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USING CLUSTER ANALYSIS TO STUDY THE CHARACTERISTICS OF MICRO-FREIGHT
FLOWS OF SHOPPERS

The article presents the results of a study aimed at identifying socio-demographic and behavioral factors
influencing people’s choice of transport mode during shopping trips. Considering the increasing volume of shopping-
related trips and the growing attention to the environmental aspects of urban mobility, the study examines the
phenomenon of micro-shopping flows as part of the broader urban freight transport system.

The study is based on an online survey of 479 respondents. Using hierarchical clustering, two main clusters of
shoppers were identified. The first cluster consists of middle-aged individuals, predominantly women, who combine
active employment with medium-weight purchases (2-5 kg), mostly during daytime hours, and prefer traveling by
private car or on foot. The second cluster primarily comprises students who make small purchases (up to 2 kg), more
often after 3:00 p.m., often combining public transport and walking.

The results confirm the presence of statistically significant differences between the groups in terms of age,
gender, occupation, shopping time, and purchase weight. A clear relationship was found between purchase weight and
choice of transport mode: as the weight increases, the likelihood of using a private car rises significantly. Similarly,
temporal characteristics influence modal choice — walking predominates in the morning hours, while the share of car
and public transport trips increases in the afternoon.

The practical significance of this study lies in providing a scientific basis for developing targeted sustainable
transport planning measures aimed at specific user groups. For young people, it is advisable to focus on improving
access to public transportation and developing micro-mobility infrastructure. For the working population, effective
measures may include incentives to reduce private car use.

Future research prospects are related to modeling the impact of micro-shopping flows on overall urban traffic.
Such analysis is important for managing peak loads in the transport system and for developing policies aimed at the
environmentally sustainable development of urban transport.

Keywords: shopping trip, cluster analysis, socio-demographics indicators, mode choice, micro freight flows

INTRODUCTION

Despite the growing popularity of online shopping, travel demand for shopping purposes remains a
significant component of overall travel demand within urban areas [1, 2].

In recent years, the number of studies on “green purchases” has increased significantly, focusing on
the environmental impact of consumer habits [3]. Researchers examine the factors influencing consumers’
intention to make environmentally friendly purchases (individual characteristics, cognitive and social factors,
product features, and marketing aspects) and assess the potential effects of an increasing share of such
purchases [4-6]. “Green purchases” are part of the broader concept of “green behavior” (GB), which refers
to private-sphere habits related to everyday environmentally responsible actions — such as household
consumption aimed at reducing waste, saving water and energy, prioritizing products with a lower
environmental impact, and using reusable goods [7]. Within this broader context, the choice of travel mode is
an integral part of GB [8]. If “green purchasing” practices are carried out using a private car, the
environmental benefits of such actions are largely offset. Therefore, the choice of transportation mode
constitutes an essential component of green behavior overall and is a factor that directly influences the real
contribution of “green purchases” to reducing environmental impact.

To effectively respond to new mobility trends and develop a comprehensive planning approach that
promotes “soft” modes of transport while preventing undesirable consequences, public authorities need
access to information not only on urban freight transport and logistics but also on individual travel patterns
and consumer behavior [9]. To design a system of measures that fosters an environmentally sustainable
transport system, it is essential to understand which individual and contextual variables influence people’s
choice of travel mode [10]. Compared to commuting trips, shopping-related trips are more flexible in terms
of destination and timing. Therefore, measures that encourage the use of more environmentally friendly
transport modes for shopping trips may prove to be more effective [11].

ANALYSIS OF LITERATURE DATA AND FORMULATION OF THE PROBLEM

Recent studies in the field of last-mile logistics have expanded the scope of urban freight transport to
include, in addition to actual last-mile delivery, shopping trips made by private cars [12]. Ensuring
sustainability in last-mile distribution is a complex challenge due to the growing volume of deliveries
combined with strict time requirements [13]. Therefore, a promising direction may be the development of
measures aimed at encouraging consumers to switch to more environmentally friendly modes of transport.
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Factors influencing users’ choice of travel mode in a transport system can be divided into three
groups: socio-demographic characteristics, built environment (building density, land-use mix, distance to
various facilities, etc.), and attitudes (comfort, convenience, travel satisfaction) [10]. While the scientific
literature contains a substantial number of studies on these factors, there are relatively few publications
focusing specifically on shopping-related trips. In recent years, researchers have primarily concentrated on
examining changes in consumer purchasing behavior associated with the Covid-19 pandemic and/or the
growing share of online shopping [1, 14, 15]. However, most studies focus on trips in general or commuting
trips [10].

According to the study presented in [16], as population density and the density of shopping locations
decrease, the frequency of shopping trips made by car increases.

In [17], based on the analysis of survey results conducted in Munich, Germany, purchasers were
divided into six latent classes according to their shopping behavior (including the frequency of offline and
online purchases and the mode of transport used for offline shopping). These studies indicate that the groups
most inclined to use a car for shopping trips are employed individuals with high income, those with children
and access to a private car, as well as residents of less dense residential areas.

In [18], consumer shopping behavior was analyzed based on survey data from Japanese respondents.
According to the published results, the choice of travel mode for shopping trips is influenced by employment
status (working respondents typically choose the car, while non-working respondents prefer cycling or
walking), the distance to the shopping location, and the duration of stay at the destination (those who walked
spent the least time shopping, while those who arrived by car spent the most).

According to the studies presented in [19], the frequency of shopping trips made by car is influenced
more by habit than by socio-demographic characteristics (the research was based on survey data collected in
Sweden). The authors recommend that when developing measures aimed at changing urban travel behavior,
special attention should be given to alternatives that prevent and/or reduce the formation of strong habitual
patterns.

RESEARCH QUESTIONS

Based on the literature review, the following research questions are formulated:

-RQ1. What factors influence consumer purchasing behavior, and what typical groups of shoppers can be
identified?

-RQ2. How can sustainable urban transport policies be adapted to meet the needs of specific groups of
shoppers?

RESEARCH RESULT

Data collection procedure and general characteristics of the survey results

To collect data, an online survey of the population was conducted (the questionnaire was created in
Google Forms and distributed via social media). A total of 491 completed questionnaires were collected, of
which 479 were retained for further analysis after excluding those containing incomplete or evidently false
information. The data gathered through the survey can be divided into the following blocks: socio-
demographic and socio-economic characteristics of the respondents; general behavior during the purchase of
food and non-food products (frequency, place of purchase, typical mode of transport for shopping trips); and
information regarding the most recent offline purchase (time, place, amount spent, and mode of transport).

The sample consisted of 63% women. The survey mainly involved young people, with 83% of
respondents under the age of 40. The distribution of the sample by average monthly household income was
as follows: up to UAH 14,000 — 29%, UAH 14,000-20,000 — 16%, UAH 20,000-30,000 — 16%, UAH
30,000-40,000 — 13%, and over UAH 40,000 — 26%. Employed individuals accounted for 45% of
respondents, students for 46%, and the remaining respondents were unemployed (6%) or retired (3%).
Among the respondents, 53% (253 individuals) had lived in a large city (population over 300,000) for at least
the past six months, 30% (142 individuals) in a city with a population under 300,000, and 17% (83
individuals) in a rural area.

Place of residence affects the frequency of both food and non-food purchases, although the difference
is more pronounced for non-food items (Fig. 1).
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Fig. 1. Distribution of purchases by frequency: a) food products; b) non-food products

Most respondents, regardless of their place of residence, purchase food products several times a week.
For rural residents, this figure is slightly lower, with a larger share of purchases occurring once a week. Less
than 9% of respondents buy food products less frequently than weekly. For non-food purchases, the
differences are more pronounced. The share of respondents making such purchases once a week is almost the
same across different residential locations, with only a small variation in the proportion of those purchasing
non-food items no more than once a month (15-20%). However, several times a week, 7.5% of residents of
large cities make non-food purchases, compared to 22.5% of residents of smaller cities.

Small-volume purchases prevail: 47% of respondents indicated that their most recent purchase
weighed less than 2 kg, while 39% reported a weight between 2 and 5 kg. Moreover, 83% of respondents
stated that a purchase of this size is typical for them.

The distribution of responses regarding the choice of transport mode for shopping trips is shown in

Fig. 2.
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Fig. 2. Mode choice for shopping trips: a) usually; b) during the most recent purchase

Approximately 26% of respondents usually choose a car for shopping trips, while around 23%
indicated it as one of the alternatives they use regularly. For public transport, these figures are 15% and 36%,
respectively. Overall, transport-based trips account for 41% of all shopping trips, with an additional 43%
regularly combining them with walking. Fifty-one percent of respondents reported using some form of
transport during their most recent purchase.

Clustering procedure

Among the methods for assessing travel behavior in urban areas, regression models and machine
learning techniques are the most popular [10, 20]. Cluster analysis, as one of the machine learning
algorithms, is an effective method for dividing datasets into subgroups characterized by distinct differences.
Conducting cluster analysis involves the following main steps [21]:

-normalization and standardization of input data;

- dimensionality reduction (excluding data from the sample that do not influence the clustering
results);

-cluster identification (based on distance to a cluster centroid, dissimilarity and linkage between
groups of observations or density);

-evaluation of results (assessing the reliability of clustering for a given number of clusters).
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If the input dataset contains different types of data (numerical, categorical, binary, and multiple-
choice), they need to be represented using a common standard. Several methods can be used for encoding:

-One-Hot Encoding is applied to features with a single choice among multiple categories (e.g., gender,
time of purchase). This approach helps avoid false assumptions about the order or equidistance
between categories, which is particularly important for models sensitive to numerical values (such as
decision trees or logistic regression).

-Multi-Hot Encoding is applied to fields where respondents could select multiple options simultaneously
(e.g., modes of transport to the shopping location). Each category is transformed into a separate binary
variable indicating the presence or absence of the corresponding feature.

-Ordinal Encoding is used for ordered variables, such as income level or purchase weight. Preserving the
order allows the model to account for monotonic relationships, which is appropriate when the values
have a logical progression (e.g., «less than 2 kg» < «2-5 kg» < 5-10 kgy).

As a result of the preprocessing, a complete set of features suitable for use in clustering and
classification algorithms was created. Each row in the table represents an individual respondent, and each
column corresponds to a standardized, encoded feature.

Clustering of respondents based on the mode of transport they most frequently use for shopping trips

The study employed hierarchical clustering with dendrogram construction using Ward’s method. The
proximity matrix was calculated using the normalized Manhattan distance metric. The clustering process
workflow in Orange software is shown in Fig. 3. To determine the importance of variables in the clustering
procedure, the Rank function was first applied to the target variable, “mode of transport for shopping trips,”
and the variables that most influenced the choice of transport mode were selected.
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Fig. 3. Hierarchical clustering procedure using Orange software

First, six factors were selected using the Rank function:

- age;

- gender;

- type of employment;

- household size;

- time of the trip;

- purchase weight.

The optimal number of clusters was determined based on the silhouette score values (Table 1).

Table 1. Selection of the optimal number of clusters

Total number | Weighted average Silhouette score values for each cluster
of clusters silhouette score Cl C2 C3 C4 C5
5 0.24 0.564 0.413 0.084 0.199 0.119
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4 0.40 0.564 0.413 0.133 0.455 —
3 0.38 0.382 0.142 0.455 -
2 0.63 0.498 0.702 - —

The silhouette score reflects the level of cohesion within a cluster. Its values range from -1 to +1, with
values closer to 1 indicating that an object fits well within its cluster [22]. For the selected set of factors, the
best results were obtained by dividing the sample into two clusters.

Members of the first cluster primarily make shopping trips by private car (48%) or on foot (33.7%).
This group consists mainly of middle-aged working individuals, predominantly women. The second cluster
mainly comprises students who prefer using a private car (41%) or public transport (32.4%) for their trips. A
more detailed characterization of the resulting clusters is presented in Table 2.

Table 2. Clustering parameters and factors considered in the cluster division

Mean value
and
Variable Value type dispersion Percentage dlstrlbu_tlon (for a categorical Estimate
(fora variable)
numerical
variable)
Cluster C1
Student’st=
Age Numeric 44.75+10,1 22,19
p=0,000
Student’st=
Homgg?old Numeric 3,48+1,2 1,51
p=0,133
2
. o x° =27,05
Gender Categorical 84,3% — female =0,000
Type of . 0 . x* = 117,69
employment Categorical 83,15% — employed population p=0.000
21,35% — 9:00 — 12:00
Time of the Cateqorical 30,34% — 12:00 — 15:00 x> =11,08
trip g 22,3% — 15:00 — 18:00 p=0,050
22,5% — after 18:00
17,3% — purchases weighing up to 2 kg 2 _
P\tjvré(:ih?]ie Categorical 56,8% — purchases weighing 2-5 kg x :_02(?(’)%7
g 17,3% — purchases weighing 5-10 kg P~
Cluster C2
Student’st=
Age Numeric 20,24+3,8 22,19
p=0,000
Student’st =
Hoisizgsold Numeric 3,24+1,3 151
p=0,133
2
. o yx =27,05
Gender Categorical 50% — female =0,000
Type of . . x> =117,69
employment Categorical 69,3% — students p=0.000
14,77% — 9:00 — 12:00
Time of the Cateqorical 22,7% — 12:00 — 15:00 x> =11,08
trip g 37,5% — 15:00 — 18:00 =0,050
23,3% — after 18:00
53,9% — purchases weighing up to 2 kg 2_
P:Vgh?ie Categorical 34,2% — purchases weighing 2-5 kg x :_02(?(’)%7
g 9,4% — purchases weighing 5-10 kg P~
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The p-value for the variable “household size” is greater than the critical value of 0.05; therefore, the
clustering was performed without taking this factor into account. The calculations presented in Table 3
confirm the appropriateness of this step, as the weighted average silhouette score increases.

Table 3. Selection of the optimal number of clusters

Total number | Weighted average Silhouette score values for each cluster
of clusters silhouette score C1 C2 C3 C4 C5
5 0,27 0,657 0,423 0,100 0,318 0,112
4 0,44 0,657 0,423 0,162 0,526 —
3 0,42 0,393 0,170 0,526 — —
2 0,67 0,522 0,739 — — —

Members of the first cluster mainly make medium-weight purchases (2-5 kg), with more than half of
the trips occurring before 3:00 p.m. (55%). In the second cluster, purchases weighing up to 2 kg prevail
(54%), and shopping trips are shifted toward the afternoon hours (after 3:00 p.m.) — 61% of purchases.

Separate graphical dependencies were constructed between the time of purchase and choice of
transport mode, as well as between purchase weight and choice of transport mode (Fig. 4 and Fig. 5).

after 18:00 — 45,9 -
15:00 - 18:00 - 43,0 _
12:00 - 15:00 _ 322 -
09:00 - 12:00 _ 31,9 _
wpto000 (NSO 250 D
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mwalk © private transport ™ public transport
Fig. 4. The impact of purchase time on the mode choice
>10kg 100,0 l
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uwalk private transport M public transport

Fig. 5. The impact of purchase weight on the mode choice

The highest share of walking trips occurs during morning shopping (50% for purchases before 9:00
a.m. and 38% for purchases between 9:00 a.m. and 12:00 p.m.). After 12:00 p.m., the overall use of
transport, particularly private vehicles, increases. Public transport is most actively used during the afternoon
hours, with over 38% of respondents utilizing it for shopping trips between 3:00 p.m. and 6:00 p.m.
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The relationship between the choice of transport mode and purchase weight is even more pronounced.
For the smallest weight category (< 2 kg), walking is the predominant mode of transportation (48%). As
purchase weight increases, the use of transport also rises: for medium-weight purchases, the share of walking
slightly decreases in favor of public transport, while for purchases over 5 kg, the share of trips made by
private car sharply increases, reaching nearly 100% for purchases weighing more than 10 kg. This is
supported by other studies, which indicate that a larger shopping list or visiting multiple stores in a single
shopping trip significantly increases the likelihood of using a private car [23].

DISCUSSION OF THE RESULTS OF THE STUDY AND SUMMARY

The conducted study made it possible to identify the key socio-demographic and behavioral factors
that determine consumers’ choice of transport mode for shopping trips. The application of cluster analysis
allowed the identification of two groups of respondents differing in age, gender, occupation, as well as the
weight and timing of their purchases.

Middle-aged respondents, predominantly women with active employment, prefer to use private cars or
walk for shopping trips. Their purchases are typically of medium weight and occur throughout the day, with
slightly higher activity between 12:00 and 3:00 p.m., possibly during lunch breaks at work. A separate
cluster of younger respondents, primarily students, more often combines car trips with public transport. Their
purchases tend to be lighter, and shopping trips are shifted toward the afternoon (after 3:00 p.m.). Some
studies indicate that younger people are more inclined to use environmentally friendly transport modes,
partly due to their mobility and fewer established travel habits [24]. The present study partially confirms this,
as the combined share of public transport and walking trips is higher in the second cluster (69% versus 61%
for the first cluster). These findings provide a foundation for more targeted sustainable urban transport
policies, particularly aimed at younger population groups, who are more open to changing travel behaviors.
For students, it is advisable to focus on improving access to public transportation and micro-mobility
infrastructure. For the employed population, incentives to reduce private car use—such as developing ride-
sharing systems, enhancing walking conditions, and integrating mobility services—are particularly
important.

A prospect for further research is the assessment and modeling of the impact of shopping-related
travel flows on overall traffic. Considering that shopping trips using transport are most frequent between
3:00 p.m. and 6:00 p.m. (including the start of the evening peak), studying these micro-mobility flows is a
highly relevant issue.
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Iligmopax I'.B., Ilpycokuii €.B. BUKOpHCTaHHS KJIACTEPHOIO AaHAJi3y [Jsi BHBYEHHS
XapaKTePUCTHK MiKPOBAHTAKHUX NMOTOKIB MOKYNIiB

Y crarTi mpeicTaBieHO pe3yJbTAaTH JIOCHIPKEHHS, CHPSAMOBAHOI'O HA BHUSBJICHHS COI[IAJIbHO-
neMorpadiyHux i TOBEAiHKOBUX YMHHHUKIB, 10 BIUIMBAIOTH Ha BUOIp criocoOy mepecyBaHHS HACENEHHS i
Yac 371IICHEHHS TIOKYIIOK. 3BaXKar04n Ha 3POCTaHHS 0OCATIB IMOI3/I0K, MOB’S3aHKX 13 3aKyIiBJICIO TOBAPIB, i
Ha TOCHJICHHS YBard JI0 C€KOJIOTIYHHX AacCHeKTiB MiChbKOi MOOUIBHOCTI, y po0OOTI po3risHyTO (eHOMEH
MIKPOBaHTaXHHUX ITOTOKIB IMMOKYIIIIB SIK YaCTHHY IIMPILIOi CHCTEMH MICHKUX BaHTQKHUX NIEPEBE3CHb.

HocnimkeHHs 6a3yeTbcsl Ha pe3yibTaTax OHJAH-onuTyBaHHA 479 pecrionnentiB. Ha ocHOBI MeTomy
lepapxidHOi KJacTepw3allii BU3HAYEHO JBa OCHOBHI KjlacTepw MOKymmiB. Ilepmmii xmactep chopmyBanm
MIPEACTABHUKHA CEPEIHBOTO BiKy, MEPEBAXKHO JKIHKH, SIKI MOETHYIOTh aKTHBHY 3aiHATICTH i3 BHKOHAHHSIM
MOKYTIOK CepelHbol Baru (2—5 kr), 3ae0UIbIIOr0 y IEHHWHM 4Yac, 1 BIJIalOTH MEpeBary IepecyBaHHIO
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MIPUBATHUM aBTOMOOiTeM abo mimku. J[pyruii Kiactep OXOILTIOE TEPEBAKHO CTYACHTCHKY MOJIOIb, SKa
3MIHCHIOE HEBEIHUKI MOKYNKHU (10 2 Kr), yactimie micist 15:00, KoMOiHyI0YH rpOMaJChKH TPAHCHIOPT 1 MmiLi
nepeMilleHHS.

OTpumaHi pe3ynbTaTH MiATBEPAXKYIOTh HAsBHICTh CTATUCTUYHO 3HAYYIIMX BiAMIHHOCTEH Mik
TpynaM# 3a BIKOM, CTAaTTIO, BHJOM MisIIHOCTI, YaCOM BHUKOHAHHA Ta BAaror MOKYIKHA. BHSBIEHO HiTKY
3aJIe)KHICTh MDK Baror TMOKYIDKH Ta BHOOPOM TpPaHCIOPTHOTO 3aco0y: 31 3pOCTaHHAM Barm CYTTEBO
MiABUIIYETHCS WMOBIPHICTH BUKOPHCTaHHS MIPUBATHOTO aBTOMOO1S. AHANOTIYHO, YaCOBI XapaKTEPUCTHKH
BIUIMBAIOTh HAa MOJANBHUA BUOIp — y paHKOBI TOOWUHHM TEPEBAXKAIOThH IMIIIl NMEpeMIMIeHHs, TOAlI 5K Y
OO0 THIN TIEPioJT 3pOCTa€E YaCTKa aBTOMOOIFHUX ITOI3IOK Ta MOi30K TPOMAaICEKIM TPAaHCITIOPTOM.

[IpakTnune 3HaueHHA PoOOTH mojsrac y (opmyBaHHI HayKOBOTO MIATPYHTS Uit PO3POOICHHS
LITBOBUX 3aXOiB CTAJIOT0 TPAHCIIOPTHOTO IJIaHYBaHHS, 30pi€EHTOBAHUX Ha KOHKPETHI TPy KOPUCTYBAYiB.
Jts MoToTi OIITBHO 30CepEeUTHICS Ha TIOKPAIIEHH] TOCTYITHOCTI TPOMAaJICHKOTO TPAHCIIOPTY Ta PO3BUTKY
1HPPACTPYKTYpH MIKPOMOOINBHOCTI, TOAI SIK Ui TPALIOIUYOro HaceleHHS ¢(pEeKTHBHUMH MOXYTb OyTH
CTUMYJIM IO CKOPOYEHHS! BUKOPUCTAHHS IPUBATHOT'O aBTOMOO1IIS.

[lepcriekTHBH MOJANBIIMX JIOCTIPKCHb IIOB’S3aHI 3 MOJCNIOBAHHAM BIUIMBY ITOKYIICIIBKHX
MIKpOBaHT)XKHUX IIOTOKIB Ha 3arajbHi TPaHCHOPTHI MOTOKH Micta. Takuii aHami3 € BaKIMBUM IS
yIpaBiiHHS MIKOBUMH HAaBaHTOKEHHSAMH TPAaHCIIOPTHOI CHUCTEMH Ta PO3POOJICHHsS TONITHK EKOJIOTiYHO
CTaJIOTO PO3BHUTKY MiCHKUX ITI€PEBE3CHb.
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