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PARADOX OF SKILL IN THE TRANSFER OF INNOVATION:
HARD WORK OR(AND) LUCK?

Abstract. This article provides an authors' view on the phenomenon of the paradox of skill in the transfer of technologies
(innovations). The impact of Mauboussin's success equation on sports, economy, education and science is analyzed. The authors
proposed that the paradox of skill may be used to improve the efficiency of innovation transfer. The algorithm for evaluating the
level of readiness of a product for implementation on different scales from the point of view of the concept of the paradox of skill
is given. Suppose we have the same skill level as our competitors, and the luck factor is problematic. In that case, we must first
provide a deeper analysis of the level of product readiness to improve skills and minimize failure through forecasting and risk
assessment. The proposed algorithm allows the maximal evaluate the skill at each stage of the analysis of the product's readi-
ness level according to different classification scales. It reduces the risks of loss of skill according to Mauboussin's approach.
In addition, this algorithm determines the possibility of using artificial intelligence and neural networks to increase success in
technology transfer.
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MMAPAJJOKC MAVCTEPHOCTI Y EPEIAUI IHHOBAII:
HATMOJIETJIMBA TPALST UM(T) BIAYA?

Anomauia. Y cmammi npedcmasiieHo agmopcbKull no2isd Ha (heHOMEeH napaooKkcy MAticmepHoCmi npu nepeoadi mexHo-
soeitl (innosayiil). [Ipoananizosano eniue pisnsnns ycnixy Mooyccina na cnopm, ekoHoMIKY, oceimy ma HayKy. Aemopu npu-
nycKarms, wo napadokc MalcmepHocmi Modice Oymu gukopucmanuil 015 niosueHHs epexmuenHocmi mpaucgepy iHHogayiil.
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Hageoeno ancopumm oyinku pigHs 20mogHocmi npoOyKmy 00 8HPOBAONCEHHS 8 PIHUX MACUMAOAxX 3 MOUKU 30py KoHyenyii na-
paooxcy maticmepuocmi. IIpunycmumo, wjo Mu MAemo maxuii camuil pigens Maucmepuocmi, AK i Hauli KOHKypenmu, a pakmop
6€3IHHS € NPOONEMAMUYHUM. Y MAKoMY 8UNAOKY MU NOBUHHI CNOYAMKY nposecmu OiNb 2IUOOKUL AHANI3 PIGHA 20MOBHOCI
npooyKny, Wod NONINUWUMU HABUYKU [ MIHIMIZY8amu He80aui 30 00NOMO200 NPOSHO3YBAHHS MA OYIHKU PUSUKIE. 3anponoHoea-
HUll aneopumm 0038015€ MAKCUMANLHO OYIHUMU HAGUYKU HA KOJICHOMY emani ananizy pieHs 20MoeHOCMI RPOOYKMY 3a PisHUMU
Kaacu@ikayitinumu wkaiamu. Lle smenutye puzuxu empamu MaticmepHocmi 8i0nosiono 0o nioxody Mobyccina. Kpim moeo, yeii
aneopumm GUHAYAE MONCIUBICTNG GUKOPUCIIAHHA WMYYHO20 IHMENeKMY ma HeUPOHHUX Mepedc 05l NIOBUeHH S YCHIUHOCMI

mpancgepy mexnonozii.

Knruoesi cnosa: napadokc Hasuyox, mpancghep mexnonozil, pisens comosrocmi, mooeins (M)RL.

Introduction. Technology transfer is a complex process
that depends on the transfer object's life cycle stage and the
environment. If the transfer mastery depends on the internal
environment (the stage of the product life cycle), then
there are risk and luck factors in the external environment.
However, it is possible to increase the potential success
and reduce the risks by increasing the skill at the stage of
product development. The task of assessing internal factors
and the level of product readiness for implementation from
the point of view of disruptive parameters is an actual task.

Analysis of recent research and publications. The
“paradox of skill” is a phenomenon that has garnered
attention in various fields, particularly in sports and
management, where the relationship between skill level
and performance outcomes is examined [1]. This phenom-
enon also has implications across various fields, including
science and academia, where the relationship between skill,
performance, and outcomes can be complex and coun-
terintuitive. This paradox suggests that as the skill level
of competitors increases, the role of luck becomes more
pronounced in determining the outcomes of competitions.

Before discussing technology transfer, it is important
to “feel” the paradox of skill in different industries. This
explanation will provide additional information about the
nature of the paradox and the subtleties of the relationship
between skill and luck in various applications.

In sports, the paradox of skill is often articulated
through the observation that elite athletes, despite their
high levels of skill, experience outcomes significantly
influenced by chance. Authors [2] highlight that in highly
competitive environments, the best players often exhibit
similar skill levels, leading to outcomes predominantly
determined by luck rather than skill alone. This assertion
is supported by authors [3], who further elaborate that as
players' skills converge, the variability in performance
outcomes increases, thereby elevating the impact of
luck. This phenomenon can be particularly observed in
team sports, where unpredictable factors, such as referee
decisions or unforeseen events during the game, can sway
the performance of teams with similarly skilled players.
The implications of the paradox of skill extend beyond
sports into organizational contexts, where similar dynamics
can be observed. Smith et al. [4] discuss how leaders in
organizations face paradoxical challenges that require them
to balance competing demands effectively. This balancing
act can mirror the paradox of skill, where organizations
with highly skilled employees may still face unpredictable
market conditions that can undermine their competitive
advantages. Gopakumar and Gupta [5] emphasize the
need for leaders to develop paradoxical leadership skills
to navigate these tensions, suggesting that the ability to
manage skill and luck is crucial for organizational success.

Moreover, the paradox of skill has been explored in
the context of psychological responses to performance
pressures. Day et al. [6] note that heightened focus on
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specific skills can lead to anxiety and fear of failure, which
may ironically hinder performance. This fact aligns with
the findings of Pefa [7], who investigates how anticipatory
anxiety can paradoxically enhance performance through
imagery techniques. Such psychological dynamics illustrate
that mental states can significantly influence outcomes even
in skill-intensive environments, further complicating the
relationship between skill and performance. The literature
also suggests that the paradox of skill can inform strategies
for training and development. Toner and Moran [8] argue
that expert performers must develop aheightened awareness
of their bodily movements, challenging traditional views
that advocate for a more automatic execution of skills.
This notion resonates with the idea that understanding the
interplay between skill and mental processes can improve
performance outcomes, even in unpredictable elements.
In conclusion, the paradox of skill presents a complex
interplay between skill, luck, and psychological factors
across various domains. As organizations and athletes
strive for excellence, acknowledging the limitations of
skill alone and the role of chance can lead to more effective
strategies for performance enhancement and leadership
development.

The findings from relevant studies that explore the
paradox of skill in the context of scientific research and
education are shown below. One of the key areas where
the paradox of skill manifests is in the recruitment and
retention of talent in academia. Luczaj [9] discusses the
paradoxical nature of academic migration to Poland, where
internationally mobile academics often criticize policies
promoting internationalization. This criticism highlights a
disconnect between the skills and qualifications of these
academics and the institutional frameworks that govern their
careers. The paradox arises when highly skilled individuals
are constrained by policies that do not effectively recognize
or leverage their expertise, leading to a misalignment
between skill and opportunity. In science education, the
paradox of skill is evident in the challenges educators face
in fostering effective learning environments. Balducci [10]
notes that while there is a growing emphasis on gender
equality in education, the widening gender differences
in science skills present a paradox. This discrepancy
suggests that despite advancements in educational policies,
underlying biases and structural issues continue to hinder
equitable skill development in science. Such findings
underscore the complexity of skill acquisition and the
factors that can impede progress, even in environments
designed to promote equality. Moreover, translating
scientific knowledge into practical applications often
encounters paradoxical challenges. Fernandez-Esquinas
et al. [11] highlight the difficulties in university-industry
interactions, particularly in peripheral innovation systems.
The authors argue that despite the presence of skilled
researchers, translating scientific results into marketable
innovations remains problematic. This situation exemplifies
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the paradox of skill, where high levels of expertise do not
necessarily correlate with successful outcomes in applied
settings, thus necessitating a reevaluation of how skills are
utilized within the innovation ecosystem. The paradox of
skill also extends to the teaching and assessment of scientific
competencies. Gishen et al. [12] emphasize the importance
of soft skills in medical education, such as communication
and professionalism. They argue that while these skills are
critical for effective practice, they are often undervalued
in traditional assessment models, prioritizing complex
science knowledge. This misalignment creates a paradox
where students may excel in technical skills but struggle in
essential interpersonal competencies, ultimately affecting
their performance in real-world scenarios. Furthermore,
the complexities of scientific writing illustrate the paradox
of skill in academia. Merkle [13] points out that while
writing is a fundamental skill for scientists, it is often not
adequately taught within science education programs. This
oversight leads to a paradox where students are expected
to produce high-quality scientific writing without the
necessary instruction, resulting in a gap between their
skills and expectations. In conclusion, the paradox of skill
in science and academia reveals a multifaceted interplay
between skill development, institutional frameworks, and
practical applications. As organizations and educational
institutions strive to cultivate talent and foster innovation,
recognizing and addressing the paradoxes inherent in skill
utilization is crucial for achieving desired outcomes. The
literature suggests that a more nuanced understanding
of these dynamics can inform strategies for improving
educational practices and enhancing the translation of
scientific knowledge into impactful applications.

This concept has significant implications for technology
transfer, where the expected benefits from transferring
advanced technologies may not materialize as anticipated
due to the dynamics of skill distribution and competition.
Below, the paradox of skill within the context of techno-
logy transfer is explored, examining its implications for
economic growth, innovation, and competitive advantage.

The aim of the article. This article aims to develop an
algorithm for risk assessment and an attempt to “counteract”
failure through the prediction and application of artificial
intelligence due to the minimization of potential random
factors when changing the level of product readiness for
implementation.

Results and discussion. The paradox of skill, as
articulated in Mauboussin's equation, posits that success
in various domains, including technology transfer, is
contingent upon both skill and luck. This relationship
raises critical questions about the efficacy of technology
transfer processes, particularly in how skills are developed
and utilized within organizations. While skill is essential,
the unpredictable nature of luck can significantly influence
outcomes, creating a paradoxical situation where high skill
does not always guarantee success.

Technology transfer is fundamentally a process
involving the transfer of knowledge, technology, and
practices from one entity to another, often requiring a
nuanced understanding of the transferring organization's
capabilities and the receiving entity's absorptive capacity
[14,15]. The effectiveness of technology transfer can be
influenced by the skills of the individuals involved and
the structural and relational dynamics within technology
networks [16,17]. For instance, Agbim emphasizes that

successful technology transfer relies on the cooperation
of actors within a technology network, which can enhance
the performance of the transferred technology [14].
This highlights the importance of individual skills and
the collective capabilities of organizations engaged in
technology transfer.

However, the paradox of skill becomes evident
when considering that even highly skilled individuals or
organizations may encounter failures due to unforeseen
circumstances or external factors — essentially the role of
luck. Artyukhov et al. articulate that success is a function
of both skill and luck, suggesting that even with high levels
of skill, outcomes can be unpredictable [18]. This duality
is echoed in the context of technology transfer, where the
ability to absorb and implement new technologies can be
hampered by factors outside the control of skilled personnel,
such as market conditions or regulatory environments [19].

Moreover, the interplay between skill and luck can
manifest in various ways across different contexts. For
example, authors [20] discuss how the breadth of experience
canlead to legitimacy issues in entrepreneurship, suggesting
that while diverse skills are beneficial, they may also create
challenges in establishing credibility. This notion can be
applied to technology transfer, where organizations with a
broad skill set may struggle to gain recognition or support
in specific technological domains, thus complicating the
transfer process.

Additionally, the “learning curve” concept is pertinent
to understanding the paradox of skill in technology
transfer. Steenhuis and Bruijn note that the time required
to become proficient with transferred technology can
vary significantly, influenced by both the skill level of
the individuals involved and the inherent uncertainties
of the technology itself [21]. This variability underscores
organizations' need to cultivate skills and develop strategies
that account for the unpredictable nature of technology
transfer outcomes.

Assessment of skill during technology transfer can
be carried out at various stages of product readiness for
implementation. Also, it should be done according to
different classification features, which are given below.

1. Technology Readiness Level (TRL) [22] or
Manufacturing Readiness Level (MRL-1) [23] depending
on the product's features.

2. Innovation Readiness Level (IRL) [24].

3. System Readiness Level (SRL) [25].

4. Intellectual Property Readiness Level (IPRL) [26].

5. Market Readiness Level (MRL-2) [27].

6. Adoption Readiness Level (ARL) [28].

Another option that can be considered as working is to
reduce the degree of risk and increase the degree of luck.
At first glance, this approach correlates with the last point
of the classification of levels of development readiness for
implementation, which is given above.

However, before using this option, you should refer to
the work [29]:

“Risk and luck are two fundamental concepts that play
a crucial role in shaping the outcomes of our actions and
decisions. Risk refers to the potential for facing loss or
negative consequences due to a particular action. It's about
the possibility of an unfavourable outcome when we dare
to reach for something of value.

Luck, on the other hand, is the chance occurrence
of events in our favour without our intentional action or
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calculation. It's the unpredictable and uncontrollable force
that can change the course of events in unexpected ways. ..

...Risk and luck are two sides of the same coin,
influencing the outcomes of our decisions and actions in
ways that are often complex and interwoven. Both concepts
are characterized by unpredictability and have significant
impacts on decision-making, albeit in different manners.
They share the commonality of affecting outcomes beyond
our immediate control, making them critical factors in both
personal and professional contexts.

Similarities:

* Unpredictability: Both risk and luck introduce a
degree of uncertainty into any decision-making process.
While we can often anticipate and plan for risk to some
extent, its outcomes, much like those of luck, can still be
unpredictable.

e Impact on Decision-Making: The potential for risk
or the hope of luck can influence our choices. Whether
investing in the stock market, pursuing a new career,
or even in daily decisions, the way we weigh potential
outcomes can be swayed by our perceptions of risk and the
possibility of fortuitous events.

Differences:

* Measurability and Management: Risk, unlike luck,
can often be measured and managed. Through analysis, we
can estimate the likelihood and potential impact of risks,
allowing for strategies to mitigate them. Luck, by contrast,
is inherently random and beyond our control. We cannot
manage its occurrence or influence its outcome through
analysis or planning.

* Origin: Risk is typically associated with a specific
decision or action taken, meaning it has a traceable origin.
Luck does not necessarily follow from our actions and can
occur independently of them.

Spotting Bias Towards Risk or Reliance on Luck:

 Individuals more biased towards risk-taking often
engage in thorough analysis and calculation before
making decisions. They might have contingency plans in
place, reflecting a belief in controlling outcomes through
strategy.

* Those relying more on luck might make decisions
with less deliberation or with an optimistic belief in
favourable outcomes, regardless of the odds or existing
data...”.

Thus, despite the close nature of these two concepts,
there is no need to confuse them. A better option is to
include ARL in the decision-making matrix to increase the
skill's influence.

Suppose we are at the same skill level as our
competitors, and the luck factor is problematic to consider.
In that case, we must first provide a deeper analysis of the
level of product readiness to improve skills and minimize
failure through forecasting and risk assessment.

Based on the above-listed classification signs of product
readiness for implementation, an algorithm for increasing
skill influence is proposed (Figure 1).

Figure 1 presents a structured model for evaluating
product readiness parameters and addresses the paradox
of skill assessment by integrating various evaluation
methodologies and metrics. It bridges readiness
assessment with advanced technologies (like AI) and
traditional evaluation methods, eventually targeting market
applicability.

1. Product readiness parameters.

This is the starting point, representing the set of
parameters used to evaluate the readiness of a product or
system. It feeds into specific readiness levels, represented
by different categories of metrics.

Product readincss parametrs

2

S

IPRL MRL-2

I

/

AT and neural -
networks

Expert Assessment Method

Current level of readiness for cach type

4—\

Paradox of Skill Assessment

/

I

Figure 1. Algorithm for increasing the degree of skill influence in the process of technology transfer
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2. Determining current readiness.

The readiness levels feed into a central process labeled
the “Current level of readiness for each type”. This stage
determines the status of the product across the various
readiness categories.

3. Readiness assessment.

* Al and neural networks:

— These advanced computational methods are utilized
to analyze and predict the paradox of skill and level of luck
(as shown, for example, in the game industry [30]). They
provide a data-driven approach to readiness assessment.

» Expert assessment method:

— a traditional evaluation method involving human
experts, which focuses on subjective analysis based on
expertise;

— this feeds into Kendall's coefficient of concordance,
a statistical measure used to evaluate the agreement among
experts, ensuring reliability and consensus in readiness
evaluation;

— ARL represents a synthesized metric or a final readi-
ness level derived from the other readiness assessments.

4. Feedback Loops.

Readiness evaluation involves iterative feedback,
allowing adjustments based on insights gained from both
Al-driven analysis and expert consensus. This iterative
nature reflects the paradox of skill assessment, as multiple
perspectives are reconciled to ensure an accurate readiness
level.

5. Market Integration.

The current level of readiness for each type ultimately
feeds into the market, implying that readiness assessment
is oriented toward market applicability and deployment.
This linkage ensures that the assessment process is
theoretical and aligned with practical implementation and
commercialization needs.

Key concepts of the algorithm.

1. Integration of traditional and advanced methods.

Figure 1 highlights a hybrid approach that combines
advanced technologies (Al and neural networks) with
traditional expert-based evaluations.

Using Kendall's coefficient of concordance ensures
that the subjectivity of expert assessments is balanced with
statistical rigor.

2. Iterative and multi-level analysis.

Multiple readiness metrics (TRL, IRL, SRL, IPRL,
MRL) provide a comprehensive evaluation framework,
ensuring that no aspect of readiness is overlooked.

The feedback loops accommodate continuous
improvement, aligning the product with market
expectations.

3. Focus on the “paradox of skill assessment”:

This term suggests a tension between subjective
expertise and objective technological methods in readiness
evaluation.

The model resolves this paradox by integrating both
approaches into a coherent framework.

Conclusions and prospects for further research.
The paradox of skill in technology transfer highlights
the complex interplay between skill and luck, suggesting
that while skill development is crucial, organizations
must also navigate the uncertainties accompanying
technology transfer processes. The literature reveals that
successful technology transfer is not solely dependent
on the skills of individuals but is also shaped by external
factors and the dynamics of technology networks. Thus,
a comprehensive understanding of technology transfer
must consider skills development and luck's unpredictable
nature.

The proposed algorithm allows the evaluation of the skill
at each stage of the analysis of the product's readiness level
according to different classification scales. It reduces the
risks of loss of skill according to Mauboussin's approach.
In addition, this algorithm determines the possibility of
using artificial intelligence and neural networks to increase
the level of success in technology transfer.

The task of further research is to study the possibilities
of artificial intelligence and neural networks as tools for
increasing the level of success in technology transfer.
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