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1. Introduction are weakly connected with material production, use a global

sales model, and can therefore scale up quickly. Among the

The emergence of new technologies is often accompanied  most known examples are cryptocurrencies, artificial intelli-
by increased investment activity of economic entities around  gence, non-fungible tokens (NFTs), etc. In such cases, inves-
them. This is especially clearly observed in industries that  tors' expectations can be formed faster than real financial re-
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sults, which strengthens the feedback between expectations
and investments and leads to the phenomenon of "hype" [1].
Investors, primarily venture capitalists, view such periods as
an opportunity for rapid capital growth, but these decisions
are associated with increased risk.

The financial technology (FinTech) industry has long
been considered promising for investment due to its rapid de-
velopment and growing role in the digital economy [2]. How-
ever, in recent years, there has been a decrease in the volume
of financing and the number of deals, which is associated
with a combination of macroeconomic and non-financial
factors, in particular high interest rates, protracted military
conflicts, and general uncertainty [3]. The dependence of
investment processes on such factors is also noted in other
studies [4, 5]. This influence is most noticeable in industries
with short renewal cycles where a transition from investment
boom to decline and vice versa is possible in a relatively short
period of time [6].

The maturity and perfection of key technologies are
considered an important factor affecting investment activity
in an industry context. They determine the potential for in-
novation and investment activity since technological limita-
tions or “bottlenecks” can restrain further technological and
industry growth [7].

Work [8] emphasizes that the innovative and technolog-
ical potential of enterprises is one of the key factors of their
investment attractiveness because the level of technological
development determines competitiveness and opportunities
for attracting investment.

In the early stages of an industry’s development or at the
start of a new growth cycle, the technological base is usually
still imperfect, and the potential return on investment is
combined with high risk. As maturity is reached, the risk
decreases, but with it the expected return often decreases. At
the same time, this relationship is nonlinear, so it is difficult
to directly use it for practical assessments [9].

Therefore, research on determining the role of key tech-
nologies as a factor of investment attractiveness in FinTech
and other sectors of the digital economy is relevant.

2. Literature review and problem statement

Theoretical research on investment uses the term “invest-
ment attractiveness” to characterize the potential of an eco-
nomic entity to attract investment [10]. Economic entities with
high investment attractiveness attract increased interest from
investors, which with a certain lag can be transformed into
completed investment transactions, that is, into investment
activity. Unlike investment activity, investment attractiveness
is determined through an indirect assessment of external and
internal factors [11]. Thus, investment activity describes the
actual flow of capital to the investment object over a period,
while investment attractiveness is a latent characteristic of the
investment object that reflects the expected return.

In various studies, preference is given to external or
internal factors of investment attractiveness. Thus, in [10],
external factors are primarily distinguished: political, legal,
economic, social, and institutional. This approach allows one
to explain the differences in the attractiveness of economic
entities depending on the environment in which they operate.
However, it does not provide a clear answer to the question
of why, within the same industry, and sometimes even in the
same market, the investment activity of individual segments

changes unevenly. The authors of [12], analyzing methods for
assessing the potential return on investment in IT, emphasize
the internal factors of technological maturity. In [13], based
on a study of a number of enterprises, it was determined that
their competitiveness is affected not only by the technological
maturity of the production subsystem, but also by the support
subsystems (IT, corporate management, decision support).
However, in the cited papers, technological maturity is con-
sidered mainly as one of the characteristics of enterprise de-
velopment, without going on to a quantitative assessment of
its impact on investment activity in the context of individual
segments of the industry.

Separate studies tackle investment processes in FinTech
and its individual segments. In [14], mergers and acquisitions
between banks and FinTech companies and their impact on
the efficiency of buyers in the period 2010-2020 were exam-
ined. Based on the calculation of the paired t-test and GMM
analysis, a significant positive impact of such transactions on
the operational efficiency, liquidity and financial leverage of
banks was proven, along with a negative impact in the long
term. However, the study focuses on the consequences of al-
ready completed transactions and does not provide tools for
predicting investment activity due to technological factors.
In [15], the dynamics of cryptocurrency markets are consid-
ered in the context of dependence on fundamental economic
indicators and trends in the global stock market. The authors
used correlation analysis and regression models to test the
hypothesis about the relationship between the dynamics of
major cryptocurrencies and fundamental economic indi-
cators, but the results did not allow it to be unambiguously
confirmed or refuted. This suggests that even the application
of quantitative methods to individual FinTech segments does
not guarantee the identification of stable explanatory factors
if the internal logic of technological development is not taken
into account.

In parallel, the literature traces a trend that explains
investment dynamics through types of technological evolu-
tion and the cyclical nature of innovation processes. In [16],
the following main types of technological development are
distinguished: Discrete Technology Evolution, Continuous
Technology Evolution, and Cyclical Technology Evolution.
It is emphasized that cyclicality is due to the complex inter-
action of socio-economic and technological systems. That
is why simplified models have limited predictive capabili-
ties [7]. In [9], the perspective of using the Gartner Hype Cy-
cle nonlinear empirical model of technological development
to describe FinTech dynamics is shown. It is also noted that
each phase of the technology maturity cycle directly affects
the investment attractiveness of the economic entity that uses
it. However, the authors do not provide tools for quantitative
assessment of such an impact. Therefore, the problem is not
only in choosing a model but also in the possibility of its prac-
tical use for quantitative analysis.

In this context, it is worth noting papers in which the de-
velopment of FinTech or its segments is interpreted through
phase models of innovation maturity. For digital banking,
investment activity may decrease due to the gap between
the promised benefits and real financial results [17]. Certain
problems of predicting the cyclical development of invest-
ment activity in such a segment of FinTech as digital banking
are explained by the actual set of technologies that are in
different phases of their development [18]. The author studies
the specification of key aspects of changing the parameters
of investment activity by taking into account the phases of



the technology life cycle and assessing the threshold value of
investment feasibility [19]. In [20], it is shown that FinTech
stood out and continued to develop as a separate industry due
to the fact that its innovativeness turned out to be very far
from the “plateau of productivity” on which the entire bank-
ing sector was located. In works devoted to cryptocurrency
markets, phase trajectories are used to explain fluctuations in
capitalization and recurring cycles with short “plateaus” [21].
This conclusion is confirmed by work [22], which analyzed
the development of artificial intelligence systems and proved
that they are also characterized by a cyclical model of capi-
talization changes. These studies are important because they
conceptually substantiate the nonlinearity of investment
processes in FinTech. However, in most cases, they do not of-
fer a practical procedure that would allow linking the phase
of technological development with measurable investment
indicators.

In [23] it is shown that blockchain-based technologies,
after the hype of 2017-2018, have entered the “Trough of
Disillusionment” phase, but have not lost their long-term
investment potential. In [24] the impact of hype on the fi-
nancing of AI and quantum technologies was analyzed and
a positive relationship was found between the level of “hype”
in expert media and the volume of investments in these tech-
nologies. For more mature areas, the relationship turned out
to be stronger than for newer ones. This is consistent with the
Gartner Hype Cycle concept, according to which investment
interest changes unevenly at different phases of development.
However, these quantitative studies concern individual tech-
nologies, and not FinTech segments as a whole. In addition,
they do not offer a consistent approach to translating the
phases of technology maturity into quantitative indicators
suitable for comparison with investment activity.

Thus, our review of the literature shows that existing
studies have already revealed certain aspects of investment
attractiveness, investment activity, cyclicality of technologi-
cal development and the use of phase models in FinTech and
related industries. However, these results remain fragment-
ed. First, a consistent approach to quantitative assessment of
the maturity factor of key technologies in FinTech segments
has not been formed. Second, the issue of quantitative com-
parison of maturity phases of key technologies with actual in-
vestment activity has not been resolved. Third, technological
drivers that can support or restore investment activity after a
downturn have not been specified. The reason is the predom-
inantly descriptive nature of most studies, the lack of a single
procedure for transitioning from qualitative phase models to
quantitative assessments, as well as the fragmentation of the
analysis, which is most often limited to individual technolo-
gies or narrow segments.

All this allows us to argue that it is advisable to conduct
a study aimed at devising methodological tools to quantita-
tively determine the role of maturity of key technologies as a
factor of investment attractiveness and specify technological
drivers of growth in investment activity in FinTech segments.

3. The aim and objectives of the study

The purpose of our study is to determine the role of the
maturity of key technologies, assessed using the Hype Cycle
model, as a factor of investment attractiveness in the FinTech
industry, as well as to specify the technological drivers of
the growth of investment activity of economic entities. This

will make it possible to form an appropriate methodological
toolkit for the practical search and determination of priority
areas of investment in key FinTech segments.

To achieve the goal, the following tasks were set:

- to propose a method for determining the score of in-
vestment activity based on statistical data on investment
dynamics and to carry out the corresponding calculations for
FinTech segments;

- to propose a method for determining the score of the
technology maturity factor and to carry out the correspond-
ing calculations for FinTech segments;

- to investigate the relationship between the maturity
factor of key technologies and investment activity in FinTech
segments and to identify technological drivers associated
with the growth of their investment attractiveness.

4. Research materials and methods

4.1. Object and hypotheses

The object of our study is the financial technology (Fin-
Tech) industry and its individual segments.

The subject of this study is the processes of formation
of investment activity in FinTech segments and the factors
influencing them.

The main hypothesis of the study assumes that the invest-
ment attractiveness of FinTech segments is largely related to
the maturity phase of the key technologies used in them.

The study adopted the following assumptions. First,
within the studied period, the statistical characteristics of in-
vestment activity in the main FinTech segments can be con-
sidered stable enough for their comparison with each other.
Second, the maturity phases of key technologies, determined
by the Gartner Hype Cycle, adequately reflect the real state
of technological development of the relevant segments. Third,
the key technologies allocated for each segment truly deter-
mine the core of its products and services and can be used
for a generalized assessment of the technological maturity of
the segment.

The following simplifications were also accepted: the
investment attractiveness of the segment is characterized by
one integral indicator; if several key technologies are used
in a segment, their contribution to the overall assessment
of investment attractiveness is considered the same and is
aggregated through a simple average.

4. 2. Conceptual categories

To avoid terminological uncertainty, the term “invest-
ment activity” is used in the interpretation of the author of
work [8] who writes that it is “the ratio of the current invest-
ment volume to the previous one”. Therefore, to calculate
the investment activity IAc, it is enough to know the actual
investment volumes Iv to a certain group of economic entities
in the reporting () and previous (r - 1) years

I
IAc, =—r. @
v

r-1

Formula (1) enables correct calculation of investment
activity only if Iv,; > 0, and there is also a constant capital
attraction. If investment flows are zero or episodic, the calcu-
lation will be incorrect.

Theoretical research on investment also uses the term
“investment attractiveness”, which characterizes the potential



of an economic entity to attract investments [10]. Economic
entities with high investment attractiveness arouse increased
interest from investors, which with a certain lag is transformed
into completed investment transactions, that is, into invest-
ment activity. Unlike investment activity, which is calculated
ex post facto based on mathematical relation (1), investment at-
tractiveness can be found only through an indirect assessment
of external and internal component factors [11].

Therefore, investment activity describes the actual flow
of capital to a particular investment object (technology, com-
pany, segment) over a period, while investment attractiveness
is a latent characteristic of the investment object that reflects
the expected return. The basic conceptual categories that
influence investment activity are interconnected in the fol-
lowing logical scheme, shown in Fig. 1.

the use of correlation analysis methods. To solve it, it is neces-
sary to substantiate the methods of transforming qualitative
and categorical assessments into quantitative ones, as well
as to correct the nonlinearity inherent in the Gartner model.

One of the generally accepted approaches for such trans-
formation is the use of point estimates. This approach is suc-
cessfully used in various fields, in particular in medicine [25],
economics [26], engineering [27]. The idea of recoding the
stages of technological development into numerical scores
is used in work [28], although unlike the Gartner model, its
authors use a simple linear scale.

If it is necessary to reflect nonlinear rules for trans-
forming qualitative characteristics into quantitative values,
it is methodologically advisable to give preference to the
rule-based approach. Scores are then assigned through for-

mal value and normalization functions

Investment
attractiveness factors
(external, internal)

A 4

Investment
attractiveness

Yy

H Investment activity

(multi-attribute value functions), which
reflect the real distances between states
recorded in the data or standards [29].

Fig. 1. The relationship between the main conceptual categories of the study

Our study is based on the empirical model of technologi-
cal development presented by Gartner [18]. According to the
Gartner Hype Cycle model, expectations for each technology
follow 5 main phases:

1) innovation trigger;

2) peak of inflated expectations;

3) trough of disillusionment;

4) slope of enlightenment;

5) plateau of productivity.

Each of the Hype Cycles contains a list of key technol-
ogies that are assigned by the agency to the corresponding
area. For each technology, a phase is shown, as well as a
forecast of the time until reaching the plateau of productivity.

4. 3. Research architecture and workflow

The research architecture implements a sequential trans-
formation of metadata scattered across various information
sources into quantitative characteristics of the research
object with their subsequent comparison. The workflow is
organized into three stages: determining the characteristics
of investment activity, investment attractiveness factors, and
the relationship between them (Fig. 2).

Such computational transformations —
including within the framework of
multi-criteria decision analysis (MCDA)
methods - allow for consistent comparison of categorical or
ordinal descriptions with an interval scale and further ap-
plication of correlation or regression analysis [30]. A similar
problem is solved by the Rasch model, which provides math-
ematically consistent scaling and allows for the correct appli-
cation of statistical tests of association [31]. In the absence of
the possibility of constructing reliable significance functions,
structured expert assessment is used, but its results signifi-
cantly depend on the composition of experts and the quality
of the survey protocol [32].

Stage 1 — analysis of available information on the dynam-
ics of investments in individual FinTech segments and deter-
mination of quantitative characteristics of investment activity
in them.

The information source for such analysis is reports of in-
ternational agencies that summarize information on invest-
ment rounds, M&A procedures and other information related
to investments in the industry.

To minimize the impact of industry-wide factors, relative
indicators are used for the analysis, reflecting the share of
individual segments in the total volume of investments. For
the same purpose, along with formula (1), its modification,
which is based on relative indicators, is used to

N —
S N——

Fig. 2. Research workflow

Correlation
analysis

The main problem that the scenario presented in Fig. 2
solves is that the information sources of the study contain
qualitative information, and measuring the strength of the
relationship between the characteristics under study involves

Gartner Market calculate investment activity

» data source » .

@ Hype cycle / Dynamics o

C b Vv

g £ %IAC, =—=, @

g e qualitative data ——» 3 %I,

£ = ~ 1S

2 Rule-based Rule-based g where %IAc, — investment activity by relative

g, nonlinear linear % indicators;

2 fransformation fransformation Z %Iv(r) — share of investments in a certain

Z e quantitative data ——»| segment of the industry in the reporting (r) year;
%Iv(r- 1) — share of investments in a certain

segment of the industry in the previous (r - 1) year.

Next, the statistical characteristics of the set

of investment activity values are determined,

which will later become the basis for determin-

ing the dynamics of its changes and transition

to point estimates. The distribution of investment activity

values based on quartiles is taken as the basis. The transition

to descriptive characteristics of investment activity is carried
out according to the following rules:



1. R. 1. Stability (investment activity in the segment
corresponds to the average in the industry and is in the
interval [Q1, Q2]).

2. R. 2. Decrease (investment activity in the segment is
less than the average in the industry, and its value is less
than Q1).

3.R. 3. Growth (investment activity in the segment is
greater than the industry average, and its value is greater
than Q3).

As a result, a list of the largest FinTech segments is de-
termined and descriptive information about the dynamics
of investment activity in them during the analyzed period is
determined. The transformation of this information into a
quantitative assessment of the characteristics of investment
activity is carried out on the basis of a rule-based approach
and linear scaling.

Stage 2 - analysis of current Gartner Hype Cycles and
quantitative assessment of the maturity factor of technologies
in individual FinTech segments.

The information source of this stage is a set of Gartner
Hype Cycles. The need to analyze several models is due to
the fact that technologies of one segment can be presented
in different Hype Cycles, just as one Hype Cycle can contain
technologies of different segments. Thus, in Fig. 3, the Gart-
ner Hype Cycle for Emerging Technologies model [33] indi-
cates technologies that belong to the Cybersecurity Fintech
segment and are in the Innovation Trigger phase.

As shown in Fig. 3, the Hype Cycle for Emerging Tech-
nologies contains two key Cybersecurity technologies. Both
are in the Innovation Trigger phase. For the Cybersecurity
Mesh Architecture technology, the performance plateau is
predicted to be reached no earlier than in 10 years, which
in practice means an increased risk that the technology will
not reach development. But for another technology, Disinfor-
mation Security, the performance plateau is predicted to be
reached in 2-5 years, which means a high probability of its
widespread implementation.

Jl Internal Developer Portals
Machine Customers
GitOps
Prompt Engineering Superapps
Homomorphic Encryption Cloud-Native
Al TRISM WebAssembly
Federated Machine Learning Generative Al

Reinforcement Learning
Artificial General Intelligence
Digital Immune System

To convert the Gartner cycle metadata on the maturity
phases of key technologies of an economic entity into quan-
titative assessments of investment attractiveness factors, a
rule-based approach is used. This allows us to take into ac-
count the pronounced nonlinear nature of the Gartner model.

Stage 3 — determining the relationship between the charac-
teristics of investment activity and investment attractiveness.

Correlation analysis is applied to the score estimates.
In this case, it is important to ensure a sufficient volume of
observations. From the estimates given in [34], it is known
that at a correlation of 0.9 the minimum required number of
observations is 6, and for example at a correlation of 0.7 13 ob-
servations are already required.

The results of the correlation analysis are interpreted ac-
cording to the Chaddock scale, which verbalizes the strength
of the correlation from Weak (0.1-0.3) to Very High (0.9-1) [35].
For transparency, the absolute values of the coefficients are also
indicated, and the reliability of the results is assessed taking into
account the sample size.

Through the analysis of the obtained results of the compar-
ison of key technologies of different Fintech segments and their
investment attractiveness, the main technological drivers that
contribute to the growth of investments are determined, as well
as the general prospects for the development of the industry.

5. Results of investigating the maturity of key
technologies as a factor of investment attractiveness in
the FinTech industry

5.1. Determining the score of investment activity
based on statistical data on investment dynamics

Fig. 4 shows a chart of global investments in the FinTech
business for 2018-2024, which is built on the basis of gener-
alization of information on mergers and acquisitions (M&A)
transactions, as well as investments in the form of venture
and private capital [3].
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Fig. 3. Key technologies of the Fintech segment Cybersecurity on the Gartner Hype Cycle model for Emerging Technologies
Note: constructed by Authors based on [33]
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Analysis of Fig. 5 reveals that all
the segments shown in it were char-
acterized by the so-called “seesaw”,
when growth alternated with decline and vice versa. A
detailed analysis of the prerequisites and reasons for such
changes showed that in the context of individual areas, the
development of FinTech was very uneven and was accompa-
nied by movements of cash flows. The greatest growth was
demonstrated by segments in which reserves for innovative
development were found - new business models or technol-
ogies [36]. At the same time, the analysis conducted in [36]
showed that no capital outflow was observed in any seg-
ment, but only stabilization or slowing down of its inflow.

The descriptive characteristics of investment activity are
determined on the basis of quartiles of the distribution of its
values. To reduce the subjectivity of results, (1) and (2) are
used to calculate investment activity.

According to the rules R. 1-R. 3, in each pair of observa-
tion periods, three options for the dynamics of investment

Fig. 5. Share of investments in individual FinTech segments in the total volume of
investments in the industry (2022—2024)

The set of methods for calculating investment activity (1)
and (2), the rules for determining its descriptive characteris-
tics based on the quartiles of the distribution, and the rules
for their further transformation into point estimates form
the method for determining the point estimate of investment
activity. Further, calculations were made on its basis by Fin-
Tech segments.

Based on data on absolute investment volumes by indus-
try segments for 2022-2024, the characteristics of investment
activity were calculated using formulas (1), (2), as well as
quartiles for each calculation method - absolute (abs) and
relative (prc):

Q195 =0.373;

Q1P = 0.592;



Q3% = 1.547;

Q3P = 1.796.

The results of our analysis are given in Table 2.

Rules for determining the score of investment activity dynamics

The analysis conducted in [24] revealed that in the “In-
novation Trigger” phase, real capital inflows are very weak.
These statistics confirm that for the whole of 2023, global
investments in quantum technologies, which are a typical
example for this phase, barely reached $2 billion. which,
Table 1 according to pessimistic estimates, is

approximately 10% of future values. The
difference of 7-10 times, compared to the

Descriptive characteristics of
investment activity

Investment activity
rating (0-5)

Graphical interpretation

next phase, is also observed for other an-
alyzed technologies and determines the
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appropriateness of using a 10-point scale.
The implementation of an accurate
score is complicated by the fact that the
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“Innovation Trigger” phase is charac-
terized by the greatest scope in the Hype

Cycle model. Therefore, technologies
at the beginning and end of this phase
differ greatly in risk and impact on in-

vestment attractiveness. Depending on
the degree of technology development,

their impact on investment attractive-
ness is estimated from 0 to 4 points.
Technologies that are at the beginning

Growth after stability 4 \/
Stability
Stability after decline 3 _
Stability after increase
Decline after growth 3 /\
Decline after stability
Constant decline 1 \
Critical decline 0 \

of the phase usually do not yet have
investment potential and are estimated
at 0 points. Technologies that are in
the middle of the phase are estimated
at 2 points. A score of 4 points is given

Determining descriptive characteristics and scores of investment activity in FinTech

to technologies that are close to the end

of the first phase of the Gartner model

and may soon move on to the next one.
When the technology reaches the

Table 2

segments

“Peak of Inflated Expectations” phase,
Investments, | Investment | Investment | peseriptive charac- investments become maximum, and al-
FinTech segment billion USD activity (abs) | activity (prc) teristics of invest- | Score| most all institutions, including venture
2022|2023 | 2024 | 2023 | 2024 | 2023 | 2024 | ment activity and corporate funds, private investors,
Payments 59.2 | 17.2 | 30.8 | 0.291 | 1.791 | 0.488 | 2.045 | decrease / increase| 4 ICOs, etc., participate in the investment
Insuretech 48 | 81| 3 |1.688[0.370(2.832|0.423| growth / decrease | 2 | Process. Quantitative analysis shows
Regtech 20 | 44 | 83 |0.220]1.886]0.369|2.155| decrease / increase| 4 | that in this phase, accor‘}mg tof.the
Cybersecurity | 1.7 | 1.4 | 1 [o0.824|0.714|1.382]0.816 stability 3 | Review Report (2025) [37], for the field
— of artificial intelligence, an increase in

Wealthtech 04 | 0.2 | 0.3 [0.500|1.500|0.839(1.713 stability 3 . . .
il 3 investments is recorded in 5 years by
Dlglctjrrisrf;tessan 233 87 |10.7]0.373 | 1.230 |0.627 | 1.405 stability 3 | 7times - from $12.4 billion in 2016 to a
m ; peak of $87.5 billion in 2021. Paper [23]
ESG and Greentech| 1.2 | 2.3 | 2.71 |1.917 |1.174|3.217|1.341 growt 5 notes a similar progress in invest-
Total FinTech  |203.6/121.3{106.2| 0.596 | 0.876 | n.a. | n.a. n.a. -~ | ments (almost 10 times) for blockchain

It can be noted that the determining descriptive estimates
based on calculations of instantaneous investment activity
according to formulas (1), (2) gave the same results.

5.2. Determining the maturity score of key technol-
ogies as a factor of investment attractiveness based on
the Hype Cycle model

The method of transforming Gartner cycle metadata
into quantitative assessments of investment attractiveness
factors, which is proposed in the study, is based on a rule-
based approach. This involves the synthesis of rules for
determining the maturity scores of key technologies. The
basis for this is the results of quantitative analysis of their
investment attractiveness, which were performed by other
authors for technologies related to Fintech. Among these
are artificial intelligence, quantum computers [24], and
blockchain [23].

technology. Thus, the “Peak of Inflated
Expectations” phase should be assessed at the upper level
of the scale - 10 points. In the “Trough of Disillusionment”
phase, using the example of blockchain [23], a decrease in
investment volumes to a level of approximately 25-30% of
the maximum in the hype phase is determined. Therefore,
the investment attractiveness of technologies in this phase
should be estimated at 3 points.

If the industry technologies overcome the shortcomings
and move to the “Slope of Enlightenment” phase, then an
increase in investment activity is observed again, but not as
strong as in the hype phase. For example, blockchain technol-
ogies can be seen as an increase in investment by 1.5-2 times
compared to the lowest indicators of the “Trough of Disillu-
sionment” [23]. As for the “Innovation Trigger” phase, the
actual assessment will strongly depend on where the tech-
nology is located - closer to the beginning or to the end of the
phase. Depending on this, we shall set it at 5-6 points.



Finally, in the “Plateau of Productivity” phase, financing
levels off and remains stably at a high level. The review con-
ducted in [9] shows that in this phase the average market capi-
talization continues to grow already due to profits from industry
technologies, and the level of investment attractiveness is second
only to the hype phase. Therefore, it can be estimated at 7 points.

The generalization of these results makes it possible to
propose rules for transforming Gartner cycle metadata into
scoring, which are given in Table 3.

Table 3

Rules for determining the score of maturity of key
technologies as a factor of investment attractiveness of an
economic entity

Maturity phase of Assessment of investment attractive-
key technologies ness by maturity phase (0-10 points)
Innovation Trigger 0-4
Peak of Inflated Expectations 10
Trough of Disillusionment 3
Slope of Enlightenment 5-6
Plateau of Productivity 7

In practice, not one but n key technologies, which are in
different phases of maturity, may be used simultaneously in
individual FinTech segments. In such a case, the overall as-
sessment of the investment attractiveness of the IA segment
by the technology maturity factor is calculated as the average
assessment of individual key technologies (kta;)

Zn: kta,
— =1 .

IA= 3

n

The set of rules given in Table 3, as well as the technique
for calculating the score for segments where key technolo-
gies are in different phases of maturity (3) forms a method
for determining the score of the technology maturity factor.
Further, calculations were made on its basis for FinTech
segments. The FinTech segments indicated in Fig. 5 were
analyzed in terms of the key technologies used in them and
the maturity phases of these technologies. Since none of the
published Hype Cycles includes all FinTech technologies,
several such cycles published in [17, 18, 33] were analyzed.
The results of calculating the scores are given in Table 4.

It should be noted that the different investment at-
tractiveness ratings given to the “Payments” and “Digital
assets and currencies” segments are different, although
both are in phase 4 of the “Slope of Enlightenment”.
However, the first of them is closer to phase 5 of the “Pla-
teau of Productivity”, and the second is closer to phase 3.
Therefore, according to Table 3, their attractiveness is rat-
ed at 6 and 5 points, respectively. The situation is similar
with the technologies of the Wealthtech segment, which
are close to the beginning of the “Innovation Trigger”
and “Slope of Enlightenment” phases and are rated at
1 and 5 points, respectively.

5. 3. Analysis of the relationship between the matu-
rity factor of key technologies and investment activity
in FinTech segments

The input data for the analysis are the results of deter-
mining the score estimates of investment activity (Table 2)
and the maturity factor of key technologies (Table 4). The
summarized results of calculating the score estimates are
given in Table 5.

Table 5
Input data for correlation analysis
Scores by segment
FinTech segment Key technology ma- | Investment activity
turity factor (0-10) (0-5)
Payments 6 4
Insuretech 4 2
Regtech 10 4
Cybersecurity 6 3
Wealthtech 5.3 3
Digital asse_ts and 5 3
currencies
ESG/Greentech 10 5
Mean score 6.61 3.43

A graphical interpretation of the relationship between
the input data in the form of a scatterplot is shown in Fig. 6.

Analysis of Fig. 6 allowed us to establish that the form
of the relationship between the studied parameters is close
to linear, which meets the requirements for using the linear
correlation method for further calculations.

Table 4
Determining descriptive characteristics and maturity scores of key technologies in individual FinTech segments
X X Score
FinTech segment Technology maturity phase ” n Source: Hype Cycle for:
a
Payments 4. Slope of Enlightenment 6 Digital Banking Transformation
1. Innovation Trigger Digital Life and P&C
Insuretech - 4 -
4. Slope of Enlightenment Insurance Fintech VC
Regtech 2. Peak of Inflated Expectations 10 10 Cyber-Risk Management
X 1. Innovation Trigger 2 Emerging Technologies
Cybersecurity - 6 -
2. Peak of Inflated Expectations 10 Cyber-Risk Management
1. Innovation Trigger 1 Emerging Technologies
Wealthtech 2. Peak of Inflated Expectations 10 53 Fintech VC
. Fintech VC
4. Slope of Enlightenment 5 Emerging Technologies
Digital assets and currencies 4. Slope of Enlightenment 5 5 Web3 and Blockchain
ESG and Greentech 2. Peak of Inflated Expectations 10 10 Digital Banking Transformation




considered as a technological driver

of growth or recovery of investment

activity in FinTech segments. Howev-

er, (3) implies that if there are a large
X number of key technologies in the

segment, the marginal effect of adding
another technology decreases. This

observation is consistent with the con-

clusions in [38] about the key role of
artificial intelligence in increasing the

attractiveness of FinTech. This also
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Fig. 6. Diagram of the relationship between investment activity and technology
maturity factor in individual FinTech segments

Correlation analysis revealed that there is a correlation
between the maturity factor of key technologies and invest-
ment activity in FinTech segments at the level of r = 0.8615.
According to the Chaddock scale, this level of correlation is
assessed as high.

6. Discussion of results related to the relationship
between the maturity phase of key technologies and
investment activity in the FinTech industry

The results (Tables 2, 4, 5, Fig. 6) allowed us to conclude
that investment activity in FinTech is largely related to the
maturity phase of key innovative technologies used in the
industry. The high level of correlation (r = 0.8615), calculated
on the basis of Table 5, indicates a strong direct relationship
between the parameters under study. This means that the
behavior of investors is generally consistent with the phase
patterns of development described by the Hype Cycle model.
Investors are more willing to invest in those segments where
key technologies are closer to the “Peak of Inflated Expec-
tations” or to the “Plateau of Productivity”. Therefore, the
maturity of key technologies can be considered as one of the
most important factors of investment attractiveness.

Compared with previously published studies, our result
quantitatively confirms qualitative observations made earlier by
other authors. Papers [17, 19] used the Hype Cycle model to ex-
plain the cyclicality in the development of individual segments,
in particular digital banking. Work [9] emphasizes that the
phases of technology maturity affect investment attractiveness
but does not offer tools for its measurement. The proposed meth-
ods provide a transition from descriptive analysis to quantitative
assessment through scoring scales (Tables 1, 3) and further sta-
tistical verification of the relationship (Table 5, Fig. 6).

It should be noted separately that the recovery of invest-
ment activity may be associated with the emergence of new
key technologies in the segment that are closer to the “Peak
of Inflated Expectations”. This was most noticeable in the
Wealthtech segment, which received a higher investment
attractiveness rating due to the active use of artificial intel-
ligence technologies to improve approaches to capital man-
agement (Tables 3, 4). According to (3), the addition of a key
technology with a high kta score increases the average IA score
for the segment. Therefore, the introduction of new technolo-
gies that are close to the peak of inflated expectations can be

dynamics observed in Fig.5, when
segments that seem to be losing their
attractiveness can quickly regain it
through innovation.

The results and conclusions ob-
tained are valid not only for FinTech
but also extend to other sectors of the
digital economy with a high share of intangible assets, fast
cycles of renewal and scaling, network effects, and a global
sales model. Overall, the results of our study confirm that
the Gartner Hype Cycle model can be used not only as a
descriptive concept but also as a working tool for analyzing
and forecasting investment activity in industries for which
Emerging Technologies are key.

It is necessary to recognize the limitations of the re-
search. The developed methods for translating descriptive
characteristics of investment dynamics and maturity phases
of key technologies from the Gartner descriptive model into
quantitative score scales (Tables 1, 3) are empirical approxi-
mation. Although these methods are based on the analysis of
the results of works [8, 23, 24], their use inevitably simplifies
the complex reality and contains an element of subjectivity.
The accuracy of the conclusions and recommendations de-
pends on the correctness of the assignment of points and can
be specified in further research.

In addition, our study is limited only to large FinTech
segments, and their number, equal to 7, is close to the min-
imum sufficient to detect a strong correlation. According to
estimates [34], with a correlation of 0.9, the minimum required
number of observations is 6, and with a correlation of 0.7,
13 observations are already required. Formal expansion of the
sample due to niche areas can increase the number of observa-
tions but creates additional problems. For niche areas, episodic
investment flows are more often observed, which complicates
calculations for (1) or (2). In addition, the factors of develop-
ment of niche areas may differ significantly from the factors
that shape investment activity in large FinTech segments.

The disadvantages of the study include the fact that the
scoring scales (Tables 1, 3) are set empirically and require
further verification of the stability of the results. Also, in calcu-
lating the integral assessment of the investment attractiveness
of the FinTech segment, a simple averaging of the assessments
of key technologies (3) was used, which does not take into
account their possible different weight for a separate segment.

Further development of our study may be associated with
the expansion of the time base of observations and the detail-
ing of data, in particular, the transition to more frequent inter-
vals (quarterly) if such data are available. It is also promising to
refine the scoring scales and check the sensitivity of the results
to alternative scaling rules. The main difficulties on this path
are the incompleteness of data for niche areas, the difference in
approaches to the classification of segments and technologies



in the sources, as well as the non-stationarity of investment se-
ries during periods of sharp changes in the economic situation.

7. Conclusions

1. For quantitative measurement of the parameters of the
dynamics of investment activity of economic entities, a method
for determining a score has been proposed, in which the char-
acteristics of the dynamics of changes are calculated on the
basis of quartiles. According to the results of the calculations,
the following threshold values were obtained: Q1% = 0.373;
Q39hs = 1.547; Q1P =0.592; Q3P =1.796. That has made it
possible to identify zones of stability, decline, and growth of
investment activity and, on this basis, determine the score
estimates of investment activity in FinTech segments.

2. The proposed method for determining the score esti-
mate of the technology maturity factor based on the rule-
based approach allowed us to obtain a quantitative assess-
ment of this factor of investment attractiveness in FinTech.
The results of the calculations confirmed that the invest-
ment attractiveness of FinTech as an industry as a whole re-
mains high. The average maturity score (6.61 points) places
the industry between the “slope of enlightenment” and
“plateau of productivity” phases, and the average invest-
ment activity score of 3.43 points is between the descriptive
scores “investment stability” and “growth after decline”.
This explains that the decline in total financing volumes
is not a sign of the decline of the industry, but reflects its
transition to a maturity phase, where growth increasingly
depends on the real profitability of economic entities, rather
than on speculative capital.

3. A quantitative relationship has been established be-
tween investment activity in FinTech segments and the
maturity factor of key technologies. The high level of correla-
tion (r = 0.8615), which was calculated in the study, indicates
the presence of a strong direct relationship between the
parameters under study. The calculations made it possible
to confirm the principal hypothesis of the study that the
investment attractiveness of economic entities in FinTech is
largely related to the maturity phase of the key technologies
they use. This means that investors are willing to invest in
those segments where key technologies are close to the peak
of inflated expectations or to the plateau of performance, and
investor behavior largely follows the patterns of the Hype Cy-
cle model. The key technological driver capable of supporting
or restoring investment activity in individual segments is the

introduction of technologies close to the “Peak of Inflated
Expectations”. Currently, such a technology is artificial in-
telligence. Thus, taking into account the stages of technology
maturity allows us to better explain investor behavior and
predict changes in investment activity in FinTech segments.
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