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Abstract: Electronic demography platforms describe each citizen by many administrative variables of differ-
ent kinds, and grouping citizens into a small number of interpretable segments is a natural basis for digital-
inclusion policy. The objective of this study is to develop and validate a clustering method for the mixed-type
digital demographic portrait, a ten-feature description (five continuous, one ordinal, one nominal and three
binary variables) produced by an earlier feature-selection stage of this research. Because the portrait mixes
measurement types, the standard k-means algorithm is inappropriate; we therefore base the analysis on the
Gower distance and compare partitioning around medoids, the k-prototypes algorithm, average-linkage hier-
archical clustering, and a one-hot k-means baseline. The number of segments is chosen with the silhouette
width and the Calinski-Harabasz and Davies-Bouldin indices, and stability is assessed by bootstrap resampling
using the adjusted Rand index. On 8,620 adults from a synthetic dataset, the validity indices and the stability
analysis support a three-segment solution. Partitioning around medoids on the Gower distance gives the most
balanced, interpretable and stable segmentation, whereas the k-prototypes and one-hot k-means baselines sep-
arate the segments less clearly. The three segments, an urban digitally-engaged group, a rural moderate-digital
group and an older low-digital group, show a clear gradient in e-service engagement (67, 56 and 45 per cent).
Because the data are synthetic, the results illustrate the method rather than describe a real population. The
pipeline provides a reproducible, mixed-type segmentation method for e-demography.

Keywords: e-demography; mixed-type clustering; Gower distance; partitioning around medoids; citizen seg-
mentation; digital divide.

Introduction grouping citizens into a small number of inter-
Governments increasingly link civil-registra-  pretable archetypes that can guide service design
tion, education, employment, social-protection,  and digital-inclusion policy.

health and digital-service records into integrated Effective segmentation requires two ingredi-
electronic demography platforms, which give a  ents. The first is a compact, validated description
continuously updated, person-level picture of  of each citizen. In a preceding stage of the pre-
the population [1,2]. The growth of these data  sent research programme, 83 administrative var-
sources has been described as a data revolution  iables were reduced to a ten-feature digital de-
for demography, with both opportunities and  mographic portrait using a redundancy-aware
methodological risks [3,4], and machine-learn-  feature-selection procedure: the features most
ing models are now applied to national demo-  informative about e-service engagement were
graphic data for prediction and profiling [5]. A retained, redundant variables and a deliberate
recurring need in this setting is segmentation:  negative control were screened out, and the

81


https://orcid.org/0000-0002-9114-9972
https://orcid.org/0009-0003-3524-8612

Farhad YUSIFOV, Elvin GURBANOV: Multi-parameter clustering of citizens in an electronic demography platform: a
mixed-type distance approach to the digital demographic portrait

ranking drew on the minimum-redundancy max-
imum-relevance principle [6]. The second ingre-
dient is a clustering method suited to that de-
scription.  Existing population-segmentation
studies in health and public administration often
apply clustering to a fixed variable set [7,8], and
digital-divide research consistently finds that
age, education and connectivity structure who
uses digital services [9-12]; yet the methodolog-
ical question of how to cluster a portrait that
mixes measurement types is rarely addressed di-
rectly.

This is the central difficulty. The portrait con-
tains continuous scores (internet access, digital
literacy), an ordinal variable (device richness), a
multi-category nominal variable (occupation)
and several binary indicators (urban residence,
pension status, social-media use). The familiar
k-means algorithm assumes Euclidean geometry
and equal-scale numeric inputs, so applying it to
one-hot-encoded categories distorts distances
and over-weights high-cardinality fields. Clus-
tering mixed-type data is a recognised challenge
with a dedicated literature [13], and it calls for
distance measures and algorithms designed for
heterogeneous variables.

The aim of this study is to develop and vali-
date a clustering method for the mixed-type dig-
ital demographic portrait, and so to provide the

core algorithmic component of a wider research
programme on multi-parameter clustering of cit-
izens in e-demography. Four objectives follow
from this aim. First, to define a principled dis-
tance and a set of candidate clustering algo-
rithms appropriate for mixed-type data. Second,
to determine the number of segments supported
by internal validity criteria. Third, to compare
the algorithms and characterise the resulting seg-
ments. Fourth, to assess how stable the segmen-
tation is under resampling. Because the analysis
uses synthetic data, every result is a property of
the generating process and illustrates the method
rather than describing any real population.

Methods

Data and the digital demographic portrait

The problem addressed first is to fix the input
on which clustering operates. The analysis uses
a probabilistically generated synthetic dataset of
10,000 individuals described by 83 administra-
tive variables; synthetic generation removes any
disclosure risk while preserving realistic distri-
butions and dependencies. Because minors are
not independent users of public services, the
clustering is performed on adults aged 18 and
over (n = 8,620). The ten portrait features and
their measurement types are listed in Table 1.

Table 1. The ten-feature digital demographic portrait used for clustering, by measurement type.

Feature Domain Measurement type Levels or range
Internet-access score Digital access Continuous 3-100
Digital-literacy score Digital access Continuous 3-100
Age Demographic Continuous 18-84
Daily internet use (hours) Digital access Continuous 0-9
Work experience (years) Employment Continuous 0-66
Device richness Digital access Ordinal 4 ordered levels
Occupation Employment Nominal 5 categories

Binary

Urban residence Household urban / rural

Pension status Social protection Binary pensioner / not

Social-media use Digital access Binary yes / no

These features were derived in the preceding
stage of the research programme rather than cho-
sen by hand: all 83 variables were ranked for
their relevance to e-service engagement using
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several complementary importance measures,
the rankings were combined in a redundancy-
aware way so that mutually correlated variables
were not all retained, and a deliberately inserted
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irrelevant variable (blood type) was screened out
as a negative control. The smallest feature set
that preserved the predictive information about
engagement, while still spanning the demo-
graphic, household, employment, social-protec-
tion and digital-access domains, was kept as the
portrait. E-service engagement, a binary indica-
tor of using at least one public e-service, is held
out of the clustering and used only afterwards to
interpret the segments and to perform a post hoc
consistency check. The conclusion of this step is
a clean, mixed-type, ten-dimensional description
of each adult.

Distance and clustering algorithms

The aim here is to cluster heterogeneous var-
iables without distorting their meaning. Dissim-
ilarity between citizens is measured with the
Gower coefficient, which handles mixed types
by combining a range-normalised absolute dif-
ference for numeric and ordinal variables with
simple matching for categorical variables, giv-
ing every feature a comparable contribution
[14]. On this distance we apply partitioning
around medoids (PAM), which represents each
segment by an actual citizen and is robust to out-
liers [15]. We compare three further methods:
the k-prototypes algorithm, which is designed
for mixed numeric and categorical data and op-
timises a combined numeric-and-matching cost
[16]; average-linkage hierarchical clustering on
the same Gower distance; and, as a deliberately
naive baseline, k-means applied to standardised
numeric features with one-hot-encoded catego-
ries. The numeric features are standardised and
the ordinal device variable is coded by its order.
For the distance-based methods, a fixed random
subsample of 3,000 adults was used to keep the
full distance matrix computationally tractable,
and the scalable methods were additionally run
on the complete adult dataset as a sensitivity
analysis. The conclusion is a panel of four algo-
rithms spanning distance-based, prototype-
based, hierarchical and naive approaches.

Choosing the number of segments and in-
ternal validation

The problem is to select the number of seg-
ments k without reference to any external label.
For k from 2 to 8 and for every algorithm we
compute the average silhouette width on the
Gower distance, which rewards partitions whose
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members are closer to their own segment than to
the nearest other segment [17]. Two comple-
mentary indices computed on the standardised
feature space, the Calinski-Harabasz ratio
(higher is better) and the Davies-Bouldin index
(lower is better), are used to corroborate the
choice [18,19]. The conclusion is the value of k
that is jointly best across these criteria.

Stability and method agreement

The final methodological problem is whether
the segmentation is reproducible. Following the
resampling approach to cluster validation [20],
we draw repeated bootstrap subsamples, re-clus-
ter each with PAM on the Gower distance, and
measure how closely the resampled partition
matches the reference partition with the adjusted
Rand index, which corrects chance agreement
[21]. Mean adjusted Rand values are reported for
each k, and the same index is used to quantify
agreement between the four algorithms. All
analyses were implemented in Python with
NumPy, pandas, scikit-learn, the gower and
kmodes libraries and Matplotlib, with fixed ran-
dom seeds, so that the pipeline is designed to be
reproducible.

Results

A three-segment solution is supported by
the validity criteria

On the Gower distance, the silhouette width
for partitioning around medoids peaks at three
segments and declines thereafter, and on the
standardised feature space the Calinski-
Harabasz ratio is maximised and the Davies-
Bouldin index minimised at the same value (Ta-
ble 2, Figure 1). The silhouette curves for the al-
ternative algorithms instead peak at two seg-
ments; however, the two-segment solutions sep-
arate only a small residual group and are far less
informative than the three-segment structure.
The silhouette values are modest throughout
(about 0.32 at the optimum for partitioning
around medoids), which indicates segments that
are distinguishable but overlapping rather than
sharply separated, an honest reflection of a pop-
ulation that varies continuously in digital capa-
bility. Weighing the validity indices, the stability
analysis reported below, interpretability and
cluster balance together, three segments best de-
scribe the portrait.
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Table 2. Internal cluster-validity criteria by number of clusters k (adults, random subsample). Silhouette is
computed on the Gower distance; the row for the selected k = 3 is shown in bold.

+ . -
K P Al&:gﬁzu- ¢ el; z)i:.l(:(t)(l)l- Hierarchical k-means Calinski- Davies-
ette yp ette silhouette silhouette Harabasz Bouldin
2 0.268 0.265 0.458 0.307 282 3.05
3 0.321 0.158 0.371 0.209 838 2.08
4 0.253 0.133 0.297 0.166 730 2.10
5 0.243 0.120 0.263 0.162 589 2.31
6 0.236 0.110 0.270 0.148 484 2.46
7 0.239 0.090 0.282 0.146 433 2.42
8 0.246 0.088 0.297 0.140 415 2.40
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Figure 1. Internal cluster-validity criteria by number of clusters. Left: silhouette width on the Gower distance
for the four algorithms. Right: Calinski-Harabasz and Davies-Bouldin indices for partitioning around medoids.
The criteria for partitioning around medoids identify three segments.

The three-segment solution is the most
stable

The choice of three segments is also the
most reproducible. Across bootstrap subsam-
ples, the mean adjusted Rand index between
resampled and reference partitions is highest at
three segments (about 0.40), whereas two seg-
ments are unstable and four or more segments
are less reproducible (Table 3, Figure 2). The
conclusion is that three segments are a recur-
ring structure rather than an artefact of a single
sample, although the absolute adjusted Rand
value of about 0.40 indicates only moderate re-
producibility.

Table 3. Bootstrap stability of partitioning around

medoids by number of clusters k, measured by the

mean adjusted Rand index between resampled and
reference partitions.

Number of Mean adjusted Standard
clusters k Rand index deviation
2 0.261 0.294
3 0.404 0.217
4 0.266 0.095
5 0.326 0.109
6 0.323 0.066
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Figure 2. Bootstrap stability (mean adjusted Rand index, with standard-deviation bars) by number of clus-
ters. Stability is highest at three segments.

Representation and algorithm both affect
the result

Method choice matters on mixed-type data.
At three segments the silhouette differs mark-
edly across methods: average-linkage hierar-
chical clustering reaches the highest value
(0.371), partitioning around medoids follows
(0.321), and the one-hot k-means (0.209) and k-
prototypes (0.158) baselines are lower (Table 2).
The hierarchical silhouette is even higher at two
clusters (0.458), but a two-cluster solution splits
off only a small residual group and is uninforma-
tive as a segmentation. Partitioning around me-
doids was preferred for reasons beyond the sil-
houette alone: it produced a balanced and inter-
pretable three-segment solution (Table 4), repre-
sented each segment by an actual citizen through
its medoid, addressed the mixed-type portrait di-
rectly through the Gower distance, and was the
most stable under resampling (Section 3.2).
Agreement between the algorithms is only mod-
erate (adjusted Rand index between 0.19 and
0.29 at three segments), which shows that the
representation and algorithm materially affect
the result. The conclusion is that a principled
mixed-type distance with medoid-based parti-
tioning 1s a sound and defensible default here,

while the one-hot k-means and k-prototypes
baselines separate the segments less well.

Three interpretable citizen archetypes

The three segments admit a clear reading (Ta-
ble 4, Figure 3). Segment 1, an urban digitally-
engaged group, is younger, fully urban, has the
highest internet-access and digital-literacy
scores and the richest devices, and the highest e-
service engagement. Segment 2, a rural moder-
ate-digital group of similar age, is fully rural
with moderate digital scores and intermediate
engagement. Segment 3, an older low-digital
group, is much older, largely composed of pen-
sioners, has the lowest digital scores and devices
and the lowest engagement. The held-out en-
gagement rate falls steadily across the three
groups, from 67 to 56 to 45 per cent, so the un-
supervised segments line up with this held-out
outcome and with the well-documented age and
connectivity gradients of the digital divide. The
two-dimensional projection of the Gower dis-
tance shows the older low-digital group separat-
ing along the first axis and the urban and rural
groups separating along the second (Figure 4).
The conclusion is that the portrait supports three
demographically coherent, policy-relevant ar-
chetypes.

Table 4. Profiles of the three segments (adults, random subsample). E-service engagement is the held-out var-
iable, not used in clustering.

Segment 1 (urban en-

Segment 2 (rural Segment 3 (older low-

Attribute gaged) moderate) digital)
Size (n in sample) 1,384 1,170 446
Share of adults (%) 46.1 39.0 14.9
E-service engagement (%) 67.3 55.6 45.1

37.2

Mean age (years)

374 70.8
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Attribute Segment 1 (urban en- Segment 2 (rural Segmel-lt .3 (older low-
gaged) moderate) digital)
64.4

Internet-access score (0-100) 49.5 23.2
Digital-literacy score (0-100) 68.7 61.0 29.9
Daily internet use (hours) 3.7 2.8 1.3
Device richness (0-3) 2.0 1.8 1.1
Urban residence (%) 100 0 56
Pensioner (%) 1 2 87
Social-media use (%) 78 74 39

. . Employed / self-em- .
Dominant occupation Employed / self-employed ployed Retired
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Figure 3. Standardised mean profiles of the three segments across the continuous and ordinal portrait features
(z-scores; positive values above the adult average). The older low-digital segment is sharply below average on all

digital features and above average on age and work experience.
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Segment 3
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Internet Digital Age Daily Work Device
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Figure 4. Two-dimensional principal-coordinates projection of the Gower distance, coloured by segment. The
first axis separates the older low-digital group; the second axis separates the urban and rural groups.

Discussion

and reproducible, but only moderately sepa-

The principal finding is that the mixed-type  rated. The validity indices and the stability anal-
digital demographic portrait supports three citi-  ysis converge on three segments, and the held-
zen archetypes that are interpretable, coherent  out engagement gradient is consistent with the
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segments reflecting real differences in digital
participation rather than arbitrary partitions, alt-
hough, as noted in the limitations, this is a post
hoc consistency check rather than independent
validation. The three groups, urban digitally-en-
gaged, rural moderate-digital and older low-dig-
ital, reproduce the age and connectivity structure
that digital-divide research reports repeatedly,
including the grey divide between older and
younger citizens [9,10], and they resemble the
data-driven segments found in population-health
studies that cluster linked records [7,8].

A clear methodological message follows
from the comparison of algorithms. On data that
mix continuous, ordinal, nominal and binary
variables, the distance and algorithm are not in-
terchangeable: partitioning around medoids on
the Gower distance recovered the most bal-
anced, interpretable and stable structure; aver-
age-linkage hierarchical clustering attained a
slightly higher silhouette but a less informative
partition; and the one-hot k-means and purpose-
built k-prototypes baselines separated the seg-
ments less well, with k-prototypes giving the
lowest silhouette at three segments. The modest
agreement between methods reinforces this
point. For e-demography portraits, which are in-
herently mixed-type, a principled dissimilarity
such as Gower with medoid-based partitioning
is therefore a sounder default than forcing the
data into a Euclidean form, which is the main al-
gorithmic contribution of this work [13,16].

The segmentation has direct implications for
digital-government practice. The older low-dig-
ital group, concentrated among pensioners with
low digital-literacy and access scores, is the nat-
ural priority for assisted channels and skills sup-
port, while the rural moderate-digital group
points to connectivity and outreach rather than
age as the relevant lever; this is consistent with
calls to move digital-inclusion policy from ac-
cess toward capabilities and to design e-govern-
ment services around vulnerable groups [11,12].
Because such segments can drive consequential
decisions, the workflow is built to be transparent
and auditable, with named features and repro-
ducible steps, in line with guidance on explaina-
ble and fair machine learning for public policy
[22-24]. Fixing the feature set in advance and
then clustering with a documented mixed-type
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method removes a common source of arbitrari-
ness from segmentation pipelines. Several limi-
tations bound these claims. Most importantly,
the data are synthetic, so the segment sizes and
profiles illustrate the method and must not be
read as findings about any real population. The
segments are only moderately separated, with
silhouette values near 0.32, so they are best un-
derstood as overlapping tendencies rather than
sharply distinct classes. Because the portrait fea-
tures were originally selected for their relevance
to e-service engagement, the engagement gradi-
ent across the segments is a post hoc consistency
check rather than an independent external vali-
dation. The distance-based analysis uses a ran-
dom subsample for tractability, with the scalable
methods additionally run on the full adult dataset
as a sensitivity analysis. Finally, the portrait is
tied to a single engagement target inherited from
the feature-selection stage; a different target
could yield a different portrait and therefore dif-
ferent segments. Applying the method to gov-
erned real-register data within a secure environ-
ment remains the priority next step.

Within the wider research programme this
study is the central algorithmic stage. A first
study established the compact mixed-type por-
trait by feature selection; the present study de-
velops and validates the clustering method that
turns that portrait into citizen segments; and a
further study can build on these segments to ad-
dress governance, digital-inclusion targeting and
the economic and administrative implications of
segment-based service design.

Conclusion

This study developed and validated a cluster-
ing method for the mixed-type digital demo-
graphic portrait of an electronic demography
platform. Using the Gower distance to respect
heterogeneous measurement types, it compared
partitioning around medoids, k-prototypes, hier-
archical clustering and a one-hot k-means base-
line, selected the number of segments with the
silhouette width and the Calinski-Harabasz and
Davies-Bouldin criteria, and assessed reproduc-
ibility by bootstrap resampling with the adjusted
Rand index. On 8,620 adults from a synthetic da-
taset, the validity indices and the stability analy-
sis supported a three-segment solution; parti-
tioning around medoids on the Gower distance
gave the most balanced, interpretable and stable
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segmentation, while the one-hot k-means and k-
prototypes baselines separated the segments less
well.

The three segments, an urban digitally-en-
gaged group, a rural moderate-digital group and
an older low-digital group, are interpretable and
consistent with the held-out engagement out-
come, with a steady engagement gradient of 67,
56 and 45 per cent, although they overlap rather
than separate sharply. Two conclusions carry be-
yond the synthetic data. Methodologically, clus-
tering an e-demography portrait should use a
mixed-type distance and a medoid-based algo-
rithm rather than a Euclidean one, and the num-
ber of segments should be fixed by the internal
validity criteria together with stability and inter-
pretability rather than by any single index. Sub-
stantively, and provisionally, citizen segments
are organised mainly by digital capability and
age, with residence as a secondary axis. The re-
producible pipeline presented here is the core
clustering method of a wider programme that
proceeds from feature selection through seg-
mentation to governance.
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VOTONDASLARIN ELEKTRON DEMOQRAFIYA PLATFORMASINDA gOXPARAMETRLi
KLASTERLOSDIRILMOSI: ROQOMSAL DEMOQRAFIK PORTRET UCUN QARISIQ TIPLI
MOSAFO9 YANASMASI

Farhad Firudin YUSIFOV
Elvin Sahin QURBANOV
Azarbaycan Respublikasi Elm vo Tohsil Nazirliyinin
Informasiya Texnologiyalar1 Institutu, Baki, Azorbaycan
E-mail: elvingurbanov@list.ru

Xiilasa. Elektron demogqrafiya platformalarinda har bir votondas miixtalif tipli goxsayli inzibati gdstaricilarlo
xarakterizo olunur vo votondaslarin az sayda interpretasiya edilo bilon seqmentlor iizra qruplasdirilmasi
rogemsal inkliizivlik siyasotinin formalagdirilmasi {i¢iin mithiim osas yaradir. Tadqiqatin mogsadi bu isin
avvalki marhalasinda xiisusiyyatlorin se¢ilmasi naticasinds formalasdirilmis on gostaricili (bes fasilasiz, bir
sirali, bir nominal va {i¢ ikili doyison) roqemsal demogqrafik portret {igiin garisiq tipli verilonlarin klaster-
lasdirilmasi metodunun islenib hazirlanmasi va qiymatlondirilmesidir. Ragamsal portret miixtolif 6l¢ii tiplorini
0ziinds birlogdirdiyindon klassik k-ortalar (k-means) alqoritminin tatbiqi mogsadouygun hesab edilmir. Buna
gora do analiz Gower masafasi asasinda aparilmis, medoidlar otrafinda boliinma (Partitioning Around Medoids
—PAM), k-prototiplar alqoritmi, orta olagali iyerarxik klasterlosdirma vo one-hot kodlasdirilmis k-ortalar bazis
yanagmasi miiqayise edilmisdir. Seqmentlarin optimal say1 siluet amsali, Kalinski-Harabas vo Devis-Bouldin
indekslori vasitasilo miioyyan edilmis, klasterlorin sabitliyi ise diizeldilmis Rand indeksi asasinda bootstrap
tokrar segmo iisulu ilo giymotlondirilmisdir. Sintetik verilonlor bazasinda yer alan 8620 yetkin ford iizro
aparilan tohlillor {i¢ seqmentli hollin hom keyfiyyot gostoricilori, hom do sabitlik baximindan daha
magqsadouygun oldugunu gostormisdir. Gower masafasina asaslanan PAM metodu daha balanslasdirilmis, in-
terpretasiya edila bilon vo sabit seqmentasiya tomin etmis, k-prototiplar va one-hot k-ortalar yanagmalari isa
seqmentlori daha zoif forqlondirmigdir. Miioyyon edilmis ii¢ seqment — sohar mongali yiliksok rogomsal
foalliga malik qrup, kend mansali orta rogamsal foalliga malik qrup va yash asagi roqomsal faalliga malik qrup
— elektron xidmatlordan istifads soviyyasinds aydin forqlor niimayis etdirmisdir (miivafiq olaraq 67%, 56%
vo 45%). Verilonlar sintetik xarakter dasidigindan olds olunan naticaler real ohalinin tosviri deyil, toklif olunan
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metodun imkanlarinin niimayisi kimi qiymatlondirilmalidir. Toklif olunan yanagma elektron demoqrafiya sa-
hasindo qarisiq tipli verilonlorin tokrarlana bilon vo etibarli seqmentlogdirilmasi ii¢lin praktik metodoloji
gor¢ivo togqdim edir.

Acar sozlor: elektron demogqrafiya, qarisiq tipli klasterlosdirmo, Gower mosafasi, medoidlor strafinda
boliinmo, votondas seqmentasiyasi, rogomsal ugurum.

MHOT'OITAPAMETPUYECKAS KJIACTEPU3AIUA I'PA’KIAH HA IVIAT®OPME JJIEK-
TPOHHOU JEMOI'PA®UU: TIOAXOJ HA OCHOBE METPUKU CMEILIAHHBIX THUITIOB
JAHHBIX JUISI @OPMUPOBAHUSA HU®POBOI'O JEMOI'PA®UYECKOI'O IIOPTPETA

®apxan Pupynnn OCUPOB
SuabBuH axun 'YPBAHOB
WuctuTyT MHQOPMALOHHBIX TEXHOJIOTHH
MuHucTepcTBa HayKu 1 00pazoBanust AzepoOaiimkanckoii Pecniyonuku, baky, AzepOaiimkan
E-mail: elvingurbanov(@list.ru

Pe3rome: Ha mnatdopmax 3mekTpoHHOM AeMorpaduu Kax bl TpakJaHIH XapaKTepU3yeTCs MHOKECTBOM aJI-
MUHHCTPATUBHBIX MOKa3aTeJe pasIMyHON MPHUPOBI, & TPYNNUPOBKA IPaXKIaH B OTPaHHYCHHOE YHCIIO WH-
TEPIPETUPYEMBIX CEIMEHTOB SIBIISIETCS BaKHON OCHOBOH Ul (JOPMUPOBAHMS MOJUTHKH HU(PPOBON HHKIIO-
3un. Llenpio JaHHOTO MCCIIeI0BaHUs SIBJIETCS pa3padoTKa M BaTUAALM METOa KiIacTepu3anuu HUpoBoro
JneMorpaduyeckoro mopTpera CMEIMaHHOTO THIIA, BKIFOYAIOIIETO JECATh MPU3HAKOB (MATh HENPEPHIBHBIX,
OJIMH TIOPSAKOBBINM, OJJUH HOMUHAIILHBIA M TpH OMHAPHBIX MpPU3HAKA), C(HOPMHUPOBAHHBIX HA MPEABIIYIIEM
JTare UCCIeI0BaHMs B pe3ylbTaTe 0TOOpa XxapakTepucTuk. [lockoiabpky udpoBoil HOPTpeT 0ObEANHSIET JaH-
HBIC Pa3IUYHBIX TUIIOB U3MEPEHUH, MPUMEHEHUE CTaHAAPTHOTO aTOPUTMa K-CpelHuX SIBIISIETCS HEleneco-
00pa3HbIM. B CBsI3M ¢ 9TUM aHATN3 OCHOBAH Ha METPUKE paccTossHus ['ayapa, a Juist cpaBHEHUSI UCTIOb30BaHEI
meton Partitioning Around Medoids (PAM), anroput™m k-mpoTOTHIIOB, HepapxuyuecKas KJIaCTEpU3alUs CO
CpeAHUM CBs3bIBaHMEM U 0a30BbIi moaxon k-cpennux ¢ one-hot kogupoBanueM. ONTHUMAIBHOE YUCIIO CET-
MEHTOB ONPEACISUIOCH C UCTIONIb30BaHHEM KO3 QUIIMEHTa CHITYdTa, HHAECKcOB Kammackoro—Xapabama u 13-
Buca—bonauHa. YCTOMUMBOCTD PE3yJIbTATOB OLICHUBAIACh METOIOM OYTCTpPEI-IIEPEBBIOOPKU C UCIIOIB30Ba-
HUEM CKOpPPEKTHUPOBaHHOrO MHAeKca Panma. MccnenoBanue, npoBeléHHOE HA CHHTETHUECKOM Habope AaH-
HBIX, COZIEpIKaIleM cBeieHust 0 8620 B3pOCIBIX IpaXkJaHax, MOKa3aino, 4To Hanboiee 0OOCHOBAHHBIM SIBIISI-
eTcs penieHue ¢ Tpems cermeHtamu. Metog PAM Ha ocHoBe pacctosiHus ["ayspa oOecrieunn HanOoliee cOa-
JAHCUPOBAHHYI0, HHTEPIPETUPYEMYIO H YCTOHUUBYIO CETMEHTALMIO, TOT/IA KaK AJITOPUTMBI K-IPOTOTUIIOB 1
k-cpenuux ¢ one-hot konupoBaHHEM IEMOHCTPUPOBAIN MEHEE YETKOE pa3ielieHHe CerMeHTOB. BriienenHbie
TPH CETMEHTa — IOPOJICKasi TPYIIIa ¢ BHICOKOH ITU(POBOI1 aKTUBHOCTBIO, CEIBCKAs IPYIINa CO CPETHUM ypPOB-
HeM IM(POBOM aKTUBHOCTH U BO3PACTHAS IPYIINA C HU3KUM yPOBHEM LM(POBOM aKTUBHOCTH — MPOAEMOH-
CTPUPOBAJIM BBIPAKEHHBIE PA3JIUUYMS B UCIOJIB30BAaHUU 3JIEKTPOHHBIX yciyr (67%, 56% u 45% coorBer-
CTBEHHO). [10CKONIbKY MCIIOB30BaHHBIE JIAHHBIC SIBISIOTCS CHHTETUYECKUMH, MTOTYYCHHBIC PE3YJIbTATHI Clie-
IyeT paccMaTpHBaTh KaK MILUTFOCTPAIIMIO TPEJIOKEHHOT0 METO/1a, a He KaK OIMCAaHUE PEaNbHOM MOMyJIISIIH.
PazpaboTtanHblif moxxox npeacTaBiseT co00i BOCIIPOM3BOIUMBIN METOJI CErMEHTALIMH CMEIIAHHBIX JaHHBIX
JUTS 33]1a9 JIEKTPOHHOM JemMorpadun.

KiroueBbie cjioBa: 3JeKTpoHHAs JeMorpadus, KilacTepusalys CMElIaHHbIX JaHHBIX, paccTtosHue [ayapa,
Partitioning Around Medoids, cermenTarus rpaxaas, UppPoOBOEe HEPABEHCTBO.
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