At the same time, visually it is possible to distinguish
subgroups of points located somewhat apart from the rest, and perceived subjectively as clusters. Let's
evaluate the quality of clustering by calculating indices of real data and comparing them with indices
of simulations. The results of this assessment are presented below.

6.2. Clustering by distances calculated by formula (1)

In Fig. 2 shows the dependence of the Dunn index on the assumed number of clusters. The results
are presented only for the “average” and “complete” methods, since no qualitatively new effects were
revealed for the “single” method.

In Fig. 2 and similar figures below, on the left are the results of calculation by the “average”
method, on the right — by the “complete” method.

In Fig. 2 and in the following figures, the following symbols are adopted:

A — 250th in rank (that is, 95% quantiles), 2500th in rank (that is, median) and 4750th
in rank (that is, 5% quantile) values of the clustering quality assessment index for simulation by the
formula (6);

2020, T. 12, Ne 6, C. e1501—-e1513
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Fig. 2. Dependence of the Dunn index on the number of selected clusters for the case of clustering using dis-
tances (1)

x — 250th in rank, 2500th in rank and 4750th in rank of the value of the clustering quality as-
sessment index for simulation according to the formula (7);

e — real values of the index.

Fig. 2 that the values of the Dunn index, except for those corresponding to the small &, increase
for all types of data with an increase in the number of clusters. For the “average” method, the viola-
tion of the monotonicity of the growth of the index is more pronounced at small N. The values of the
index for simulations by formulas (6) and (7) almost merge on both graphs. The index values for real
data are nowhere above the upper bounds of the simulated confidence interval. However, in this case,
this should not be taken as an unambiguous indication that there is no data clustering. There are ex-
amples for the Dunn index when it does not distinguish clearly visible, but too close to each other,
clusters.

In Fig. 3 shows the dependence of the values of the Silhouette index on the assumed number of
clusters. The same patterns are seen as for the Dunn index: a gradual increase in the value of the index
except for the smallest N, the merging of values for simulations according to formulas (6) and (7). The
difference from the results for the Dunn index is that Silhouette, especially in the case of using the
“average” method, shows a significantly better reliability of clustering of real data in the area of
a small number of clusters.

0 10 20 30 40 50 60 70 8 0 10 20 30 40 50 60 70 80
N N

Fig. 3. Dependence of the Silhouette index on the number of selected clusters during clustering using dis-
tances (1)
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6.3. Clustering by distances calculated by formula (2)

In this case, the distances between time series of real data differ significantly both from the dis-
tances for simulations (6) and from the distances for simulations (7), as it is seen in the Fig. 4.

45

40

35}
30\
25
20
15

10 \\

——

5 ——

=

N

"

rank
0 500 1000 1500 2000 2500 3000 3500
Fig. 4. Rank distributions of distances d,, calculated by the formula (2)

0

In Fig. 4 shows the rank distributions of the distances between the three-component time series,
calculated by formula (2) for the following types of data (listed in the order of the ordinate from top
to bottom): real data, simulations by formula (7), simulations by formula (6). Fig. 4 demonstrate that
the distribution for real data differs significantly not only from the distribution for simulations (6),
but also from the distribution for simulations (7), which have an intermediate position in the range of
values.

In contrast to the simulation graphs in Fig. 2-3, Fig. 5, the Dunn index values for simulations (6)
and (7) are clearly separated from each other. Fig. 5 demonstrate that the curve of the index values for
real data lies much closer to the curves obtained for simulations (7) than to the curves obtained for
simulations (6), although in a significant number of cases it is below 5% quantile of simulations (7).

1.2 1.2
1 1
0.8]- 0.8
& 06| i S 0.6
0.4 0.4
02 "“” 0.2 [
%010 20 30 40 S0 60 70 so 0 10 20 30 40 50 60 70 80
N N

Fig. 5. Dependence of the Dunn index on the number of allocated clusters during clustering using distances (2)
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Fig. 6. Dependence of the Silhouette index on the number of selected clusters during clustering using dis-
tances (2)

Figure 6 shows the dependence of the Silhouette index values on the estimated number of clus-
ters for the clustering option using distances (2). Both plots demonstrate reliable clustering at small .
It is unexpected that, in contrast to the case shown in Fig. 5 the indices for random walks are higher
than those for white noise. This demonstrates that the application of clustering quality indexes to
weakly clustered time series and panel data requires some caution, since the behavior of the indexes
in this case may have nontrivial features that are not related to their purpose to assess the clustering

quality.

6.4. Correspondence between regions and clusters

For all the clustering options described above, it was tested how the regions are distributed across
two and three clusters. The following results were obtained:

When dividing into 2 clusters, Moscow and the Tyumen region are distinguished everywhere,
which correspond to two points relatively far from the rest in the upper left parts of the graphs in
Fig. 1. However, in cases using the “complete” method, the algorithm adds additional regions to their
cluster.

For the case calculated by formula (1), these are: Krasnodar Territory, Krasnoyarsk Territory,
Moscow Region, St. Petersburg, Sverdlovsk Region, Republic of Tatarstan.

For the case calculated by formula (2), in addition to the eight regions of the previous case, the
following are added to the cluster: Arkhangelsk Region, Republic of Bashkortostan, Chelyabinsk Re-
gion, Khabarovsk Territory, Irkutsk Region, Republic of Sakha (Yakutia), Kemerovo Region, Komi
Republic, Leningrad Region, Nizhny Novgorod Region, Novosibirsk Region, Omsk Region, Orenburg
Region, Perm Region, Primorsky Region, Rostov Region, Sakhalin Region, Samara Region, Saratov
Region, Stavropol Region, Volgograd Region, Vologda Region, Voronezh Region.

When dividing into 3 clusters, a cluster of regions appears in the lower left part of the graphs in
Fig. 1. It is common for all used clustering options. It includes the following regions: Republic of
Adygea, Republic of Altai, Chukotka Autonomous Okrug, Jewish Autonomous Region, Republic of
Ingushetia, Republic of Kalmykia, Karachay-Cherkess Republic, Republic of Tyva.

Thus, the results obtained using formulas (1) and (2) differ from each other only when using the
“complete” method. The “complete” method selects 2 clusters in a significantly different way than the
“single” and ““average” methods.

In all cases, plotting visually confirmed the adequacy of clustering. That is, even when the relia-
bility of clustering is not confirmed by indices (in our case, the Dunn index), the distribution of re-
gions by clusters can be generally recognized as adequate.
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7. Conclusion

As a result of the study of the quality of agglomerative hierarchical clustering of panel data char-
acterizing production processes in the regions of the Russian Federation by a number of alternative
methods, it was revealed that the calculated degree of clustering reliability significantly depends on
the indices used, the choice of the type of distances and methods for calculating the distance between
clusters. Let us formulate the most significant conclusions in our opinion with recommendations for
further research.

e When working with panel data, the possibility of their cluster structure is often not taken into
account. However, ignoring the cluster structure can lead to significant distortions in econo-
metric modeling.

e When processing data, one should not only find out the optimal partitioning of them into clus-
ters, but also establish its reliability.

e It is advisable to use a set of different indexes for assessing the quality of clustering,
and not be limited to any one index, so as not to come to false generalizations in the conclu-
sions.

e When choosing null hypotheses to test the quality of clustering of time series, it is necessary to
take into account the fact of their (non) stationarity, select null hypotheses about the absence
of clustering, corresponding to the nature of the studied time series. The nonstationarity of
time series can lead not only to false regression investigated by the authors, for example, in
[Kirilyuk, Senko, 2020], but also to false clustering. Not knowing the problem of false regres-
sion [Granger, Newbold, 1974] before K. Granger’s studies led to countless fake results. The
use of additional verification methods made it possible to limit the flow of such “results”. Tak-
ing into account the possibility of false clustering should increase the scientific significance of
cluster analysis as an evidence-based research method. Currently, this is primarily a explorato-
ry method.

e At the same time, the Silhouette and the Dunn indices give different answers to the question
which has more pronounced clustering — a set of realizations of white noise (6), or random
walks (7). In our opinion, this indicates a certain conventionality of the intuitive concept of
the “clarity” of clustering in cases when this clarity is weak. For data with a more pro-
nounced clustering, which corresponds, for example, to a significant excess of the distances
between clusters over their characteristic sizes, both indices in our calculations gave the ex-
pected peaks corresponding to the objective number of clusters.

o Using clustering indices, it is possible not only to assess the clustering quality of the tested set
of time series, but also to assess the degree of its compliance with alternative null hypotheses
(for example, make an assumption about whether the series are stationary).

e The investigated empirical dataset differs significantly by properties from both typical realiza-
tions of white noise (6) and from typical realizations of random walks (7).

e Using the Silhouette index confirms the presence of a reliable division of regions into
several clusters, which can also be assessed visually. Therefore, in our opinion, we can talk
about the presence of a cluster structure, although not very pronounced, for the considered
set of features that characterize production processes in the regions of the Russian Fede-
ration.

It is of interest to continue research using the approach described in the article with the joint use
of a larger number of indexes for assessing the quality of clustering, other sets of features, including
multidimensional ones, where checking the validity of clustering through visual assessment is dif-
ficult.

All calculations, the results of which are used in this article, were carried out using the R lan-
guage, in particular, the packages NbClust [Charrad et al., 2014] and TSclust [Montero, Vilar,
2014].
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