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Abstract

E-commerce indicators are very complex and have a wide range of levels of complexity
and applications. The digital economies that we are oriented towards also have complex
features in terms of consumers and businesses. The research objectives are focused on
determining the impact of e-commerce on the digital economy within countries with
different stages of economic development, digitalization techniques, and e-commerce
usage. This study evaluates how Al-based clustering reveals patterns in the e-commerce
indicators influencing the digital economy. The research methods used are focused on
Al techniques in order to evaluate and assess the usage of e-commerce in the digital
economy. In this sense, the methods used in this research are clustering techniques in
order to determine the stage of implementation of the digital economy. The research
implications have a worldwide impact and soundness in establishing the evolution of the e-
economy in different types of countries with different stages and levels of digitalization and
different e-commerce development paths. The empirical results show there are significant
differences between countries due to cultural, economic, social, and judicial differences.
The conclusions of this study highlight that using Al techniques can be a solution for
enhancing future digital economy development and labor market consolidation, especially
by strengthening e-commerce indicator usage and application.

Keywords: labor market; e-commerce; artificial intelligence; econometric models

1. Introduction

The selection and importance of the research theme, which is the process of digital-
ization, are derived from the need for e-commerce indicator development in the context
of a complex and globalized economy and also in the context of the integration of the
worldwide labor market. In this sense, this theme is needed to establish whether the
digital economy has registered some actual expansion trends, especially in the context of
e-commerce indicators and the business development of companies.

The importance of Artificial Intelligence (Al) from consumers’ and businesses’ perspec-
tives is revealed, using both quantitative and qualitative techniques, by its competitiveness
and customer experience achieved through its proper usage [1]. However, one of the main
interesting aspects debated in the economic literature is represented by the products chosen
by the customers in e-commerce, which is an essential factor in determining their behav-
ior [2]. An interesting study that deals with the usage of Al techniques gathers together
two important but distinct domains, e-commerce and fashion design, by using some Al
image generation systems in order to create a mixture between the e-commerce domain and
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fashion design. The Midjourney case study offers an interesting idea of how Al techniques
can increase the quality of the fashion process by assisting in ideation and optimization
of the design features; moreover, within this approach, although there are some potential
limitations, a fundamental quality shift can be achieved in the designer’s domain through
the increasing the digitalization of the process of fashion design [3].

The IoT environment will be opened for e-commerce in the future using different
specific algorithms and techniques on the road from Industry 4.0 to Industry 5.0, with the
key concept of economic sustainability [4]. The European Union (EU), in the context of
the post-pandemic period, must take into account e-commerce future developments by
considering some features, such as people’s and businesses” access to the internet, poverty
risks, and the education level of the people [5].

The connections between the employment rate and electronic commerce at the Eu-
ropean Union level are analyzed through panel data techniques, and it is concluded that
there is a positive connection between these two aspects; however, there are also other vari-
ables that explain this relationship, such as Gross Domestic Product (GDP), expenditures,
enterprises, and Information and Communication Technology (ICT) specialists [6]. More
interesting insights are provided by ChatGPT 5.0 version to determine the influence of
Al on the labor market; the reason behind this research is to have the room to maneuver
content that Al generates to determine the dynamics of the labor market and employment
patterns [7].

The scope of this research involves determining the impact of several types of e-
commerce indicators on the digital economy by using cluster applications within different
types of countries in order to determine if there are any patterns regarding the e-economy.

The research objectives of this paper are to apply Al techniques, especially comparative
analysis, and advances and computational solutions to analyze the impact of e-commerce
on the digital economy.

The main added value of this paper is the linkage between e-commerce indicators,
the digital economy, and Al techniques in order to determine if there are some similar
patterns in developed and developing countries regarding the e-economy’s development
and evolution.

The methodological approach advances our current understanding by showing which
distributions and structures of missing values can (a) already in themselves point to a
meaningful grouping of countries described by data representing the respective digital
economies and (b) may then lead via multiple imputations to data updates, upon which
arbitrary clustering methods can be applied.

Clustering approaches are valuable in our context of “unordered” potential influence
indicators, which together describe the state of digital economies from a list of countries,
and where there is no predefined measure of performance. In order to support decisions
in management and policy, the clustering methods use analogy and similarity in many
different ways, do not need a distinction between dependent and independent economic
variables, and output cluster membership labels. A given label may indicate a development
stage, potential for cooperation, conflict imminence, etc., at the levels (country, region,
company) supported by the available data. As countries can be grouped according to
indicators, the converse label is also useful for understanding which influences are grouped
for which country cluster with correlated effects. These are objective results based solely
on the data. To what extent they are useful for actual decisions depends on the domain
knowledge of the model user, who understands the wider context.

New insights are gained about the digital economy from the twofold clustering re-
sults. First, a semi-confirmatory result. The totally unsupervised clustering of the digital
economy data over all countries reproduces the two-group clustering: the divide between
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economically developed and economically less developed countries, when measured by
more traditional economic variables like GDP per capita, HD], etc. To a certain degree,
this is already obtained by setting all non-missing entries to uniformly distributed random
values, which indicates that a binary matrix with permutation-invariant rows (i.e., the
order of the countries does not matter) determines the rough grouping of the countries
into two development levels. This means there is not much divergence between general
economic and digital development, as some interest groups or the press might suggest.
The force of these data distributions is such that even countries with highly competent and
intense IT activity, like India, are part of the country cluster with less development. As
the missing value concentration in this cluster is very high, it is reasonable not to over-
stress this extremely diverse cluster by fragile sub-clustering. Instead, we sub-cluster the
more developed country group, which results in a relatively stable four-cluster grouping.
Interestingly, with some notable exceptions, these clusters tend to contain countries that
are actually cooperating through various joint ventures and other alliances. Furthermore,
the value distributions of the four sub-clusters can be read off for each indicator variable,
which allows the easy identification of redundant indicators. For instance, the United
Nations Conference for Trade and Development (UNCTAD) Business-to-Consumer (B2C)
E-Commerce Index Rank group variables have important roles in cluster separation. Hence,
these clusters are largely determined by premier digital economy data, but also reproduce
other economic country grouping criteria.

The implications of the results for policymakers and businesses primarily involve
using these country groupings (or still more involved groupings) in order to consider with
whom to cooperate and to foster alliances. Important business creation is often influenced
by the reciprocating actions of successful regional and national development. Eventually,
business and research environments are created. Almost as a rule, they do not spread
evenly across countries, and are often located within or near attractive cities with many
younger-aged innovators. Such environments, by necessity, call for the following;:

(1) Many types of conditional cooperation in order to grow non-marginal businesses,
which are driven by visionary entrepreneurs (and not by short-term gain seekers).

(2) Sustaining advanced and responsive digital economies, enabling timely systems of
conditional cooperation, including crowd- and venture-financing, as well as trusted
international tech-alliance formation of any size.

The country groupings obtained help in thinking in terms of the economic cultures and
preferences. As an example of such an exercise, one may consider instances of attraction
by similarity (USA and GB, say, which are both in C23) or attraction by complementarity:
India and Japan, say, are in C1 and in C23, respectively; most of the C23 cluster members
would cooperate with India. One may also consider repulsion by dissimilarity: India and
China, say, are in C1 and C22; most of the C22 members would rather prefer to cooperate
within C2. The less developed countries present in C1 tend to form a highly diverse group.
Missing value occurrence is more concentrated in C1 than in C2 and, hence, accounts for
a much higher percentage than that for all countries, potentially reducing the value of
further sub-clustering, even if using multiple imputations as we are herein. Judging from
the available digital economy data on countries from C1 (and abstracting from political
goals which may override everything), it may be best to search for economic partners from
some sub-clusters of C2 (the more developed countries), which are least exploitative.

The structure of this paper is as follows: The first section represents a quid pro quo
regarding the antecedents and consequences of Al upon e-commerce and its necessity for
future improvement and further development. The second section analyzes the current
state-of-the-art by highlighting the most important studies in the economic literature with
a special focus on hypothesis development and rationale. The third section presents
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the research model and the technical methodology of the study by revealing the most
important quantitative and qualitative aspects of the study. The fourth section discloses
the empirical results of the study, focusing on the main econometric characteristics and
economic implications. The fifth section discusses and analyzes the empirical results
obtained in the previous part with the previous studies and compares the results in light of
future studies’ agenda development. The final section presents the main final remarks and
conclusions, containing some policy recommendations.

2. Literature Review and Research Questions

The connections between e-commerce, the digital economy, and Al can also be seen in
light of the labor market developments and evolutions. From an economic point of view,
the labor market is influenced by e-commerce indicators and usage; the structure and actual
status of the digital economy; and also by Al techniques, applications, and developments,
which are nowadays changing rapidly.

2.1. Al Impact on the Labor Market

Al’s impact on the labor market represents a debated issue in the economic literature.
As a consequence, it is shown that Al generates structural optimization and has both
practical and theoretical significance by using the spatial heterogeneity model [8], and
also has a large variety of positive effects on income distribution, income inequality, and
increasing wages and salaries [9], and with a macro-level analysis, the significant outcomes
on commuting zones and distributed effects can be determined [10]. Moreover, e-commerce
can increase employment in the labor force, which is directly linked to continuous courses
and the education system in order to improve the skills and competitiveness of the labor
force [11].

The important role of Al in the labor market is shown by using panel data to determine
the patterns of the increasing the number of jobs throughout virtual agglomeration, which
has a positive effect on the labor market [12]; meanwhile, several connections can be
manifested between Al techniques, digital economies, and employment numbers [13]. Big
tech firms use Al applications to create new jobs and enhance the level of competition and
accessibility of different types of positions in the labor market [14], while the development
of international e-commerce enterprises using emerging technologies and Al techniques
has led to an improvement in worldwide e-commerce [15].

The connection between Al techniques and the labor market reveals that the produc-
tivity of companies in terms of the labor market is facilitated by using Al patent application
procedures, which have a positive effect on the small- and medium-sized enterprise (SME)
industry [16], and that using semantic similarities to determine the contracts between
transformative digitalization and destructive digitalization for occupations and workers
in specific countries, taking into account the risk of being displaced, represents a good
technique [17].

The automatic prediction mechanism using statistical skills is a powerful tool in the
analysis of labor market developments and evolutions [18]. Consequently, employment
policy is improved by increased job competition using Al techniques in terms of augmented
inflows of labor [19]. In the aftermath, it can be observed that business and management
skills are those most exposed to Al, especially administration, finance, clerical, and project
management positions [20]; meanwhile, investigating the connections between e-commerce
and digital technologies in the COVID-19 era, it can be seen that consumer behavior has
changed, and e-commerce and web activities have gained an increasingly quick trend of
usage by customers [21].
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Analyzing the economic literature regarding the connections between the labor market
and Al techniques, it can be seen that at first, theoretical implications can be identified. The
new business models that are applied nowadays to the labor market use Al techniques as a
standard approach in order to restructure businesses and strengthen the labor market. In
this sense, both developed and developing countries have encountered several important
steps in business models using Al in their backgrounds.

Second, the trend of using Al techniques can be identified in the vast majority of
industries around the globe, which may start from goods, services, and different types of
businesses to important industry branches and strategic economic sectors.

Third, the empirical trends of using Al techniques in the labor market reveal the
need for digitalization and transformation of the labor market in order to adapt to the new
challenges of the globalized economy and labor market, especially the increasing number of
jobs and the future development of the market structure. Regarding these aspects, it can be
identified that several developed countries have successfully implemented Al techniques
and increased the labor market’s digitalization and transformation. However, there are
many developing countries where the process of using Al techniques in the labor market is
ongoing, but it can be seen that important steps have been made by several developing
countries in this direction.

The research gap identified in this subsection highlights the differences between
the theoretical part of the connections between Al and the labor market, in which there
are significant debates and divergencies among several important scholars in terms of
conceptualization, methodology, and structure, and also the empirical part, due to the
sensitivity of the process of measuring the impact of Al on the labor market, especially
due to three important country categories: developed countries, developing countries, and
less developed countries. The reason for tackling this problem in this study is in order to
establish an empirical connection between the labor market and Al, with direct implications
for both the theoretical and empirical parts.

The connections of the current state-of-the-art to the research question below are
represented by the need to enhance the soundness of e-commerce indicators by using
Al technologies and techniques. This aspect is very important due to the differences
manifested in the digitalization process of the economies in the three country groups
mentioned above.

Overall, the impact of Al on the labor market is visible around the world in the vast
majority of countries. The Al techniques, tactics, and developments applied and used on
the labor market will increase the digitalization of the economy and create a new labor
market environment in the context of the free movement of people and the flexible structure
of the market.

Research question Q1. Can labor market digitalization have a significant impact on countries
with different stages of development by using Al methods in e-commerce indicators?

2.2. Al in E-Commerce

The application of Al techniques in trade relationships encounters different challenges
and must comply with ethical and deontological standards and practices [22]. In terms
of the labor market and work performances, collective bargaining has a central role in
the relationship between new technologies and demographic decline by using different
algorithms with redistributive and fiscal policies [23].

The usage of Al in e-commerce has been analyzed in the economic literature from
the perspective of quantitative approaches to the labor force oriented towards analytic
models, e-marketing, and natural language processing [24]; meanwhile, other studies
deal with bibliometric analysis and descriptive networks for the connections between
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Al technologies and e-commerce [25]. An interesting approach to web-based business
advancements represents the usage of Al in genuine business models [26]. The release of
ChatGPT in 2022 has generated good economic policy outcomes in terms of increasing the
productivity level and employment rate [27]; meanwhile, the public policies and central
banks’ actions need to adopt Al technologies to improve the macroeconomic outcomes [28].

In the context of Al usage, labor relationships and different types of employees are
more affected than other types [29], but investigating the customer service and operations
of e-commerce business-to-consumer (B2C) giants needs to be undertaken by several types
of analysis and comparisons [30]. As a result, using Al techniques for organizational change
must be undertaken with a mix of elements such as employee education, content, job level,
and the appropriate salary [31]. Taking this one step further, the time allocation solution
was found for solving the labor force demographics disparities [32].

The connections between Al techniques and e-commerce are revealed at first by the
role of the new technologies, algorithms, and practices used in the e-commerce domain.
These practices and techniques must comply with the ethical practices and standards,
as they have a direct impact on e-marketing. The usage of techniques and tactics such
as descriptive networks, bibliometric analysis, analytical models, and natural language
processing will enhance and increase the soundness of e-marketing around the globe.

Another very important aspect is represented by the adoption of ChatGPT 5.0 version
in e-commerce and business for developing a new trend of policy outcomes in terms of
soundness and positive economic effects. E-commerce using Al applications is often used
by small and large companies in order to increase their business success and to increase the
need to expand the digital economy.

Finally, the connections between Al techniques and e-commerce must also be seen
in the context of intensifying international trade transactions in all types and areas of
businesses, from start-up companies to multinational companies. The future challenges here
are robotics and the usage of machines, algorithms, and other engineering developments
that can be used successfully in strengthening e-commerce appliances around the globe.

The research gap identified in this subsection regards the new e-marketing technolo-
gies that are currently being engaged in the digital economy, which are constructed to
increase e-commerce internationalization, with a direct impact on strengthening the indi-
cators of e-commerce. As can be seen, a wide range of these e-commerce indicators do
not have complete databases, with many missing values of data and not available (NA)
data, which currently indicates that the international databases must be reorganized and
reshaped for more accurate data processing availability and resilience.

The connections of the current state-of-the-art to the research question below are that
moving forward with the adoption and application of the MI cluster can be a quid pro
quo for enhancing the digitalization process of economies, in which the similarities and
differences manifested in the structure of the economies can be a solid background for the
integration process.

Research question Q2. Can the degree of e-economy integration be increased by the application of
cluster MI on the e-commerce indicators in countries with a similar economic structure?

2.3. Clustering Methods in Economics

The clustering methods in economics have been debated in the economic literature by
several important studies that deal with these aspects. While some of the studies measure
the usage of the Al techniques in the emerging markets, focusing on the worldwide
intelligence of e-commerce [33], other studies highlight the updating of businesses for
Al technology model usage and creation models [34]. Taking this one step further, it is
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necessary to enhance the regulation of the activities within e-commerce [35], and to connect
the labor market more locally with e-commerce through equilibrium models [36].

Taking into account the correlations manifested between the labor market and e-
commerce through clustering techniques, it is important to recalibrate the personal and
financial status of the employees by e-commerce in the digital economy [37]. Moreover,
e-commerce implementation will have benefits for employment and international trade for
developed and developing countries in the long and short run [38]. Adopting clustering
techniques of e-commerce with a two-phase model will generate a positive impact on
industries [39].

The usage of Al techniques in clustering analysis can be observed in the economic
literature regarding e-commerce, the labor market, and Al developments. Although the
empirical studies reveal different types of approaches, starting with the creation models
and different matrices of specific business models, all approaches identify the need for
these methods in the economic sciences.

Other approaches identify gaps in the digital economy, which are determined by
the lack of connectivity between the labor market and e-commerce, with the solution of
creating several models to generate equilibrium sequences. These models are constructed
with different stages and phases, and also not only encompass appliances for e-commerce
and businesses, but may also be applied in different economic fields such as finance,
accountancy, communication, and marketing.

Globally, clustering techniques are used to conduct SWOT analysis for enterprises,
and large datasets are used for forecasting and prediction, determining different patterns
and shapes of businesses and enterprises, but also to group several types of countries with
similarities in order to increase the digitalization of economies.

The research gap identified in this subsection regards several different clustering
methods in economics used by different authors and research groups, which encounter
very interesting performances and results in terms of objectives, methodologies, and
clustering techniques. This process is also bound to the data availability, the soundness of
datasets, the accuracy of the models, and the prediction strategies.

The connections of the current state-of-the-art to the research question below are
bound directly to the qualitative shift in the clustering techniques and methodologies,
which, through the high degree of soundness of the e-commerce indicator database, can
lead to an increase in the degree of digitalization of the economies.

Research question Q3. Can the degree of digital transformation be increased through the usage of
clustering analysis for the e-commerce indicators?

3. Research Model and Methodology
3.1. Data

The overall goal of the technical section is to analyze if and in what way a tabular
information structure obtained by fusing some publicly available data indicates successful
e-commerce, and, eventually, the advent of successful digital economies.

The fused data set is a matrix containing N = 152 countries (cases) represented by
m = 47 indicators.

The types of structures of the single matrix column entries (henceforth named “indica-
tors”) are as follows:

- Metrics, with some of them being ordinal (amounts, scores, etc.);

- Four categorical variables (existence and implementation stage of regulations, etc.);

- Five consecutive years for an indicator per country are transformed into five different
input variables in order to avoid a partial longitudinal dimension to the present analysis.
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Overall, out of all Nm = 7144 matrix entries, there are almost 30% NAs (missing values),
with their frequency of occurrence being somewhat biased towards countries known to be
economically less developed.

Table 1 emphasizes different groups of potential indicators to assign countries to
e-economy success classes. These indicator groups are headed by the respective capital
letter titles. The assumption is that there are no reliable “given” success class assignments
(labels) for countries, as such label assignments may change over time. However, we also
assume that such assignments are “hidden” inside a sufficiently diverse data set, covering
a broad range of potential influences (as may well be the present one). Consequently, it
is then of interest to find out which countries are situated at the margin between cluster
pairs, and, hence, are expected to be candidates for future migration between different
success clusters.

Table 1. All m indicators (features) with code names ul-u47 and database sources.

ICT INFRASTRUCTURE, SERVICES—ull from ITU Database

ul: Internet users (per 100 people);

u2: Fixed broadband Internet tariffs, PPP USD/month;

u3: Fixed broadband subscriptions per 100 inhabitants;

ud: Active mobile broadband subscriptions per 100 inhabitants.

PAYMENT SOLUTIONS—all from Global Findex

ub: Debit card (% age 15+);

u6: Debit card used in the past year (% age 15+);

u?: Credit card (% age 15+);

u8: Credit card used in the past year (% age 15+);

u9: Used an account to make a transaction through a mobile phone (% age 15+).

TRADE, LOGISTICS, TRADE FACILITATION—from UPU Database if not specified otherwise
ul0: Percent of population having mail delivered at home;

ull: Percent of income linked to parcels and logistics services;

ul2: Postal reliability index;

ul3: Percent of the population without postal services;

ul4: LPI international shipments score;

ulb: LPI logistics competence score;

ulé: LPI tracing and tracking score;

ul?7: LPI timeliness score;

ul8: Days to clear direct exports through customs—from Emterprise Survey;
ul9: Burden of customs procedures—from World Economic Forum.

E-COMMERCE. SKILLS DEVELOPMENT—from NRI World Economic Forum if not specified otherwise
1u20: Percent of firms using e-mail to interact with clients/suppliers—from Enterprise Survey;

u2l: ICT use;

u22: B2C internet use;

u23: Firms’ technology absorption.

LEGAL, REGULATORY FRAMEWORKS—all from UNCTAD Cyberlaw Tracker

u24: Does the country have a legal framework for electronic transactions/e-signature?

u25: Does the country have a legal framework for data protection/privacy online?

u26: Does the country have a legal framework for consumer protection when purchasing online?
u27: Does the country have a legal framework for cybercrime prevention?

ACCESS TO FINANCING—all from Enterprise Survey

u28: Percentage of firms identifying access to finance as a major constraint;
u29: Proportion of loans requiring collateral (%);

u30: Proportion of working capital financed by banks (%).
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Table 1. Cont.

E-COMMERCE, READINESS, ASSESSMENT, STRATEGY

u3l
u32
u33
u34
u3b
u36

: Country rank and value in the UNCTAD B2C E-commerce Index, Value—from UNCTAD;

: idem. Rank;

: Country rank and value in the ITU ICT Development Index, Value—from ITU Database;

: idem. Rank;

: Country rank and value in the WEF Networked Readiness Index, Value—from World Economic Forum;
: Partner.

UNCTAT B2C E-COMMERCE INDEX (0-100)
u37: year 2016 value;

u38
u39
u40
u4l

: year 2017 value;
: year 2018 value;
: year 2019 value;
: year 2020 value.

UNCTAT B2C E-COMMERCE INDEX RANK

u42: year 2014 rank;
u43: year 2016 rank;
u44: year 2017 rank;
u45: year 2018 rank;
u46: year 2019 rank;
ud?7: year 2020 rank.

In Table 2, we show the summary statistics of the m indicator variables. Only 5 out of
all 47 indicators have no missing values (NAs). Variables with a small set of unique values
and few missing value entries (for example, categorical variables u24-u27, etc.) may lead
to situations of zero in-group variance after forming country groups (clusters).

Table 2. Summary statistics of all m indicators (features) over all N countries.

Min. 1st Qu. Median Mean 3rd Qu. Max. NAs
ul: 2.22 20.9 50 48.5 729 98.2 -
u2: 7.15 23.8 32.2 68.4 54.3 1.08 x 103 8
u3: 0 0.953 7.931 2.7 23.2 448 3
ud: 0.16 19.9 43 50.1 71.3 144 3
ub: 0.494 11.3 30 384 64 98.6 3
ub: 0 4.62 17.8 28.9 50.5 95.9 16
u7: 0 2.3 9.86 17.2 26.6 77.1 3
u8: 0 1.15 7.95 15.1 23 75.1 16
u9: 0 1.58 4.07 7.61 10.4 34 16
ul0: 0 28.6 90 66.5 100 100 4
ull: 0 7.93 13.1 213 25.8 84.1 6
ul2: 0 249 65.8 56.5 84.1 100 2
ul3: 0 0 0 11.1 10 99.7 3
uld: 1.36 2.45 2.86 291 3.37 4.24 8
ulb: 1.39 2.38 2.73 2.86 3.27 4.28 8
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Table 2. Cont.

Min 1st Qu. Median Mean 3rd Qu. Max. NAs

ulé: 1.54 2.38 2.78 291 3.42 4.38 8
ul7: 2.02 2.83 3.28 3.31 3.78 4.8 8
ul8: 1.1 45 6.95 7.8 10.2 26 36
ul9: 1.9 35 4 4.06 4.6 6.2 18
u20: 15.5 56.7 74.8 69.3 86.8 99.8 32
u2l: 29 4.2 4.7 4.72 5.3 6.1 18
u22: 2.2 39 45 448 5.1 6.4 18
u23: 29 4.2 4.6 4.69 5.27 6.2 18
u24: -1 2 2 1.75 2 2 1
u2b: -1 2 1.28 2 2 1
u26: -1 -1 2 0.881 2 2 1
u7: -1 2 2 1.54 2 2 1
u28: 1 14.8 22.7 27 39.1 75 31
u29: 23.3 67.9 81.1 77.7 89.6 100 31
u30: 0.7 6.4 10.6 11.2 15.7 25.9 31
u3l: 6.5 28.7 47.2 47.2 65.2 89.7 15
u32: 1 35 69 69 103 137 15
u33: 1 2.73 4.7 4.84 6.83 8.8

u34: 1 41 86 85.9 132 175

u35: 2.2 34 4.1 414 4.77 6 18
u36: 1 35.2 68.5 69.7 105 139 18
u37: 6.5 28.7 47.2 47.2 65.2 89.7 15
u3s: 3 345 53 54.1 78.2 96.5 8
u39: 6.6 34.1 53.7 54.9 76.9 96.1

u40: 5.4 33.6 54.3 55.5 78.4 96.4 -
u4l: 5.6 33.5 54.7 54.9 77.9 95.9 -
u42: 1 31.2 61.5 62.1 92.8 126 30
u43: 1 35 69 69 103 137 15
u44: 1 36.8 725 725 108 144 8
u4b: 1 38.5 76 76 114 151 1
u46: 1 38.8 76.5 76.5 114 152 -
ud?: 1 38.8 76.5 76.5 114 152 -

3.2. Research Methods

As can be expected, much of the compiled economic research data, which at the con-
ceptual level invites interesting and relevant socio-economic research, unfortunately come
with considerable limitations. These include (1) low data volumes, (2) a high percentage of
missing values, and (3) low time resolutions. Data connected to direct commercial goals
of certain economic agents, such as high-frequency financial data (used for trading) and
marketing-related data (i.e., used for sales and recommender systems, etc.) may suffer to a
lesser extent from sparseness, heavy missing value infiltration, and low time resolution.
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The number of cases (observations, N) is often compared unfavorably with the number
of features (indicators, m), in the sense that “traditional” statistical models would need
N > m to avoid overtraining, and hence, there are trivial solutions of forecasting models.

In this study, the observations are countries without temporal resolution, and the
indicators span a wide range of potentially relevant aspects of mapping how (and if) e-
commerce indicators influence the development (status) of the digital economy within
these countries. At this point, one may also acknowledge that countries are more diverse
and heterogeneous and, in some ways, less directly comparable than more obviously
linked objects or subjects of statistical observations, like, for instance, clients, markets,
or competitors.

Furthermore, our goal is to understand the relationship between country groups
and indicators.

Hence, there is no clear-cut, hard, single-objective optimization problem as one can
find behind many “classical” AI/machine learning (ML) approaches; be they supervised or
semi-supervised situations, we call them many-views filtration.

Here, the difficulty lies in filtering out useful views from a huge combinatorial search
space of options, which in fact goes beyond the widely used big data filter approach of
conventional Al or ML. Today’s successful Al applications rely to a large extent on super-
huge databases (text, images, formalized knowledge, etc.), which can only be managed by
very large IT firms. Such apps learn to produce “useful” output by continuously adapting
to the hundreds of billions of consumer reactions—which, measured by the colossal effort
involved, may not come as a complete surprise. The general outline of analyzing the data
available for this study is depicted in the diagram in Figure 1.

Proposed approach: Multi-view filters

Classical AI / ML: Learn on big data

Limited Size Data Base (<< MB)

Very Big Data Base (>TB)

Socio-economic, aggregate data
Cultural, technological facts, ...
Low resolution, missing value issues

Scanner, Clients, Competitors,

E-Messages, Products, ...
High resolution, disaggregate

v

Methods

- Neural networks in
different variants

- Genetic programing

- Logic programing

AV

Alternative goals

Minimize forecasting error

Minimize classification error

Minimize the distance
between expected and
generated items as in
Generative Al ("realism")

o

v

Methods

Clustering - linkage methods
Imputations - generators

Input selection - combinatorial
(C), (I) and (M) interdependent
Borrow from AI/ML as needed

|

Common ground

Some common ground is

given by Recommender Systems
which treat missing values as
the very target of the process;

they als use AI/ML as needed

.

Country groups (C)

Indicator groups

@

M)
Missing values
distribution

Multi-view filter goals

Evaluate groupings of cases
Evaluate groupings of indicators

Handle missing values
Propose imputations
Evaluate stability of groups

Variable selection

Improve explanatory power

Figure 1. The general outline of the multi-view filter analysis of restricted and incomplete socio-
economic data. This stands in contrast to the more straightforward use of AI/ML applications (left
column) for huge and highly focused data sets (as routinely available to commerce, the natural

sciences, and to engineering). Source: own production using xfig under Linux.
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The present study does not command the necessary computational resources for real-
izing the loops of the most general search and filter process outlined in Figure 1. We restrict
ourselves to describing certain important aspects thereof, which, even if branched out of
the general procedure, illustrate the path of the analysis and the step-wise contribution of
the data for explanatory purposes.

With economic and commercial data, it seems very important to distinguish between
data volume and information content or redundancy. Economic or commercial data may
be regarded as “big data” by volume but much less so by information content—an aspect
which part of the Al community seems to neglect. Hence, one should not disregard small
data sets, but multiple views on these data should be mandatory.

The following steps describe our analysis, which is an illustrative branch-out from the
general procedure depicted in Figure 1:

Step 1—Some information may be obtained solely from looking at the (country, indica-
tor) entry distribution of missing values, for instance, by replacing NA entries with zeros
and the empirical numeric values with random numbers drawn from a uniform distribution.
Such a filter may already alone result in interpretable or confirmatory country clustering.

Step 2—Many economic data (including ours) contain up to 30% of missing value
entries (NAs). The outcome of statistical analyses using such data is biased or skewed
if disregarding them or replacing NAs with “naive” numeric values like means or zeros.
Hence, generating a sufficiently large number of imputations, that is, proposing matrices
with different missing value replacements, is called for. There are some refined approaches
available, which generate imputations by taking the follow-up modeling intention into
account. As in our case, if the follow-up modeling happens to be clustering, the generated
set of imputations would enable preferably stable clusters. In qualitative terms, this
can be thought of as favoring such imputations which do not radically change cluster
compositions by making relatively small changes in the data. Such characteristics are
enforced by procedures which fall under the label of Bayesian probabilistic programming
(a prominent example being STAN—Substance Flow Analysis v2.37.0-rc3. Substance Flow
Analysis—STAN is a very powerful system for Bayesian probabilistic programming used
for data-intensive modeling. It may be used as a stand-alone application, but it more often
serves as a (hidden) back-end in many software tools or languages popular with researchers
from many scientific domains, as are, e.g., Python, Matlab, R, Stata, etc.), which is part of
the modern AI/ML toolbox.

Step 3—Upon obtaining a sufficiently large and stable set of imputations as described
in step [2], one may proceed with the intended data modeling. For our data, we view
looping over a series of clusterings resulting in country- respective indicator-grouping to be
an adequate modeling procedure. The motivation for preferring clustering over supervised
approaches like classification or regression is manyfold: People, in general, and decision
makers, in particular, are inclined to think in terms of grouping of items, markets, persons,
technologies, competitors, and rating classes, etc., and they often decide upon considering
the group memberships of subjects and on group reputation. Such decisions may include
highly strategic matters, which include whether a country should enjoy partnerships or
preferential treatment of any kind; receive investments and contracts; or be included in
development programs, to name a few. From a technical standpoint, using supervised
models hinges on having important reasons to assume which of the variables are dependent,
which is not the case with our data.

Recent reviews of clustering methods [40-42] (the latter discusses the intimate relation
of clustering and machine learning) suggest a bewildering diversity of approaches, which
take statistical and topological properties of data points into account and which are also
tailored to the dimensionality and volume of data. The modeling process outlined in Figure



J. Theor. Appl. Electron. Commer. Res. 2025, 20, 219 13 of 40

nine may, in principle, loop over all known clustering approaches. For simplicity, we
restrict ourselves in this study to using two important and technically sufficiently distinct
approaches, namely (1) hierarchical clustering and (2) centroid-based clustering. Many of
the other potentially interesting approaches, such as the families of model-based clustering
or constrained clustering, do require assumptions and/or domain knowledge, which for
our data are not available for now.

In this study, we use clustering in consecutive steps, namely, the following:

The entire set of N = 152 countries is clustered into two similarly sized clusters C1
and C2, which roughly contain less developed countries in the bigger cluster C1 and
more developed countries in C2 after qualitatively characterizing these clusters in terms of
their relationship to groups of indicators by using k-means clusters and correlation-based
hierarchical clustering.

In the next step, we sub-cluster C2 into four different differently sized clusters C21, C22,
C23, and C24. Although a two-partition would here also yield the most stable clustering,
we choose a four-part clustering, which we expect to provide more informative results.
In this step, we repeat the generation of imputations as the data background has been
modified (fewer countries and some eliminated indicators resulting from the shortened
country list) and cluster the remaining data.

We finally show how all four clusters act on drawing out a data value range separately
for each indicator. This allows us to judge the value overlap (and separability) that this
clustering achieves for the different indicators for each of the four country groups.

3.3. On the Role of Missing Values in Economic Data

Missing values are ubiquitous in empirical data, and especially in economic data from
different national origins. As detailed before, missing data can pose serious problems
for data analysis. For some statistical methods, one even lacks algorithms that adapt to
this situation. However, within certain limits, this problem can be overcome by generat-
ing imputations to replace missing values with numerical ones. In the last few decades,
a variety of approaches were developed for generating imputations which take the na-
ture of the intended data analysis into account, with some appealing directly to AI/ML
methods [43].

Comparative analyses: To what degree do the obtained clusters agree with clusters for
the same countries (cases) obtained by more standard macroeconomic indicators (e.g., GDP
per capita, research and development (R&D) expenditure, financial country scores, etc.)?

This allows us to characterize the surplus (added value) information obtained from us-
ing the specialized data set compared to the use of more standard economic indicator data.

Limitations of standard methods:

- Standard k-means do not work for data with NAs (as with the situation in R).

- Standard hclust works due to a dissimilarity matrix, which simply “ignores” NAs by
computing pair similarities, which take only the contribution of regular or non-NA
vector entries into account. This means that entries with non-NA values in both vectors
solely contribute to the distance. Thus, by counting just the non-NA entries at least,
standardization over all vector pairs is consistent. However, ignoring NAs is expected
to distort the pragmatic and computationally less-intensive solution:

We repeatedly use standard hierarchical clustering hclust by deploying different simi-
larity methods (for example “euclidian”, “city-block”, etc.), which provide the similarity
matrices needed by hclust (outer computational loop) and do this for different agglom-
eration methods (for example “single link”, “complete”, “average”, and others) in the
inner loop.

Furthermore, we first compare their partition plausibility.
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Advanced and computationally more-intensive solution (using the clusterMI R-library):

After a systematic search concerning statistical and Al-/ML-related methods, we
identified the recently published R software [44], which has the required functional-
ity for both clustering and also for implicit analysis of our data. We also determined
that these computational methods were indeed working, at least for some sensible
parameter choices.

This ensemble of computational methods is collected in the clusterMI R-library and in
the subordinate methods. It can produce a set of imputations for the NA entries in the data
matrix and thereby create a population of such imputed matrices.

- We cluster the imputed matrices by k-means, with k > 2;
- We identify a “consensus clustering”;
- We report the stability of the clustering obtained.

A byproduct of such a procedure is that it provides a reasonable number 2 < k < min
(m, N) of clusters, which should hence be well below both the number of countries N and
indicators m.

We continue to sub-cluster the members of (reasonable) clusters, which pose further
interest, and post-analyze them as stated above.

Summing up, our analysis pipeline contains two consecutive, forward-pointing, ex-
ploratory steps, namely, the following;:

(1) Generating imputations for missing values and computing an instability measure,
which indicates the most stable variant of centroid-type clustering for varying num-
bers k =2, 3,... of clusters. This proposes the cluster number that leads to the fewest
membership changes if data are perturbed (i.e., if other imputations are used). Note,
there is no stringent mathematical reason for actually using this instability-informed
proposal. It may be overridden if solid domain knowledge suggests otherwise.

(2) Using the proposed cluster number, actual clustering is performed, following con-
sensus clustering based on the population of imputations inherited from step (1).
Roughly, this can be thought of as a majority vote for a country to be a member of a
cluster with given members, although technical details may be more involved. The
resulting clustering informs the empirical analysis and its interpretation. For each
cluster generated, the contribution of the different digital economy indicators can be
read off. This may be performed by comparing the cluster-specific means or other
statistical measures of indicators. Furthermore, co-clustering countries and indicators
may also inform us about the similarities between countries based on the correlation
of indicators.

For each cluster, this process may be repeated, generating sub-clusters. This may be
interesting, for instance, if the mother-cluster is too coarse and does not (yet) represent
a subdivision of countries that is recognizable/interpretable according to other domain
criteria, which are not directly present in the data.

Additionally, after each clustering step, in order to continue with further sub-clustering
of a selected cluster, there is a feedback loop (i.e., backward pointing), which restarts the (in-
)stability-determining (first) step of potential clustering after recomputing the imputations.
This recomputation is based on the actual missing data remaining in the locations of the
previously selected cluster.

Next, we determine the rationale for using the methods offered by clusterMI [45] in our
data analysis. First, we emphasize that the technique of generating values for imputations
can be chosen from a broad spectrum of techniques that take values “adjacent” to observable
data into account [46]. However, in our context, the most significant intervention is based
on the assumption that the data points can be meaningfully assigned to clusters. Hence,
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one may, for instance, generate a large number of random imputations as long as they are
“within” the data, or, geometrically, generate interpolations rather than extrapolations. The
crucial point is to associate the selection of an imputation with a clusterization. In simple
geometrical terms, this implies that imputations for missing values should be located inside
clusters and not in between them. This further means that there are clusterizations with
regard to given imputations, which are more stable than others. Note that a clusterization
includes both the number of clusters and the respective cluster membership list (i.e., which
data point belongs to which cluster). Conversely, imputations are then selected with regard
to given clusterizations. This process of generation and selection will eventually return a
recommendation k* for the number of clusters (for using medoid clustering, like k-means)
and an associated set of imputations. This ends the first phase of the clusterMI analysis.

A second phase of the clusterMI analysis will then return a concrete consensus k*-
clustering, which is the object of interest for the interpretation of the empirical data analysis.

The basic problem of the cluster-anticipating generation of imputations (phase one) is
represented in Figure 2. The figure depicts, by means of a two-dimensional data example,
(a) the potential imputation if no clustering is assumed and (b) if a k-means-like clustering
with k = 2 is attempted, and in Figure 3, we move on to k = 4. These examples pretend that
there is a “natural” or “true” cluster structure of the data, which is the four clusters (labeled
by the alternating color shades of the data points). Further, we assume this true labeling
reflects information that cannot be entirely known by a modeler. Hence, in technical terms,
this means that the labels cannot be guessed completely by using distance-based clustering.

Cluster 1

Cluster 2
. " P . . -> lines ath
@ data points of "natural: clusters | and 4 Bl——e  missing value (square) > imputation \ linear n:l.xl!on hc!\\e;-n the
two data dimension. For
. X comparison only
® data points of "natural: clusters 2 and 3 E—. same for points of cluster 2,3 D
cluster boundaries

Figure 2. A stylized two-dimensional example of the difference between imputations when all data
are subjected to an imputation generator (left panel) and when the aim of clustering is enforcing
alternative imputations (right panel, the case for two-cluster clustering). Note that, in general, besides
the imputation coordinate values, the resulting relation between the (cluster-wise) data also changes,
sometimes dramatically so. This is hinted at with the shape of the linear regression curve (with many
more data points, non-linear relations may also be reliably detectable).
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Qutlier, may end

endupina

1-member cluster
if k=5 is attempted

“Unexpected" class
memberships and
outliers, may end
end up in a small
2-member cluster
if k=5 is attempted

Cluster 1

Cluster 2

Cluster 4

Figure 3. The same data point example as in Figure 2, now with four clusters, which would at least by
cluster number match the assumed “true” cluster structure. Continued sub-clustering may produce
more information but may also induce some more difficulties: (1) relative outliers with regard to the
new cluster boundaries may appear, and (2) “unexpected” class memberships may show up.

The final result of the cluster-anticipating generation of imputations by clusterMI is a
clustering which hopefully approaches the “true” cluster structure. The extent to which this
is achieved depends also on the share and distributions of missing values in the data and on
whether the true groups can be recovered by distance-based methods. These conditions are
“external” and cannot be influenced by the modeling process. It is worth noting that here,
Al may possibly help in a less than spectacular way, namely by extending the database and
by using extensive computational resources: bringing in more indicators poses additional
problems as data sparsity further increases. Therefore, using a very large number of partial
models (on subsets of indicators) becomes necessary, especially when faced with multiple
missing values ([47] for a related context).

Figure 3 explains, through four-cluster clustering, what may be gained in terms of
information and which new challenges may surface. Potential information gains are
highlighted (in a stylized manner) by the different linear relationships within the cluster-
wise data. The challenges result in part from the limited cluster shape reconstruction
ability of k-means, but also of that of other distance-based clustering techniques. In theory,
“linkages”—as can be chosen for hierarchical clustering—could help. However, there is
no data-intrinsic hint as to which linkage may be adequate. In our extensive tests using
different linkages, the linkages that implied a significant departure from distance-based,
centroid-like clustering did result, for our data, in highly unrealistic, degenerate cluster
structures. Henceforth, we centered our attention on using k-means clustering.

In order to sum up and clarify the use of clusterMI, we display in Figure 4 the main
information flow and the overall analysis pipeline as is used further down in the Section 4.
The mandatory steps within the clusterMI method are outlined, but useful extensions and
complementary analyses such as sub-clustering and hierarchical co-clustering are also
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highlighted. Note that besides the formal logic of information flow and algorithm choice,
there is a lot of scope for (modeler’s) intervention into analysis configuration. To this end,
available economic data almost never contain the tacit (human) domain knowledge needed.

DATA

with Missing Values

NAN - structure only Imputations for NANs

preliminary 2-clustering ' A
Clustering objective

v

Recommendation for
‘ number k* of clusters

Imputations selected

Hierachical clustering
Allows for displaying

partial views, especially

--> Conclusions

Final clusterings
Correlation co-clustering k-means at k* and above

First clustering

! v

1 l Sub-clusterings
CONSENSUS CLUSTERINGS
[ clusterMI --> Final Conclusions

Figure 4. Information flow and analysis steps as described in this section, and as are realized using
our empirical data, are realized in the follow-up sections. Hierarchical clustering and sub-clustering
may be introduced by the modeler as extensions to the principal analysis with clusterMI.

4. Empirical Results

Following the research plan outlined in the previous section (Methods), in order to
first assess the functionality of the advanced methods from the clusterMI library (henceforth
referred to as clusterMI), we replace all non-NA entries of the data matrix with positive
random (uniformly distributed) numbers and let clusterMI generate imputations (numerical
proposals for the NA entries). The number of alternative imputations is set to n_imp = 25.
Thereafter, we run standard k-means for k = 2,3,4 clusters and return the most stable
respective clusterings. Obviously, the numerical values of the entries are “meaningless”
here (as they are effectively noise), but the question to be answered first is whether the
structure of the positioning of NAs within the vectors viewed country-wise can determine
some (weak) interpretable results. The result at this stage is (somewhat surprisingly) that
the most stable group (k = 2) returns two clusters which roughly contain the cohort of less
developed countries in one cluster and the more developed ones in the other.

We refrain from showing a table with the detailed country assignments to the re-
spective clusters. However, in Figure 5, we depict the sorted instability measures of the
clusterings associated with the number of clusters. Naturally, during the effective evalua-
tion, the individual instability values do occur in the sorted order as shown in the figure.
Visual inspection alone indicates that, for k = 3,4, there is less concentrated variance on a
slightly broader value range, which leads the method to return k = 2 as the winner.
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Figure 5. Instability range for 50 imputation matrices where the non-NA entries are replaced by (0,1)
random uniform numbers. The ranges are computed using k-means, for k = 2,3,4, which are shown by
the panels in that order from left to right.

A suitable interpretation for this coarse-grained finding is that missing information
on the available indicators alone indicates a potentially reduced level of competence
concerning the implementation of a digital economy.

4.1. Hierarchical Clustering on Distance Matrices That Neglect Missing Values

The next step outlined in the research methods in the previous section is to find hierar-
chical clusterings with “given” distance matrices between countries and between indicators.
This re-ordered double clustering is displayed in an N \times m matrix with associated
dendrograms for both groupings simultaneously. In order to search for acceptable and
interpretable groupings of countries and indicators, we evaluate parametrizations concern-
ing a series of available methods for distance evaluations between pairs of vectors and
agglomeration methods, which guide the way to connect such vectors into clusters.

From a larger set of such re-ordered double clusterings, we select the ones that allow
for suitable interpretations of our economic data. This calls for more automated procedures
for how to rule out unsuitable candidates.

For the time being, we rule out or downgrade groupings with a highly asymmetrical
number of cluster sizes; such choices may be refined in later clusterings, which are sub-
clusters of the former ones.

For the distance method we use (1) “euclidean”, (2) “maximum”, (3) “manhattan” (or
city-block), (4) “canberra” (especially suitable for “counting” data), (5) “binary” (asymmet-
ric binary, a Jaccard-coefficient-like measure), and (6) “minkowski”. As the data columns
are of mixed type, the suitability of none of the distance methods can be ruled out a priori.

For the cluster agglomeration method, we use (1) “ward.D”, (2) “ward.D2”, (3) “sin-
gle”, (4) “complete”, (5) “average”, (6) “mcquitty”, (7) “median”, and (8) “centroid”, which
may have vastly different effects on cluster formation. While, in principle, the same a priori
suitability argument applies as for distance methods, it is expected that more “geometry”-
sensitive methods like “single” are less likely to return clusterings which reflect economic
principles or interpretability.

In total, we compute 48 clusters using the standard hclust R package(version: 4.4.3 from
2025 february).

In Figures 6 and 7, we depict an example of highly asymmetric and equilibrated clustering.

Note that such double-clustering matrices cannot be compared directly, as, for instance,
cluster naming is arbitrary. Hence, one may resume the comparison of submatrices that
contain countries and indicators of interest that appear adjacent in the images in the figures.

A completely stringent and exhaustive comparison over all submatrices can be a hard
task, even computationally. However, visual inspection and a priori selected countries and
indicators of interest can ease such comparisons.
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Figure 6. Double clustering by using the distances between countries and between indicators,

respectively. The cluster agglomeration method uses “single,” and the clustering is highly asymmetric.
Similar results are obtained for different distance methods (countries are rows).
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Figure 7. Double clustering by using the distances between countries and between indicators,

respectively. The cluster agglomeration method uses “average,” and the clustering is equilibrated.

Similar results are obtained for some different distance methods and for agglomeration methods
which have effects similar to “average” (countries are rows).
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4.2. K-Means Clustering on Data with 50 Alternative Imputation Matrices (The
Clustermi Methods)

In order to use the view of hierarchical clusterings over both the countries and the indi-
cators, two distance matrices are computed, namely N\ times N and m\ times 1, respectively.
The distribution of the values of these matrices is depicted in Figure 8.

N(N-1)/2 = 11476 distances between N = 152 countries: all data
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Figure 8. Histograms for the distance matrix entries of the entire data set. Left panel: Distances
between countries computed over the indicators. Right panel: Distances between indicators computed
over the countries.

After a first run over the imputed data attempting k = 2 clustering, the most stable two-
clustering is obtained, dividing the 152 countries into two groups, which, again, roughly
reflect development status. Group 1 contains “third world” countries, and Group 2 contains
OECD countries and some others.

From the perspective of absolute technological capabilities, this grouping may not be
completely satisfactory, as countries like India and Indonesia, and some others, are members
of Group 1, although they command substantial competencies in IT and related sectors.

The corresponding histograms for the distances between the countries and the indica-
tors in the first group (the less developed countries) are depicted in Figure 9.

Figures 9 and 10 suggest that the multimodal and almost disconnected occupancy
of the density of distance values (of both countries and indicators) are, to a large extent,
generated by countries of cluster 1, that is, by the group of less developed economies. This
is not too surprising, as there should be vastly more cultural, behavioral, and institutional
diversity within these countries as they converge much less in terms of having a more
similar view on economic and developmental matters than the countries from Group 2.



J. Theor. Appl. Electron. Commer. Res. 2025, 20, 219 21 of 40

N(N—1)/2 = 3916 distances between N = 89 countries: C1-MI cluster
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Figure 9. Histograms for the distance matrix entries for the Group 1 data. Left panel: Distances
between countries computed over the indicators. Right panel: Distances between indicators computed
over the countries.

The next step in our data analysis is to double cluster countries and indicators on all
countries and on countries determined by the clusterIM (using multiple imputations).

At this level (Figure 11), a clear partition into two distinct country—indicator blocks is
visible. This refers to the two rectangular submatrices, predominantly colored in reddish
tones, which reflect blocks of positive correlations.

The upper-right block builds upon indicators 32, 34, 36, 42, 43, 44, 45, 46, and 47, and
on the single contributions of indicators 2, 10, 20, and 29. According to Table 1, the 47
indicators can be subdivided into nine variable groups. Hence, {32, 34, 36} are from group
E-commerce readiness, while {42-47} are from group E-commerce index rank/years.

The single contributions of indicators are from groups ICT infrastructure & services {2;
Trade, logistics & facilitation {10}; E-commerce skills {20}; and Access to financing {29}.

The lower-left block builds upon indicators 1, 31, 37, 38, 39, 40, and 41, and on the
single contributions of indicators 4, 5, 10, and 12. This corresponds to indicators from
groups ICT infrastructure & services {1}, E-commerce readiness {31}, and E-commerce index/years
{37-41}.

The single contributions of indicators are from groups ICT infrastructure & services {4;
Payment solutions {5}; and Trade, logistics & facilitation {10,12}.

These indicator influences will next be compared to clusterMI-generated country groups.

Figures 12 and 13 are computed using the same final procedure as Figure 11 but for
pairwise correlations on the cluster data resulting from applying clusterMI, that is, on
the countries from the two clusters C1 and C2 produced by k-means, with k = 2, using 50
different imputations for the NAs in the original data. As stated above, the most stable
(consensus) clustering {C1, C2} is returned.
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N(N-1)/2 = 1953 distances between N = 63 countries: C2-MI cluster
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Figure 10. Histograms for the distance matrix entries for the Group 2 data. Left panel: Distances
between countries computed over the indicators. Right panel: Distances between indicators computed
over the countries.
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Figure 11. Pairwise correlation of all countries and all indicators (related to the histogram in Figure 4).
The red-leaning colors indicate positive correlations, and the blue-leaning ones show negative corre-
lations between country pairs. Countries and indicators are rearranged in order to form hierarchical
clusters with non-overlapping tree branches.
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Figure 12. Pairwise correlation of all countries from cluster 1 (related to the histogram in Figure 11).
The same interpretation applies to the matrix images from Figure 11.
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Figure 13. Pairwise correlation of all countries from cluster 1 (related to the histogram in Figure 10). A
categorical variable (indicator) is eliminated due to a variance of zero issued at that column with a reduced
number of countries. The same interpretation applies to the matrix images from Figures 11 and 12.

In analogy to the explanations given for Figure 8, we report on influential indi-
cators by means of the blocks of positive correlations, as well as on single important
indicator contributions.

The country cluster C1’s leftmost predominantly positive block builds upon indicators
34, 36, 42, 44, 45, 46, and 47, and on the single contributions of indicators 10, 20, 29, and
41. These correspond, respectively, to the indicator group E-commerce readiness {34, 36},
while {42, 44-47} are from group E-commerce index rank/years, which is very similar to
the influences found in Figure 8 for the first country group. The single contributions of
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indicators are from groups ICT infrastructure & services {2}; Trade, logistics & facilitation {10};
E-commerce skills {20}; Access to financing {29}; and E-commerce index/year {41}—again similar
to the positive influences found in Figure 11 for the first country group.

The country cluster C2’s leftmost predominantly positive block builds upon indicators
30, 32, 34, 40, 41, 42, 43, 45, and 46, and on the single contributions of indicators 4, 10, 12,
20, 29, 36, 37, 38, and 39. The positive block builds on indicator groups Access to financing
{30}, E-commerce readiness {32, 34}, and on both E-commerce index/year {40, 41} and E-commerce
index rank/year {42,43,45,46}.

The single contributions of indicators build on indicator groups ICT infrastructure &
services {4}, Trade, logistics & facilitation {10,12}, E-commerce skills {20}, Access to financing
{29}, E-commerce readiness {36}, and E-commerce index/years {37-39}.

The C2 positive correlation indicators are different for both the group and single
influences from those found in the second country group of Figure 11, which reflects the
main effect of the imputed clustering computed by the clusterMI procedure.

Low fixed broadband Internet tariffs, in Purchasing Power Parity (PPP) USD/month
(Figure 11), may signal intense IT-related, economically relevant activity. For C1 countries,
low tariffs are to be found in all selected countries that have e-economy potential by virtue of
overall technological capabilities, even if that potential is not fully realized as of yet. Note also
the very large discrepancies in tariffs within C1. For the selected countries from the C2 group
(highlighted in Table 3), the low-tariff countries are, respectively, Brazil, Japan, Romania, the
Russian Federation, and the USA. These either reflect successful e-economies or countries
with qualified work, enabling a decisive move in that direction, according to Figure 15.

Table 3. The countries assigned to clusters C1 and C2 were produced by clusterIM.

CLUSTER C1 (89)

Afghanistan Albania Algeria Angola Argentina * Armenia
Bangladesh Belize Benin Bhutan Bolivia Bosnia and H'gov
Botswana Burkina Faso Burundi Cambodia Cameroon Chad
Colombia Comoros Congo, DR. Congo, Rep. Cote d’Ivoire Djibouti
Dominican Rep.  Ecuador Egypt * El Salvador Ethiopia Gabon
Georgia Ghana Guatemala Guinea Haiti Honduras
India * Indonesia * Iran * Iraq Jamaica Jordan Kenya
Kyrgyz Rep. Lao PDR Lebanon Lesotho Liberia Libya
Madagascar Malawi Mali Mauritania Mexico * Moldova
Mongolia Montenegro Morocco * Mozambique Myanmar Namibia
Nepal Nicaragua Niger Nigeria * Pakistan Panama
Paraguay Peru Philippines Rwanda Senegal Sierra Leone
Sri Lanka Sudan Swaziland Syrian Arab Rep. Tajikistan Tanzania
Togo Trinidad and T’go Tunisia Uganda Uzbekistan Venezuela
Vietnam * Yemen, Rep. Zambia Zimbabwe

CLUSTER C2 (63)

Australia * Austria Azerbaijan Bahrain Belarus Belgium

Brazil * Bulgaria Canada Chile China * Costa Rica
Croatia Cyprus Czech Rep. Denmark Estonia Finland

France Germany * Greece Hong Kong Hungary Iceland

Ireland Israel Italy Japan * Kazakhstan Korea, Rep.
Kuwait Latvia Lithuania Luxembourg Macedonia Malaysia

Malta Mauritius Netherlands New Zealand Norway Oman

Poland Portugal Qatar Romania * Russian Fed. * Saudi Arabia
Serbia Singapore Slovak Rep. Slovenia South Africa * Spain

Sweden Switzerland Thailand Turkey Ukraine United Arab Em.
United Kingdom United States * Uruguay

* The countries marked with * from the Clusters C1 and C2 of Table 3 will be used in Figure 14 as they appear as
fat dots selection of countries.



J. Theor. Appl.

Electron. Commer. Res. 2025, 20, 219

25 of 40

u22
35 40 45 5.0 55

3.0

25

u2

0
_ T o
— ‘ s
\ S r
W | | |
1 LI g I | /
) | I o |
[ \ w
LRI 11 T
11| N el |
' ‘ ‘lw ﬂ ‘ | ‘ ‘ '. l ll |l !J [ [ |
(=]
\l e | | l W' ]
l | ‘ [ ‘ |/ l| \ [ [
3 \ ‘ \/ | | [ 1
l \ | \/ {\ | /
| \ | I‘ I { l
I |
f <
. ' .’
|
- -
T T T T T T T T T T T
20 40 60 80 0 10 20 30 40 50 60
C1 countries, order alphabetical C2 countries, order alphabetical
Figure 14. Variation in B2C internet use (indicator u22). Left panel: Many missing values in C1
countries. Right panel: The variation corridor around the mean for the C2 countries is similar to that
of the C1 countries (compare the y-axis values for both panels).
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Figure 15. Variation in Internet tariffs. Left panel: Extreme variation for C1 countries with very high
maxima. Right panel: A much narrower variation for the C2 countries (compare the y-axis values
for both panels). The fat points correspond to the countries highlighted for both clusters in Table 3;
for instance, the three points below position 40 in the left panel are for India, Indonesia, and Iran,
respectively. Gaps in the graphs denote missing values.

B2C internet use (Figure 14) may also signal intense IT-related, economically relevant
activity. The fat points corresponding to the countries highlighted for both clusters in
Table 3 indicate that there is an overlap between the high performers of C1 countries
and the lower performers of the C2 countries. The USA and the nearby UK (the peak



J. Theor. Appl. Electron. Commer. Res. 2025, 20, 219 26 of 40

nearby) stand out—presumably owing to the language advantage. Similar situations are
encountered in range overlap for other indicators from the variable groups E-commerce
skills and E-commerce readiness, however, with somewhat less advantage for the native
English-speaking countries.

4.3. Sub-Clustering Cluster C2

In order to exemplify a more refined data analysis, we continue by sub-clustering the
previously obtained cluster C2, which contains the economically more advanced countries.
The same procedure may well be applied to the countries from cluster C1. First, we note
(see also remarks from Section 3.2) that by leaving out countries from the total population,
the relative data context has changed, in that generating new imputations is in order.

After having generated 100 such new imputations and checking for expected clustering
instability, the suggestion is still that further k = 2 (k-means) sub-clustering would still
deliver the most stable results. At this point, we willingly, and out of curiosity, override
this recommendation and choose to use a k = 4 sub-clustering, which is still reasonably
stable but may offer more interesting results.

Owing to the smaller number of 63 countries in C2, some indicator columns degener-
ated into missing values and were eliminated, leaving a total of 38 active indicators.

Figure 16 depicts all numerical data of a randomly chosen imputation (i.e., that of no.
15) just in the order the data matrix was read out row-wise for each consecutive column.
It shows that the imputations (dark circles), which are now proportionally lower than for
the entire data, are all well within the numerical value clouds (light circles) of the original
non-missing data, which improves confidence in their reliability. The curve of all sorted
values of the imputation is also shown. It indicates that the overall data are skewed and
(hence) non-Gaussian.

Imputation 95, method = DP-Bayes

o

aomo 00 O

100

imputation: (dark points), regular: (light points), all (sorted)

0 500 1000 1500 2000
sort-index of data

Figure 16. The data of imputation no.15 for data set C2 chosen at random. Non-missing values are
light circles, the imputations for NAs are depicted by dark circles, and the sorted value curve is
referred to by “all” in the axes’ labels.
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The C2 countries are assigned to the resulting four clusters, as listed in Table 4.

Table 4. The countries assigned to the sub-clusters C21, C22, C23, and C24.

Cc21 Cc22
g?‘}eizn I—flfr?a:: ?Zfarelfs ijiech Tisglc Azerbaijan  Belarus Brazil Bulgaria Chile
. . saty A China CostaRica Kazakhstan Kuwait
Lithuania Macedonia  Mauritius Romania
MalayS}a Malta  Poland  Portugal  Slovak Russian Federation =~ Saudi Arabia  Serbia  Thailand
Republic Turke Ukraine  Urugua
Slovenia Spain  United Arab Emirates y suay
C23 C24
Australia  Austria Belgium Canada”
Denmark  Estonia Finland France Germany
Hong Kong  China Iceland Ireland Japan...” .
Korea, Rep.  Luxembourg  Netherlands Oman  Qatar  South Africa
New Zealand Norway Singapore Sweden

Switzerland  United Kingdom  United States

Next, we depict the cluster contribution overlap for all 38 active indicators. Note that

not all 47 original indicators are listed in the Figure 17 from the imputations generated on

C2 data (as was explained further above). The identification numbers are used to comply

with the original (full data) indicator names from the Section 3.1, i.e., see Table 1.
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Figure 17. Instability of the four clusters formed on the 100 different imputations. See the main text

for explanations.

From Figure 18 we note that there is especially low overlap of the clustering dimensions

(or indicators) 38-40, 42, 44, and 46, that is, for indicators connected with the wider domain

of “E-Commerce and E-Commerce rank indices”—which in a way should not come as a

surprise, perhaps except for the fact that a completely unsupervised analysis (clustering of

the kind used) is readily detecting this.
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Figure 18. Value variation in the four sub-clusters for the indicator. The value refers to the actual
numerical data of the imputations, and the x-coordinate “part” refers to the clustering (partition)
contribution to each active indicator. The dots outside the boxes are individual outliers.

There are also indicators which produce especially high overlap for dimensions (indi-
cators) 10, 11, 20, and 30, which are connected to the wider domains of “Logistics & Trade”,
“E-Commerce Skills development”, and aspects of “Finance” (see Table 1), which suggest
no clear country-wise distinction for these indicators.

In addition, there are indicators with a strong presence of outliers—or with a strongly
non-Gaussian distribution of values to hold a positive view (e.g., indicators 2, 3, and
10—involving aspects of the wider domain of “Payment solutions”, “ICT infrastructure”,
etc.). This information may be fed back in the indicator-wise generation of imputations
as stated in the general outlay of the data analysis (Figure 1). Finally, there should also
be scope for data compression, as, for instance, indicator group 45-47 indicates a strong
correlation in the value distribution of the four sub-clusters.

To further interpret what distinguishes clusters C1 and C2 more comprehensively,
we look into the role of indicator groups (see Table 1) within each cluster. This view
aggregates over the indicators contained in each group and reports a shortened list of basic
statistical summaries. Hereby, we avoid information overload and improve readability,
but without distorting the result. In general, there are higher values with some self-
explanatory exceptions of rank values which have the reverse interpretation (e.g., entry:
B2B E-Comm. Rank)

Table 5 shows that in general, in terms of digital economy data, cluster C2 is clearly
different from cluster C1 as it relatively and in some cases absolutely outperforms the latter
in terms of performance- and service-intensity-related measures. This is especially the case
in the Payments and in the Trade & Logistics, as well as in the Legal indicator groups. The
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same tendency is true for Broadband & service and E-Comm. Skills, but to a lesser extent than
expected. This may be because the technical part of a digital economy is based on acquiring
formal knowledge, while the multidisciplinary societal part relies more on informal know-
how (tacit knowledge), which is more likely to be acquired by evolving in a convenient
historical context (hence the important weight of the B2B-related indicator group, since
B2B competences are formed by industrial tradition). Other indicator groups display a less
clear picture regarding the cluster separation.

Table 5. Comparison of indicator groups between clusters C1 and C2.

Indicator Group Cluster 1st Quant. Median Mean 3rd Quant.
Broadband & service C1: 89.65 125.09 156.49 140.32
C2: 181.56 205.44 212.85 250.62
Payments C1: 11.46 34.70 39.34 51.87
C2: 131.86 197.91 201.64 267.53
Trade & Logistics C1: 125.02 155.87 154.03 194.47
C2: 208.55 217.94 222.00 230.49
E-Comm. Skills C1: 64.35 82.50 77.84 94.12
C2: 94 102.10 98.64 109.05
Legal C1: 2 5 424 7
C2: 7 8 7.19 8
Financing C1: 110.90 122.40 122.97 137.50
C2: 84.88 95.05 99.15 112.65
E-Comm. Readiness C1: 305.70 347.72 350.92 399.27
C2: 137.70 180.54 182.22 221.40
B2B E-Comm. Index C1: 130.20 187.90 186.42 236.80
C2: 344.40 399.40 389.13 444.20
B2B E-Comm. Rank C1: 481.25 584.50 592.61 714.50
C2: 87 179 190.63 276

Note from Table 6 that within cluster C1, Iran is a border case representing the intention
of being active in a (adapted) digital economy. Note also that the technologically ambitious
and active member countries like India, Indonesia, and Vietnam are absent.

Table 6. Countries with extreme values of indicator groups for cluster C1.

Indicator Group Minimum Value By Maximum Value By
Broadband & service Bangladesh Rwanda
Payments Ethiopia Iran
Trade & Logistics Gabon Paraguay
E-Comm. Skills Guinea Colombia
Legal Chad Albania
Financing Philippines Belize
E-Comm. Readiness Montenegro Burundi
B2B E-Comm. Index Niger Iran
B2B E-Comm. Rank Iran Niger

From Table 7, we see that smaller- to medium-sized countries constitute the border
cases. Germany stands out in the indicator group Trade & Logistics, while Israel in E-Comm.
Skills. Note the absence of member countries with strong IT and Al sectors like the USA,
UK, and the Netherlands.

Cluster C2 contains the economically better performing countries, and turns out to
also perform better in digital economy measures. Cluster C1 concentrates the majority of
missing values, thereby increasing their share substantially, and thereby increasing the
authenticity of the C2 data. Recomputing imputations on such a subset of countries risks
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reducing their usefulness, as for some indicators, they effectively have two less anchor
points (i.e., actually observed values).

Table 7. Countries with extreme values of indicator groups for cluster C2.

Indicator Group Minimum Value By Maximum Value By
Broadband & service Ukraine Finland
Payments Azerbaijan Canada
Trade & Logistics South Africa Germany
E-Comm. Skills Malaysia Israel
Legal Saudi Arabia Australia
Financing Turkey Mauritius
E-Comm. Readiness Norway South Africa
B2B E-Comm. Index South Africa Switzerland
B2B E-Comm. Rank Norway South Africa

Hence, we restrict ourselves to sub-cluster C2, displaying results with regard to
indicator groups in Table 8. As may be seen in Table 4, sub-cluster C21 mainly contains
smaller emerging countries, sub-cluster C22 mainly large emerging countries, and sub-
cluster C23 mainly the most developed countries with a longer industrial tradition. Sub-
cluster C24 is an “exotic” residual group of only three countries. Unexpected group
members will be discussed further below.

Table 8. Comparison of indicator groups between sub-clusters C21, C22, C23, and C24.

Indicator Group Cluster 1st Quant. Median Mean Quant. 3rd
Broadband & service C21: 181.46 197.98 202.29 209.90
C22: 159.45 179.58 174.37 185.50
C23: 230.91 252.43 251.76 272.69
C24: 178.15 207.74 208.76 238.85
Payments C21: 142.78 192.64 185.50 220.83
C22: 110.95 127.84 119.73 132.99
C23: 262.10 275.73 287.77 316.97
C24: 137.65 137.65 137.65 137.65
Trade & Logistics C21: 213.31 222.01 220.78 230.35
C22: 205.21 214.39 216.43 220.38
C23: 227.08 236.08 247.85 253.58
C24: 186.80 186.80 186.80 186.80
E-Comm. Skills C21: 90.40 108.70 98.93 112.20
C22: 99.43 101.85 98.56 103.62
C23: 94 98.30 101.25 105.55
C24: 85.80 85.80 85.80 85.80
Legal C21: 8 8 7.61 8
C22: 5 7 6.32 8
C23: 8 8 7.73 8
C24: 6 7 6.33 7
Financing C21: 84.70 95.60 93.90 99.70
C22: 86.90 111.20 105.67 121.20
C23: 87.90 91.50 91.68 94.50
C24: 93.80 93.80 93.80 93.80
E-Comm. Readiness C21: 174.25 184.91 188.95 203.83
C22: 221.08 230.69 231.74 246.76
C23: 121.25 127.50 132.16 139.97

C24: 207.26 234.14 228.57 252.67
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Table 8. Cont.
Indicator Group Cluster 1st Quant. Median Mean Quant. 3rd

B2B E-Comm. Index C21: 381.10 399.20 391.66 403.60
C22: 307.90 329.25 326.06 344.27
C23: 441.85 447.90 447.50 452.10
C24: 286.45 304.80 305.77 324.60

B2B E-Comm. Rank C21: 175 198 194.41 214
C22: 278 321 319.33 356.50
C23: 56.50 76.50 74.36 89.50
C24: 354.50 395 378.33 410.50

Sub-cluster C23 (for the member list, see Table 4) stands out with regard to most
indicator groups. This underlines the proposition that industrial tradition matters in the
digital economy as well. This confirms the fact that complex economic behavior—evolved
over a longer time period—is much harder to imitate than the deployment of formalized
technical knowledge. The second part of this proposition is further confirmed by the fact
that the contributions of the indicator group E-Comm. Skills are not superior in C23, and
those of the indicator group Broadband & service are also less so. Also, in the indicator group
Legal service, the countries of C23 do not differ from those of C22. This can be explained
by the fact that a legal system is imposed top-down and can indeed be “imitated” if the
societies of the respective countries wish to do so.

Note from Table 9 that within sub-cluster C21, Israel stands out, making it a potential

cluster-switcher.

Table 9. Countries with extreme values of indicator groups for cluster C21.

Indicator Group

Minimum Value By

Maximum Value By

Broadband & service
Payments

Trade & Logistics
E-Comm. Skills
Legal

Financing

E-Comm. Readiness
B2B E-Comm. Index
B2B E-Comm. Rank

Greece
Malaysia
Croatia
Malaysia

United Arab Emirates

Israel
Israel
Portugal
Israel

Bahrain
Spain
Malaysia
Israel
Croatia
Croatia
Greece
Israel
Portugal

From Table 10, we note the border cases within sub-cluster C22 non-European (except

Bulgaria) countries, and that the very large member countries China and Brazil are not

listed here.

Table 10. Countries with extreme values of indicator groups for cluster C22.

Indicator Group

Minimum Value By

Maximum Value By

Broadband & service
Payments

Trade & Logistics
E-Comm. Skills
Legal

Financing

E-Comm. Readiness
B2B E-Comm. Index
B2B E-Comm. Rank

Ukraine
Azerbaijan
Kazakhstan
Thailand
Saudi Arabia
Turkey
Saudi Arabia
Uruguay
Russian Federation

Saudi Arabia
Kuwait
Thailand
Chile
Bulgaria
Mauritius
Thailand
Russian Federation
Uruguay
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From Table 11, we note that Germany is strong in Trade & Logistics and weak in E-
Comm. Skills. While the former is not surprising, the latter hints at a potential disadvantage
of heavily industrialized countries with regard to implementing dynamic “lightweight”
digital economy domains. This is a chance for all emerging countries, irrespective of their
power and size. Note that countries like the USA, UK, or the Netherlands, which are strong
in both AI development and deployment, do not emerge as outstanding.

Table 11. Countries with extreme values of indicator groups for cluster C23.

Indicator Group Minimum Value By Maximum Value By

Broadband & service Austria Finland
Payments Austria Canada

Trade & Logistics Ireland Germany
E-Comm. Skills Germany Estonia

Legal Iceland Australia

Financing Sweden Germany

E-Comm. Readiness Norway Belgium

B2B E-Comm. Index Belgium Switzerland

B2B E-Comm. Rank Norway Belgium

There are also countries assigned to unexpected clusters. These results come from the
data available for this study but may also be the result of some technical choices. Among
these is the two-cluster grouping into C1 and C2. However, according to the instability
analysis referred to in the section Empirical Results, this choice is well advised. We therefore
note that in cluster C1, the unexpected assignment refers to India, Indonesia, and Vietnam.
These countries command, in part, advanced IT services. However, owing to their sizes,
these solely represent pockets of higher development, and this information is not reflected
in our digital economy data.

In cluster C22, we find Romania and Costa Rica alongside Brazil, China, and Russia,
which are almost incomparable in most general terms but seem to be much closer together
if viewed through the filter of digital economy data.

At this point, some more remarks concerning the clustering pipeline are in order. While
cluster C2 includes OECD countries, with many advanced small players like Israel and
Costa Rica, and other big non-OECD players like China and Brazil, the overall information
entailed in this grouping seems to be too coarse. Hence, sub-clustering C2 into C21, C22,
(23, and C24 provides groups that provoke more interesting thoughts about possible future
pathways or consequences. Note that the technological challenges of a digital economy and
especially e-businesses are much less involved than those concerning so-called deep-tech
sectors ([48]; examples are critical military, airspace, nuclear, and some bio-tech domains,
etc.). By and large, competition in economic e-services is about speed, given that client
preferences are correctly recognized or oftentimes just powerfully induced. This implies
skills very different from those required for the named (long-term) deep-tech projects. The
instruments standing behind the indicator groups Broadband & service and E-Comm. Skills
can be most easily adapted by single businesses, including those from the C1 countries.
The smallest differences between C1 and all C2 sub-clusters are in the dimensions related
to formal technological capability, and the largest differences concern indicator groups
where institutions (e.g., legal structures and law enforcement) or cooperation between
many types of organizations (e.g., finance) are involved. In order to grow successful e-
businesses with an over-regional or international reach, cooperations or alliances are of
great interest, especially for firms from the less developed C1 countries, but also for the
smaller players from C21 and C22. For both the C1 countries and the smaller players
from C21 and C22, finding partners from the most advanced countries in C23 would be
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preferable if the latter implement a more inclusive (fairer) cooperation policy. For single
cases, the most important enabling factor would be to identify effective technological or
techno-economic complementarities between partners. Owing to the very nature of our
aggregated data, this aspect cannot be addressed in the present study.

From a more technical standpoint, we see a small “residual” cluster C24. As already
hinted at in the Section 3 a side effect of sub-clustering is the appearance of such outlier
groups, which form due to the new cluster boundaries (depicted in Figure 4). Unexpected
cluster memberships such as Romania (found in C22, expected in C21) and, to some
extent, Italy (found in C21, expected in C23), may indicate that an alternative model-
based clustering (superposition of parameterized Gaussians, etc.) may better capture our
expectations. The latter are grounded in more complex domain knowledge than that which
is extractable from the available data. However, again, there is no objective hint as to what
model base to use. Hence, it is preferable to restrict empirical interpretations to information
based on the objectively obtained results.

As explained in the Section 3 above, the use of hierarchical clustering is a convenient
way of experimenting with the combination of alternative linkage methods and distance
measures in order to find out if some of the resulting clusterings produce reasonable group-
ings, especially when using linkages (e.g., topologically inspired, such as single-linkage),
which are not variants of centroid-like methods like k-means. We experimented with an
exhaustive combination of linkage distance which is available in statistical software like R.
Without showing the large numbers of dendrograms obtained, we report that the methods
most similar in nature to k-means produced the most reasonable clusterings, avoiding
degenerate co-clusterings (groups of countries and groups of correlated indicators). Hence,
our hierarchical clustering turns out to serve primarily as a confirmatory result, which
motivates the use of k-means clustering in the sequel.

5. Discussion

Analyzing the economic literature regarding Al, e-commerce, and digital economy; it
can be observed that there is a large scale of methods for determining the connections and
impact of e-commerce on the digital economy using different types of Al

The empirical results of the previous studies regarding the correlation between e-
commerce and the labor market using Al techniques are quite interesting. In this sense,
the evidence from China suggests that the economic structure optimization mechanism is
revealed by the increasing trend of e-commerce using logistic density [49]. The taxation
issue is a very sensitive subject related to e-commerce, especially in terms of tax evasion
and tax loss; in this sense, the double taxation conventions and other important tax treaties
are very relevant to more comprehensible and equilibrated tax regulations [50].

Other studies deal with the connections between retail employment and different
regional types and conclude that there is a connection between the growth of wage workers
and online sales expansion [51]. Electronic business and its impact on employment may
be evaluated and assessed only by qualitative aspects, which are more relevant than
quantitative ones [52]. COVID-19 issues have generated decreasing trends in terms of
e-commerce growth and work mobility; the results have shown that e-commerce has
not counteracted the effects of the pandemic period, but has had an important role as a
buffer [53].

An interesting approach is revealed by analyzing the e-commerce aspects using the
business-to-business (B2B) regression model in the decision-making process of businesses
and enterprises; the conclusions of the study present the B2B technique as a solution to
enhance the labor productivity of firms [54]. Another study deals with the connections
between technology and e-commerce and their impact on labor productivity; the study
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presents the Pearson coefficient and cross-sectional data to improve employment capacity
and the pursuit of different types of jobs [55]. The implementation of e-commerce in rural
areas using panel data from more than 300 countries shows that in old revolutionary areas,
rural residence status is positively influenced by e-commerce [56].

A comparative study between retail firms and e-commerce firms shows that, using
a sample of European countries, higher wages are provided by the qualified jobs that are
created and promoted by e-commerce [57]. Globalization and digitalization are nowadays
phenomena that have worldwide implications throughout the new digital market platform
created by e-commerce; the effects created by e-commerce will have significant outcomes,
such as financial credits, an increase in the quality of social life, creation of better jobs, and
disruption of retail [58].

Regarding the research questions, we can emphasize the following: research question
Q1 has a positive response, because the use of the Al techniques that we have encompassed
in this study regarding the e-commerce indicators shows an increase in the digitaliza-
tion process in several country groups and subgroups, with a direct impact on the labor
market’s development.

Research question Q2 also has a positive response, because cluster Ml is applied in
this study, leading to the integration of the e-economies of different sub-country groups,
showing that countries with a similar economic structure encounter better performance in
terms of the digitalization process.

Regarding the research question expressed in Q2, the e-economy performance is highly
dependent on the institutional structure and the reliability of services in the respective
countries. However, there are some discrepancies regarding common expectations. For
instance, the industrially highly developed Germany is underperforming in digital economy
skills. Furthermore, perceived e-economy champions like the UK and the USA are not
absolute top performers according to the data. Here, small developed countries (e.g.,
Switzerland, Israel) excel.

Research question Q3 has a positive response, because Al usage, through the clus-
tering method that we have proposed on the e-commerce indicators, has a direct and
positive impact on the road to digitalization, transforming the process of different types of
economies around the globe.

Regarding the hypothesis expressed in O3, using Al in conjunction with cluster anal-
yses as presented in this study will not produce any added value, at least with regard
to expectations of providing “magic” algorithms. However, the vast, all-encompassing
databases implicitly contained in the parametrization of popular Al applications like Large
Language Models may provide surrogate models for variables with many missing values.
One should not confound the huge size of data- and knowledge bases with their effective
information content. Hence, high redundancy in the data might be annoying for some
purposes, but also increases the probability of information reconstruction, that is, the ability
to correctly guess the content of indicators from other highly correlated information.

Regarding the comparison of the empirical results vis a vis the other empirical studies
mentioned in this paper, we can emphasize that the results are innovative and have a high
degree of significance due to the methodology applied in this paper. To our knowledge,
the methodology has not been applied yet in economic sciences. The results update and
extend the previous findings of empirical results in economics.

In this study, we contribute to the state-of-the-art with an empirical study that deals
with the computational selection of different Al tools over a wide range of e-commerce
indicators and a large set of country data frameworks in order to establish different pat-
terns of country groups and variables for determining the impact of e-commerce on the
digital economy:.
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An interesting further study will find out which of the countries are near the cluster
boundaries and, hence, may change cluster membership with a higher probability. In
general, such an approach will benefit greatly from characterizing the shapes of the high-
dimensional data. This analysis might be straightforward for some clustering but poses a
challenge for the general case of linkage types, similarity measures, and other specifications.
Some functionality of advanced ML-related methods like topological data analysis (TDA)
might be useful.

The diversity of the indicator group influences found in the various clusters may
lead to the question of what the result of reducing the digital divide would be. Is there a
clear reason to assume that reducing the digital divide and leveling out digital economy
practices would also lead to more global convergence in more general economic terms or in
terms of well-being, which is in everybody’s ultimate interest? The cluster data support
the expectation of a partial reduction in the extent of the global digital divide (owing to
successfully adopting formalized knowledge), but do lend support to the expectation of
reducing the more general economic divide. A partial achievement out of the entrenched
economic divide could be to foster open-source software development and training on a
large scale. This may not please some established commercial interests, but it would enable
a wealth of new commercial niche applications, which can increase and are more profitable
in a digital economy.

To conclude, clustering producing country groupings can inform strategic international
cooperation and can provide recommendations for businesses or governments, as was
explained in Section 4 (Empirical Results). The relatively low discrepancy in indicator
group E-Comm. Skills especially, which to a large extent reflects formalizable technical
knowledge, may encourage both management and governments from countries in C1 to
invest in concerted action and to eventually seek alliances with complementarily skilled
companies. This should be possible at a fast pace and at moderate overall cost, as the
supporting technologies required are widely available (as opposed to the high-risk, longer-
term orientation of the “deep tech” domains, much less relevant to e-business).

6. Conclusions

Concerning the results and further work regarding the task of finding success factors
for developing e-economies, we analyze a country-comparative, heterogeneous, publicly
available data set, heavily “infected” by missing values. Such a situation of partial informa-
tion is characteristic of structural evolutions of technology-intensive economic domains.
The missing information may be caused by novelty, nondisclosure owing to privacy, among
other reasons.

We show that a method of imputation for clustering missing-value-rich data, which re-
cently (as of 2025) became available, is applicable for our data set, and it enables more types
of clustering methods than without such imputations. The results so far produce country
clusters, which are stable and more refined than those of more naive approaches. Essen-
tially, two clusters emerge as stable, namely a bigger cluster of less developed countries
and a somewhat smaller cluster of the developed ones. Indicator variables are identified
that are of importance for the cluster formation via distance-correlation-based co-clustering.
Data from the less developed countries have more variation, have more extremes (outliers),
and have somewhat more missing values.

However, the good performers of the less developed countries are close to and in some
dimensions superior to the weaker performers from the cluster of developed countries,
indicating the possibility of cluster migration (in both directions).

In future work, we will characterize such “margin” countries in combination with a
variable relevance detector.
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In this study, we can observe that the connections to Al are computationally intensive
(expensive) solutions that call for a connection to ML/AL

Note that, within the context of applying AI/ML methods to economic data, there
is—apart from the notorious missing values problem—also another potentially detrimental
effect, namely that there are no useful “geometry” constraints and no structural “neighbor-
hoods”. However, the existence of the latter brings about the widely admired effectiveness
of various Als, for instance, in fields like image processing. Hence, one should have
dampened expectations concerning the extraction of surprising results from table-like data,
which would be difficult to obtain otherwise.

The ubiquitous missing values problem and the sparsity of interesting economic
data demand more, not less, numerical experiments. In the case of missing values, some
new procedures are promising. The most flexible way of analyzing data is given by re-
formulating a problem in terms of clustering (grouping). This allows for the data to be
viewed via different types of constraint clustering [59] and can be connected to different
forms of supervised or semi-supervised learning [60] as well as different types of topological
data analysis (for a recent computational mathematics account [61] and some economic
applications [62]).

In order to reach consensus clustering, a large set of experiments (concerning imputa-
tions; finding most relevant variables by, e.g., Shapley-value-inspired statistical procedures;
etc.) is required. Its number tends to explode as one needs to traverse a deep tree of
parameter combinations.

This, in turn, calls for procedures to automatically rule out unsuitable candidates from
a large set of experiments, which is a potential task for Als.

As a general conclusion, it can be emphasized that we have identified ways of teaching
such Als the procedures of what is “suitable” and “interesting” in the first place. Finally,
finding adequate algorithms for both categories; adequate algorithms, in general; and
appropriate optimization problems, in particular, may indeed be a tough problem.

The limitations of this study consist, especially, of the large number of NAs in the
empirical data available on the international databases. This was the most significant
disadvantage of the study, because if the databases had complete data, the application
of Al on e-commerce in the digital economy could be counted among other possible
applications and developments. Another limitation of this study is the small set of e-
commerce indicators available worldwide and the relatively small disclosure of databases
which can be accessed. Finally, the limited labor market structure regarding indicators for
different periods and country sets of data was another limitation of this study in creating
more focused research oriented toward the interconnections between the labor market,
e-commerce, and Al applications and techniques.

This study will continue in the future with an investigation of the linkage between
Al techniques and developments, the labor market, different types of country groups
and subgroups, and how they impact customer expectations and other businesses’ strate-
gies. Moreover, the interconnections between Al, e-commerce, and digital marketing must
be taken into account for measuring companies’ performance regarding e-commerce ap-
plications. Finally, another interesting future research path relies on determining how
management and marketing practices in different types of business sectors can influence
e-commerce by using Al techniques and developments.

7. Theoretical and Practical Implications

In regard to the actionable insights, this paper offers a comprehensible overview
of the AI usage for the development of a comprehensible framework of e-commerce
indicators in the context of globalization and digitalization. In this sense, the insights
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must be oriented towards the construction of a sustainable digital economy, not only at the
European Union level, but also on the international level, which must be seen as a quid pro
quo in strengthening the labor market and offering new job opportunities and possibilities
for the labor force worldwide.

The policy recommendations are enriched in this paper and focus on the need for
the national authorities to adopt and support Al techniques for further development in
different stages of the e-economy and digital economy. These techniques must be seen as
a prerequisite for strengthening e-commerce worldwide, both in terms of indicators and
applications with the direct target of a more friendly and sustainable economy. Furthermore,
the authorities must encompass these features mentioned above to develop the labor
market, with a direct focus on competition, fairness, and job diversification for the people
and businesses worldwide.

The recommendation for countries in clusters lagging behind in digital transformation
is for their labor and educational markets to be intervened in by transforming their qualifi-
cation profiles. They should concentrate on offering and developing fast-lane qualifications
in the subtopics of IT/Al, which are especially relevant for the digital economy, and which
are not much better mastered by more developed countries. This may succeed through
meaningful cooperation or an alliance formed with countries from cluster C2. However, an
important strategic concern will be how to choose a sub-cluster of C2 to primarily engage
with. This is a matter of cultural compatibility. Joining an alliance with many different
participants of different cultural backgrounds may pose a serious barrier for countries from
cluster C1. Joining a cooperation with a country from C23 may look at first daunting for
the “weaker” partner from C1, but may be less so in the medium term, as many countries
from C23 show a certain cultural openness and have a strong and basically impartial legal
system that enforces contracts.

International organizations should foster alliances between countries from cluster C1
and appropriate partners from sub-clusters C21,. .., C24. They should capitalize on the
technical talent of less developed /emergent countries and the informal general expertise,
especially of countries from sub-cluster C23. The focus should be on developing high-
performance open access Al, for instance open access/open-source Large Language Models
and other generative-Al-based modeling tools, which are fundamental for a future “win-
win” global digital economy. The main challenge is that of avoiding agency asymmetry
and guaranteeing fair, open access to digital tools.

Concerning the use of Al for enhancing economic data analysis, one may learn the
following: economic and management data are sparse and contain substantial amounts
of missing data entries. To be “sparse” does not necessarily mean that there are few cases
or observations! Rather, in the case of sparseness, the number of cases is not substantially
larger than the number of indicators, as classical statistics would require. Also, the missing
data may exist, but they are not available or accessible, and they may occur randomly or
more systematically. Here, Al cannot help in the sense of providing a magic algorithm
which goes beyond what we described in this study using clusterMI for analysis tasks or
similar procedures for prediction tasks (not touched upon here).

However, it is conceivable that Al may help in finding surrogates for the variables
containing missing values by producing proxies of these variables from combining other
(seemingly unrelated) variables present in the vast databases, which are implicitly incor-
porated in, say, Large Language Models. Furthermore, Al-related computational environ-
ments may ease the heavy load of training a very large number of data models on subsets of
variables, for instance, to offer a stable response if multiple missing values are encountered
at the prediction time. The usefulness of these approaches depends on the nature and
(hidden) redundancy of the available data, and, for the time being, human judgment is
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still required. A similar argument applies concerning a possible useful cluster structure
that cannot be accessed from the data, even when using different linkage methods (via
hierarchical clustering).

Model-based clustering, e.g., centering (radial) basis functions on some data points,
can escape the constraints posed by centroid-based clustering, but the hints of “usefully”
parametrizing such models cannot be gained from unlabeled data (as are ours). A poten-
tial remedy may be obtained in future research by using partial labeling or constrained
clustering, leading to semi-supervised data models. For instance, prior beliefs may be
expressed via partial Cannot-Be or Must-Be constraints, in that one submits a small list
reading “Country A and B Must (or Cannot) Be in the same cluster”, which can dramatically
alter the non-constrained cluster composition. This, however, again introduces subjectivity
into the analysis, which in turn calls for further resolution, for instance, by deciding to use
representative beliefs.
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