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Introduction

Uncertainty in projects arises from unclear ob-
jectives, changing requirements, insufficient
knowledge of project teams, external disruptions,
and unpredictable risks, which often lead to delays,
cost overruns, and inefficiency. Modern project
management information systems (PMIS) focus on
structured data and deterministic models, but they
struggle to provide dynamic adaptability in envi-
ronments with high uncertainty.

The authors aim to develop a more adaptive,
data-driven, and intelligent PMIS framework that in-
tegrates advanced analytics, real-time decision sup-
port, and scenario modeling to reduce uncertainty.

This article focuses on the analysis of catego-
ries of uncertainty affecting project management,
namely the classification of sources of uncertainty
according to the project life cycle, as well as the
definition of uncertainty categories — ontological,
epistemic, and aleatory — for building a relevant
analytical foundation.

1 Purpose and Objectives of the Study

The purpose of this study is to:
1. systematize the challenges and impact of
uncertainty on project planning and execution, with

particular emphasis on the limitations of modern
PMIS;

2. identify specific categories of uncertainties
and investigate how PMIS can be improved for more
effective management of these uncertainties.

In doing so, the study aims to contribute to the
development of more robust project management
strategies and systems capable of anticipating, miti-
gating, and adapting to uncertainties.

To achieve this goal, the research covers the
classification of categories of uncertainty depending
on their impact on project management processes
and tools.

A three-level uncertainty breakdown structure
(UBS) is proposed, linked to the stages of the project
life cycle.

It is also proposed to introduce a new unit of
measurement for total uncertainty on a scale from
0.00 to 1.00, ranging from the ideal but unattainable
complete confidence and determinism to the oppo-
site extreme of total ignorance and chaos.

2 Challenges of Uncertainty in Project
Management

Challenges of uncertainty in project planning
and execution arise from the inherent unpredictabil-
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lity and complexity of projects, which can lead to
various project elements. In project management,
uncertainty is divided into two main types — varia-
bility risks and ambiguity risks [1]:

1. Variability risks include uncertainties re-
garding key characteristics of events or operations
and can be managed using methods such as Monte
Carlo analysis for quantitative assessment of poten-
tial outcomes.

2. Ambiguity risks, where imperfect knowledge
affects project objectives, can be reduced by involv-
ing external experts, conducting simulations, and
employing incremental development.

Modern PMIS models often face limitations in
addressing uncertainty issues due to their determin-
istic nature. These models are typically designed to
adhere to linear processes, which may not account
for the dynamic and complex nature of real projects
[1]. For example, traditional PMIS may insufficient-
ly support decision-making processes required under
significant uncertainty and complexity.

Moreover, risks may emerge that can only be
identified after their occurrence, necessitating a re-
silience-oriented approach to project management.
This requires flexible processes, reserves, and em-
powered teams to adapt to unforeseen changes, thus
aligning with more robust risk management capable
of handling unforeseen risks [1].

This reveals a gap where probabilistic appro-
aches could be more useful, incorporating flexibility
and adaptability into project management practices.

Thus, the gaps in modern PMIS models and
methods mainly lie in their ability to integrate and
manage uncertainty. Addressing these challenges
requires an evolution toward systems that can inte-
grate uncertainty quantification (UQ) methodolo-
gies, support adaptive management strategies, and
leverage new technologies to improve decision-
making processes under uncertainty [1].

2.1 Case Study

Below are some examples from the practice
guide of the Project Management Institute “Naviga-
ting Complexity” [2] and the PricewaterhouseCoop-
ers study “Correcting the Course of Capital Projects”
[4], where project outcomes were negatively affect-
ed by uncertainties exacerbated by shortcomings in
project management information systems (PMIS):

* Natural uncertainty of technological pro-
gress and innovative projects. PMIS often struggle
to manage natural uncertainty in projects involving
new technologies or innovations, such as advanced
construction  projects or information and
communication technology projects. These projects
face a high level of change and instability in

assumptions, increasing risk and potentially leading
to resource shortages affecting critical paths [2].

o [Inadequate risk management in large pro-
jects. The assessment of numerous industrial pro-
jects showed that very few achieved optimal predict-
ability in terms of cost and schedule. This indicates a
widespread issue with PMIS in effectively managing
complexity and uncertainty in such large-scale un-
dertakings, often due to insufficient risk assessment
and management [3].

o Communication and stakeholder misalign-
ment. Projects often suffer from poor communica-
tion between stakeholders and project teams. This
lack of clarity and transparent reporting leads to
project delays and budget overruns, as seen in a con-
struction project delayed due to postponed equip-
ment procurement caused by indecisive contractor
selection [3].

e [nability to anticipate risks in complex envi-
ronments. High-profile projects, such as infrastruc-
ture developments, can be severely affected by un-
foreseen political changes or legislative shifts, lead-
ing to scope disruptions and schedule delays. PMIS
may fail to account for such emerging risks without
robust forecasting tools and flexible methodologies
[2].

These examples highlight some areas where
PMIS can be improved for more effective uncertain-
ty management, emphasizing the need for enhanced
adaptive and predictive capabilities in project man-
agement systems.

3 Research Methodology

The methodological framework adopted in this
research is founded upon principles and tools from
several scientific and management domains, ensur-
ing a comprehensive approach to the analysis of
uncertainty in project management information sys-
tems. The study utilizes uncertainty quantification to
systematically identify, measure, and address differ-
ent types of uncertainty inherent in project environ-
ments. Chaos theory and systems theory, with a
particular emphasis on partially observable systems,
provide the foundational perspective for modeling
complex, dynamic, and often non-linear interactions
within projects. Stochastic processes from probabil-
ity theory enable the representation and simulation
of randomness and variability, which are vital to
capturing aleatory and epistemic uncertainties.

Decision theory is employed to support the
analysis of choice under uncertainty, facilitating the
assessment of alternative strategies and their poten-
tial outcomes. The research develops and describes
models with a focus on real-world constraints, such
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as limited resources, high environmental volatility,
and the scalability and adaptability within PMIS.

Throughout the research, iterative prototyping
and feedback loops are used to refine models and
ensure their relevance and usability for project man-
agement practitioners. The selection of methodolo-
gies and tools aligns with the contemporary needs of
project-oriented organizations facing increasing
complexity, digital transformation, and the demand
for real-time decision support. In sum, the research
methodology combines scientific foundations with
practical project management techniques to deliver
scalable and actionable recommendations for ad-
vancing PMIS capabilities in the face of deep and
multi-faceted uncertainty.

4 Categories of Uncertainty

Unfortunately, there is no single definition of
the term “uncertainty”. The best definition the au-
thor of this article has found was proposed by Doug-
las Hubbard in the book “How to Measure Any-
thing”: Uncertainty is the lack of complete certainty,
that is, the existence of more than one possibility.
The “true” outcome/state/result/value is not known
[4].

That is, uncertainty is the absence of certainty,
a state of limited knowledge, when it is impossible
to accurately describe the existing state, the future
result, or when more than one possible outcome
exists.

In most literature and research, two categories
of uncertainty are distinguished — aleatory and epis-
temic — but for project management this is insuffi-
cient. Roman Hansch and Ahmad Adee in their work
“System Theoretic View on Uncertainties” [5] de-
fine three categories of uncertainty, which together
cover all aspects of project management:

o Ontological (existential) uncertainty, which
can be defined as a state of complete lack of under-
standing of the existence and purpose of the model
of the relevant aspect of the system.

o FEpistemic (knowledge) uncertainty, which is
related to the lack of knowledge about the system
odel and the inaccurate encoding of the physical
system in the model.

o Aleatory (randomness) uncertainty, which
can be considered as the randomness of the process
represented by the system model.

In PMBOK, epistemic uncertainty is called
“ambiguity risk,” and aleatory uncertainty is referred
to as “variability risk” [1], but such terminology
shifts the focus from the essence and source of the
problem to dealing with its symptoms.

4.1 Mathematical Perspective

In mathematics, uncertainty can be described
using probability distribution. Ontological uncertain-
ty means that we cannot choose a direction of
movement and/or a system model at all. Epistemic
uncertainty means that we do not know exactly
which probability distribution to use. Aleatory un-
certainty, on the other hand, means that we cannot
predict what the random sample from a known dis-
tribution will be.

For example, with homoscedastic uncertainty
(Fig. 1), the expected value or mean € [o] in the data
remains unchanged. This can be seen in the simple
linear regression model y = f(x) + &, where € corre-
sponds to the normal distribution (u, 6?) and does
not depend on the variable x (p is the mean of the
distribution, ¢? is the variance). This means that the
randomness remains unchanged at different levels of
x, demonstrating constant variance [6].
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Fig. 1 - Homoscedastic Uncertainty

Conversely, heteroscedastic uncertainty (Fig.
2) arises when the variance 6(x) changes depending
on the variable x. This can be assessed using meth-
ods such as Monte Carlo modeling or predictive
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Fig. 2 - Heteroscedastic Uncertainty

machine learning algorithms. In this case, ran-
domness and noise vary depending on different lev-
els of observed data, for example, when planning or
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control errors increase at higher levels of stress [6].
Heteroscedastic uncertainty can be found in re-
al-life scenarios such as turbulence in fluid model-
ing, whereas homoscedastic uncertainty can be illus-
trated by rolling a die and calculating the statistics of
the results, where the variance remains constant.
However, to cover all scenarios, one should al-
so consider a kind of “pure” uncertainty (Fig. 3),
where the output y is purely random and completely
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Fig. 3 - “Pure” Uncertainty

independent of the input x, that is, y = €, where € is a
random variable drawn from a probability distribu-
tion. This setup illustrates a situation in which the
input variable x has no predictive power over the
output variable y, emphasizing the essence of pure
randomness or complete uncertainty. This scenario
highlights a purely stochastic process, where the
absence of any regularity embodies total uncertainty.
Since this scenario does not have a specific
clear name similar to “homoscedasticity” or “hetero-
scedasticity”, we will call it “pure randomness”,
assuming that the random values come from the
same probability distribution and are statistically
independent. This characterizes a situation of maxi-

mum entropy, when there is complete unpredictabil-
ity in the relationship between variables.

4.2 In Project Management

In project management, heteroscedastic uncer-
tainty may arise in budgeting processes, when costs
differ significantly depending on the phases or con-
ditions of the project, for example, increased ex-
penses during complex project stages. Conversely,
homoscedastic uncertainty can be observed in pro-
jects with stable, predictable costs, such as routine
technical implementation tasks where costs remain
unchanged over different periods. This reflects situa-
tions where the variance or unpredictability of out-
comes (financial, resource, or time-related) depends
on specific project variables or remains constant.

In the context of project management, each
stage of the project life cycle is primarily associated
with different categories of uncertainty (Fig. 4):

1. Pre-project and initiation. This phase in-
volves a high level of ontological uncertainty, as
fundamental questions about the existence, purpose,
and objectives of the project are determined. This
often requires clarification of such project aspects as
“why” and “for what purpose,” aligning the project
with these existential questions. This phase also
deals with broader existential issues regard-
ingwhether the project aligns with the organization’s
strategic vision and goals.

2. Organization and planning. Here, the focus
shifts to epistemic uncertainty. This involves gather-
ing detailed information, developing plans, estimat-
ing resources and timelines, and making assump-
tions based on existing knowledge. At this phase,
uncertainty is related to gaps in information and
understanding, which can often be reduced through
analysis and research.

Pre-Project & Organization
Initiation and Planning

Execution,
Monitoring &
Control

Closing &
Post-Project

Ontological
uncertainty

"What are we
creating and
why?"

Complete uncertainty
about the purpose,
needs, existence, or
alignment of the
project with the
organization's
strategy.

Epistemic
uncertainty
"What do we
know and how
well do we know
it?"

Related to knowledge

gaps, inaccurate
estimates,
assumptions, lack of
data.

Aleatory Ontological +
uncertainty Epistemic

"What could "What have we
happen achieved? What
unexpectedly?" remains unclear?"

Related to chance,
variationsin

resources, external

events, technical
failures.

Determining long-
term impact,
strategic alignment,
identifying knowledge
gaps based on
retrospectives.

Fig. 4 - Correlation of Project Life Cycle Stages with Categories of Uncertainty
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3. Execution, monitoring, and control. Aleato-
ry uncertainty becomes more prominent at this stage
due to the inherent variability and randomness that
arise during project execution. This includes dealing
with discrepancies in resource availability, unex
pected project changes, and real-time fluctuations
that affect progress and outcomes. The project team
must account for these uncontrollable variables
through continuous monitoring and adaptive control.

4. Closure and post-project. Although most
uncertainties should already be resolved at this
stage, some ontological uncertainty may remain,
especially regarding the long-term impact and stra-
tegic alignment of project outcomes. In addition, the
analysis of lessons learned may reveal epistemic
uncertainty that arose during execution and how it
may affect future projects.

Such alignment helps to determine the appro-
priate strategies for each stage, ensuring effective
management and elimination of uncertainties inher-
ent to each phase.

5 Decomposition of the Uncertainty
Categories

The study of uncertainty is of high importance
for understanding and managing the complex and
unpredictable nature of various phenomena that af-
fect a wide range of fields, from philosophy to prac-
tical decision-making. This section delves into the
intricate landscape of uncertainty, classifying it into
three main categories: ontological (existential) un-
certainty, epistemic (knowledge) uncertainty, and
aleatory (random) uncertainty. Each category repre-
sents different dimensions of uncertainty, reflecting
the diverse nature and origins of unknowns that
challenge understanding and predictability.

Within these categories, various subcategories
further detail specific types of uncertainties that may
influence understanding and decision-making in
different disciplines. By outlining these categories
and subcategories, this section establishes a compre-
hensive uncertainty breakdown structure (UBS) for
assessing the diverse manifestations of uncertainty
(Fig. 5), enhancing the ability to recognize and sys-
tematically address issues related to uncertainty.

5.1 Ontological Uncertainty

The term “ontological” comes from the Greek
words “ovrog,” meaning “being” or “that which ex-
ists,” and “Joyog,” meaning “study” or ‘“science.”
Ontology, therefore, is the study or doctrine of be-
ing, encompassing the philosophical investigation of
the nature, essence, and fundamental problems of
existence. It is a core branch of philosophy that

seeks to clarify the essential aspects of reality, the
nature of entities, and the frameworks through which
existence is understood.

Ontological uncertainty arises from the uncon-
scious use of inappropriate methodologies or belief
systems. It is unrecognized, not subject to quantita-
tive measurement, and involves scenarios where the
entities and interactions of concern are not fully
known or understood. This category of uncertainty
creates significant challenges, as it involves navi-
gating and identifying new or previously unrecog-
nized elements, domains, or contexts. Thus, it re-
quires categorization, dealing with fundamental
questions about existence, and understanding of
entities and their relationships. The complexity of
ontological uncertainty lies in its deeply rooted con-
nection to the essence of what is being studied and is
often not amenable to direct measurement or quanti-
tative assessment.

In project management, ontological uncertainty
implies doubt regarding the fundamental purpose,
role, and existential impact of the project. This re-
quires consideration of why the project is being im-
plemented and what its ultimate goals are beyond
immediate practical execution. This category of
uncertainty compels project managers to align pro-
ject objectives with strategic visions and long-term
consequences, often involving profound existential
and strategic considerations that go beyond short-
term goals and frequently beyond the authority of
project teams. It demands a fundamental understand-
ing of the project’s meaning and its place within the
broader organizational context, necessitating en-
gagement with complex decision-making processes
concerning the very nature and purpose of the initia-
tive. This reflection on the existential dimensions of
the project ensures that it is not only feasible but
also meaningful within its broader organizational
and societal structure.

Through analysis of publications and materials,
as well as consultations and discussions with ex-
perts, the authors of this article has decided to dis-
tinguish six subcategories of ontological uncertainty:

5.1.1 Truth Uncertainty. Truth uncertainty en-
compasses the difficulties in determining the accu-
racy or veracity of assumptions and propositions
invarious contexts. This uncertainty arises when it is
unclear whether the foundational beliefs or data are
accurate, leading to challenges in verifying the as-
sumptions underlying decisions and strategies. The
main issue of truth uncertainty lies in ensuring that
actions are based on reliable and validated infor-
mation, as relying on questionable premises can
result in ineffective or erroneous outcomes. Address
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Fig. 5 - Uncertainty Breakdown Structure.

ing this uncertainty requires rigorous verification
and evaluation processes to confirm that assump-
tions and propositions accurately reflect reality,
thereby reducing the risk of significant errors or
strategic misalignments in various fields [5].

In project management, truth uncertainty can
significantly affect how strategies are formulated
and implemented. It requires project managers to
critically analyze the assumptions underlying their
plans and establish robust verification processes to
assess their reliability. Decisions must be continually
reviewed to ensure alignment with validated truths,
and it may be necessary to develop contingency
plans to address potential discrepancies between
assumptions and actual conditions. Such vigilance
promotes informed decision-making and increases

project resilience by reducing the risk of basing
strategies on unverified or inaccurate premises.

5.1.2 Attributional Uncertainty. Attributional
uncertainty involves ambiguity in assigning or un-
derstanding the roles, identities, and responsibilities
of various objects or agents within a system or do-
main. This category of uncertainty may arise when
there is a lack of clarity regarding who or what is
responsible for specific outcomes, changes, actions,
or decisions in the system. Issues associated with
attribution uncertainty include potential confusion
about accountability, difficulties in coordinating
actions, and challenges in effectively evaluating
performance or results. Addressing attributional
uncertainty requires clear communication, well-
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defined roles, and agreement among stakeholders to
ensure proper allocation and effective management
of responsibilities [7].

In project management, attributional uncertain-
ty can lead to ambiguity regarding the roles of team
members, stakeholders, or organizational units. This
ambiguity may result in overlaps or gaps in respon-
sibilities, affecting communication, coordination,
and accountability. To cope with this uncertainty,
project initiators must ensure that roles and respon-
sibilities are clearly defined and communicated to all
involved parties, particularly sponsors and project
owners. Effective solutions may include the creation
of detailed project role descriptions, the establish-
ment of clear authorities, and the creation of forums
for ongoing clarification to prevent misunderstand-
ings.

5.1.3 Semantic Uncertainty. Semantic uncer-
tainty arises from ambiguity and lack of clarity in
meanings and definitions during communication.
This uncertainty occurs when different participants
assign different meanings to the same terms,
phrases, or actions, often due to differences in expe-
rience or perspectives. The issues it presents include
potential misunderstandings and misinterpretations,
which can hinder effective communication and col-
laboration. Addressing semantic uncertainty in-
volves improving terminology, ensuring shared un-
derstanding, and fostering clear communication
among participants to avoid discrepancies in inter-
pretation [7].

In project management, semantic uncertainty
can lead to misunderstandings and misalignment of
objectives if team members interpret key terms or
project requirements differently. This can affect
everything from goal setting to task execution and
outcome evaluation. To mitigate semantic uncertain-
ty, project management offices (PMO) and project
managers should prioritize establishing a common
language and mutual understanding within the team.
Methods such as glossaries, standardized documen-
tation, and alignment meetings can be helpful. Addi-
tionally, ongoing communication and feedback cy-
cles help ensure that all team members interpret
terms and concepts consistently, reducing the risk of
errors and inefficiency due to misinterpretation.

5.1.4 Narrative Uncertainty. Narrative uncer-
tainty revolves around the use of storytelling and
narrative structures to comprehend complex, unpre-
dictable situations. It recognizes that in the face of
unforeseen outcomes, embedding decisions and
processes within coherent narratives can provide
direction and context, helping individuals and teams
navigate uncertainty. This form of uncertainty ena-

bles the understanding of complex interactions that
cannot be immediately anticipated, and supports
focus and adaptability by creating stories and ideas
that make sense in changing circumstances. The
main challenge with narrative uncertainty lies in
ensuring that narratives accurately reflect reality and
provide meaningful guidance amid inherent unpre-
dictability [7].

Narrative uncertainty uniquely affects project
management by shaping how projects are explained
and understood through storytelling. It allows pro-
ject managers to use descriptive structures to ensure
coherence and alignment within teams, especially
when facing uncertain outcomes or complex situa-
tions. By developing stories that encompass project
goals, strategies, and actions, business analysts and
project managers can maintain team focus and
adaptability. These narratives help translate abstrac-
tions or project details into an understandable and
interconnected context, ensuring that all stakehold-
ers remain informed and aligned with the project’s
direction, fostering resilience and shared understand-
ing of the project’s path despite uncertainty.

5.1.5 Description Uncertainty. Description un-
certainty relates to issues associated with the inter-
pretation and representation of the fundamental
nature or form of models or phenomena. It arises
when there is a lack of clarity or knowledge about
the underlying science or mechanisms governing
data and system behavior. This uncertainty becomes
particularly evident when the available data do not
clearly indicate a single model or when multiple
potential models exist, each offering different inter-
pretations. The main challenge of description uncer-
tainty lies in accurately developing mechanistic un-
derstandings and causal explanations, which influ-
ence the fundamental comprehension and interpreta-
tion of observed phenomena [7].

Description uncertainty affects project man-
agement by complicating the precise definition and
modeling of project goals and systems. It arises
when there is no clarity regarding fundamental pro-
cesses or when multiple interpretations of the same
data or phenomena exist. This influences how pro-
ject objectives are set and strategies are determined.
Project managers must be flexible and open to revis-
ing models and strategies as new data or interpreta-
tions emerge. This adaptability is crucial for ensur-
ing that the project remains aligned with its ultimate
objectives, despite changes in understanding. Ad-
dressing this uncertainty requires iterative assess-
ments and diverse perspectives to refine project
plans and improve the understanding of system
complexity.
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5.1.6 Interpretational Uncertainty. Interpreta-
tional uncertainty arises when there are inconsisten-
cies in extracting meaning from data or models due
to unclear or inconsistent decoding methodologies.
This category of uncertainty is related to the accura-
cy and consistency in interpreting known infor-
mation, rather than the discovery or definition of
new entities. The main issue associated with inter-
pretational uncertainty is ensuring that data or model
outputs are understood in the same way by different
interpreters, minimizing discrepancies that can lead
to inconsistent interpretations and incorrect deci-
sions. This category of uncertainty highlights the
importance of establishing clear, consistent method-
ologies for data interpretation [7].

In project management, interpretational uncer-
tainty can affect how project inputs and reports are
understood and acted upon. If team members apply
different methodologies or criteria for interpreting
project information, discrepancies in understanding
may arise, potentially leading to inconsistent actions
and decisions. Project managers can mitigate this
uncertainty by standardizing interpretation method-
ologies, providing clear guidance on data analysis,
and ensuring thorough training and communication
regarding these standards. By applying a consistent
approach to interpretation, project teams can reduce
errors and inefficiencies and ensure that all partici-
pants have a shared understanding of project data
and outcomes.

5.2 Epistemic Uncertainty

The term “epistemic” comes from the Greek
word “emornun,” meaning ‘“knowledge” or “sci-
ence.” It is fundamental in ancient philosophy, re-
flecting the pursuit of understanding, cognition, and
systematic investigation of what is known. Episte-
mology is the branch of philosophy that studies the
nature, origin, and limits of human knowledge.

Epistemic uncertainty, also known as systemat-
ic uncertainty, refers to aspects that could, in princi-
ple, be known but are currently unknown. This un-
certainty arises from incomplete models or deliber-
ately concealed data. It reflects the gaps and limita-
tions in our current understanding of or information
about a phenomenon or system. Addressing epistem-
ic uncertainty involves identifying and filling these
knowledge gaps through better data collection and
improved models. The task is to acknowledge and
recognize these gaps and actively work to reduce
uncertainty by increasing the reliability of the data
and models used to understand complex systems.

In project management, epistemic uncertainty
significantly affects decision-making and strategic

planning processes. It arises from a lack of
knowledge or incomplete information, which direct-
ly impacts how projects are conceived, planned,
executed, and evaluated. Managing epistemic uncer-
tainty requires project managers to be clearly aware
of knowledge gaps and to continuously seek im-
provement and refinement of their models and as-
sumptions. This may involve gathering additional
data, enhancing analytics, and revising project as-
sumptions as more information becomes available.
Project managers should also employ flexible ap-
proaches that adapt to new insights, ensuring that
changes in knowledge do not derail the overall pro-
ject objectives. Successfully overcoming epistemic
uncertainty involves utilizing learning processes and
iterative improvement to make more informed and
resilient project decisions.

Through analysis of publications and materials,
as well as consultations and discussions with ex-
perts, the authors of this article have decided to dis-
tinguish nine subcategories of epistemic uncertainty:

5.2.1 Model Uncertainty. Model uncertainty re-
fers to doubts and issues related to the selection and
validation of the correct model for accurately repre-
senting a real-world system. This category of uncer-
tainty arises when there is uncertainty about whether
the chosen model is appropriate or sufficient to cap-
ture the complexity and dynamics of the system
under study. Issues of model uncertainty includepo-
tential inaccuracies in predictions and decisions
based on these models, as they may not fully or cor-
rectly reflect system behavior. It is important to rec-
ognize that model uncertainty encompasses the en-
tire process of selecting, implementing, and validat-
ing models, so it is crucial to ensure regular review
and updating of selected models to reflect new data
and insights [8].

In project management, model uncertainty can
significantly affect decision-making and schedule
development. Choosing an inappropriate model can
lead to suboptimal strategies, erroneous forecasts,
and misallocation of resources. To manage model
uncertainty, project managers should engage in thor-
ough model selection processes, ensure ongoing
model validation, and remain open to incorporating
new findings and technologies into existing models.
Collaborative processes that incorporate diverse
knowledge and perspectives can help assess model
adequacy. Additionally, applying flexible methodol-
ogies that allow the model to be adapted as more
information becomes available can help mitigate the
effects of model uncertainty, resulting in more ro-
bust and adaptive project execution.
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5.2.2 Structural Uncertainty. Structural uncer-
tainty refers to inadequacy or bias in models that
arises from incomplete or inaccurate knowledge of
the underlying physics or phenomena they attempt to
represent. This uncertainty occurs when models are
unable to capture the complexity or true nature of
real-world systems, often due to simplifications or
assumptions made during the construction of the
model structure. Issues related to structural uncer-
tainty include potential inaccuracies in predictions
and insights provided by the model structure, as
these may not fully account for all variables or pro-
cesses affecting the system. Since models are ap-
proximations of reality, this uncertainty highlights
the need for continuous improvement and validation
of models to enhance the representation of complex
systems [9].

In project management, structural uncertainty
can affect how projects are planned and executed,
especially when structural models or simulations are
used for decision-making. If the underlying project
models are biased or misrepresent actual conditions,
this can lead to incorrect strategies and/or inefficient
execution. To manage structural uncertainty, project
managers should engage in ongoing model valida-
tion and adaptation, incorporating new data and in-
sights to better align models with reality. This often
involves interdisciplinary collaboration and leverag-
ing advances in computational techniques for con-
tinuous model improvement. Ensuring that models
accurately reflect the systems they are intended to
represent helps project managers make more in-
formed and reliable decisions, ultimately improving
project outcomes and reducing the risk of strategic
errors.

5.2.3 Method Uncertainty. Method uncertainty
is related to the selection and implementation of
computational methods used for parameter estima-
tion and forecasting in models. This uncertainty ari-
ses when the chosen methods and their implementa-
tion potentially introduce variability or inaccuracies,
affecting the reliability of the results. The main issue
with method uncertainty is its direct impact on anal-
ysis outcomes, as the methodological choices made
can significantly influence the reliability of forecasts
and estimates. Ensuring the correct selection and pr-
oper application of computational methods is crucial
for achieving accurate and trustworthy results [8].

In project management, method uncertainty can
affect how decisions are made, especially when
analysis or forecasting relies on certain methodolo-
gies. If the chosen method is unsuitable for the con-
text or poorly implemented, this can lead to biased
or inaccurate results, impacting project strategies

and outcomes. To address this uncertainty, project
managers should carefully assess the suitability of
different methods for the needs and objectives of a
particular project. Regular review and validation of
methods, as well as incorporating expert opinions
and benchmarking against other standards, can help
ensure the integrity and reliability of project analy-
sis, ultimately leading to more informed and effec-
tive decision-making.

5.2.4 Limited Data Uncertainty. Limited data
uncertainty arises from insufficient or absent data,
which restricts the ability to make accurate and well-
substantiated conclusions about the system. This
category of uncertainty is particularly challenging
when dealing with new or exploratory fields where
comprehensive datasets have not yet been devel-
oped. The main issue with limited data uncertainty is
that it can hinder the accuracy and reliability of
models and analyses, leading to less confident deci-
sion-making. Incomplete data may result in models
failing to capture the full complexity or variability of
the system, making conclusions less reliable [10].

In project management, /imited data uncertain-
ty can affect planning, resource allocation, and risk
assessment. When data are scarce, project managers
may face challenges in forecasting project outcomes
or accurately estimating timelines and costs. To
mitigate this uncertainty, project managers should
prioritize data collection, encourage iterative cycles
of data gathering and analysis, and use expert judg-
ment or proxy data when necessary. It is crucial to
employ adaptive management strategies that allow
for adjustments as new data become available. By
proactively addressing limited data uncertainty, pro-
ject managers can improve their ability to make in-
formed, flexible decisions and enhance overall pro-
ject execution and outcomes.

5.2.5 Algorithmic Uncertainty. Algorithmic
uncertainty arises from numerical approximations
and errors introduced by computational algorithms
used in models. As numerical and statistical models
become increasingly complex to realistically repre-
sent real-world systems, it is often necessary to
compromise between computational cost and model
accuracy. This may involve using simpler algorithms
with lower computational expense, which can intro-
duce errors into the modeling process. The challenge
with algorithmic uncertainty is to balance accuracy
and computational efficiency, ensuring that errors
from numerical approximations do not significantly
affect the accuracy or reliability of the model [8].

In project management, algorithmic uncertainty
can impact project outcomes, especially when pro-
ject decisions rely on simulation models or computa-
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tional forecasts. Decisions made using models that
overlook important details due to numerical errors.
To address this issue, project managers can imple-
ment verification processes to assess and minimize
the impact of algorithmic errors on outcomes. It is
crucial to choose appropriate computational meth-
ods, such as Monte Carlo, that balance accuracy and
computational efficiency. Additionally, integrating
more robust verification and sensitivity analysis
processes can help identify and mitigate significant
algorithmic uncertainty, thereby increasing the relia-
bility of model-based decisions in projects.

5.2.6. Parameter Uncertainty. Parameter un-
certainty! arises when the values of model parame-
ters are specified with inaccurate knowledge or lack
of direct measurements. This category of uncertainty
pertains to the specific values required for model
parameters, which may be unknown, poorly estimat-
ed, or derived from insufficient data. Issues related
to parameter uncertainty include potential inaccura-
cies in model predictions and decisions made using
these models. Without accurate parameter values,
models may not accurately represent reality, leading
to errors and inefficiencies in various applications.
Reducing parameter uncertainty usually involves
obtaining more precise data, improving measure-
ment methods, and using statistical techniques for
better estimation [9].

In project management, parameter uncertainty
can significantly affect the accuracy of forecasts,
resource allocation, and strategy development. Inac-
curate parameter values can lead to errors in budget-
ing, planning, and risk assessment. Project managers
can reduce parameter uncertainty by ensuring con-
tinuous data collection and refinement processes,
employing advanced statistical methods to improve
parameter estimation, and engaging subject matter
experts to validate parameter assumptions. This may
also include conducting sensitivity analysis to un-
derstand the impact of parameter variability on mod-
el outcomes.

5.2.7 Data-Induced Uncertainty. Data-induced
uncertainty is a category of uncertainty that arises
from decisions made during the selection, cleaning,
and transformation of input and output data. This
uncertainty affects the clarity, consistency, and reli-
ability of the data used in models or analyses. The

! Do not confuse with “parametric uncertainty.” Although
both categories relate to uncertainties associated with
model parameters, parameter uncertainty is epistemic and
concerns the accuracy of known parameters, whereas
parametric uncertainty is aleatory, dealing with the natu-
ral variability inherent in the system’s input variables.

involve algorithmic approximations may sometimes
problem with data-induced uncertainty lies in ensur-
ing that these data processing decisions do not inad-
vertently introduce bias, errors, or inconsistencies
that can distort results and conclusions. Maintaining
data integrity and accuracy throughout the entire
lifecycle requires careful data management practices
[8].

In project management, data-induced uncer-
tainty and poor data handling practices can lead to
inaccurate project assessment and strategy develop-
ment. To manage this uncertainty, project managers
should implement rigorous data governance frame-
works, ensuring transparent and consistent processes
for data selection, cleaning, and transformation. This
may involve using standardized protocols for data
handling, training team members in best practices,
and conducting ongoing validation checks to ensure
data quality and reliability. By addressing data-
induced uncertainty, project managers can enhance
the credibility of their analyses, leading to more
informed and effective project strategies and deci-
sions.

5.2.8 Interpolation Uncertainty. Interpolation
uncertainty arises when missing data in a model
simulation or experimental dataset are filled using
interpolation algorithms, which can introduce errors
or noise. This category of uncertainty is associated
with the challenges of accurately predicting or esti-
mating values for data points that have not been
directly observed or measured. The main issue lies
in the potential inaccuracies that may result from
using algorithms to estimate these values, which
may not fully capture the complexity or variability
of the real-world system being modeled. Cons-
quently, interpolated data may contribute to biased
or unreliable model forecasts [8].

In project management, interpolation uncer-
tainty can affect the reliability of forecasts or anal-
yses when datasets are incomplete. Decisions that
depend on interpolated data may be based on esti-
mates that do not adequately reflect actual condi-
tions, leading to potential errors in planning or exe-
cution. To manage interpolation uncertainty, project
managers should ensure robust data collection pro-
cesses to minimize the need for interpolation.

Additionally, they should carefully select and
validate interpolation algorithms, using sensitivity
analysis to understand their impact on project deci-
sions. By recognizing the limitations of interpolated
data and implementing validation checks, project
managers can improve the accuracy and reliability of
project insights and strategies.
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5.2.9 Subjective Judgment Uncertainty. Sub-
jective judgment uncertainty arises from biases and
variability originating from human decisions andex-
pert opinions during modeling or decision-making
processes. This uncertainty results from personal or
expert influence rather than technical or data-driven
factors and can affect the outcomes of models or
strategies through bias or variability. Two subtypes
of subjective judgment uncertainty include moral
uncertainty and rule uncertainty [11]:

o  Moral uncertainty involves situations where
applicable moral rules are absent, prompting deci-
sion-makers to rely on broader, generalized moral
principles to guide their choices. These scenarios
often lead to decisions that may not fully satisfy or
resolve the specific ethical dilemmas encountered.

® Rule uncertainty pertains to decisions made
based on intuition rather than established rules.
Here, choices are guided by internal moral beliefs
and experiential knowledge, sometimes resulting in
actions shaped by intuition in the absence of clear
rules or guidelines.

The main issue with subjective judgment uncer-
tainty is that it can lead to inconsistent or biased
conclusions that rely on individual interpretation
rather than standard frameworks [10].

In project management, subjective judgment
uncertainty can influence decision-making process-
es, especially where expert opinions and judgments
guide project strategies. This can result in variability
or bias, affecting the consistency and reliability of
project outcomes. To counter this uncertainty, pro-
ject managers can incorporate diverse perspectives
and foster an environment where critical evaluation
and validation of expert opinions are standard prac-
tice. Establishing a decision-making system that is
transparent and supported by documentary justifica-
tion can reduce bias. Additionally, awareness of
moral uncertainty and rule uncertainty enables man-
agers to effectively incorporate ethical discussions
and intuitive ideas, ensuring that personal biases do
not affect project objectives and the objectivity of
decision-making.

5.3 Aleatory Uncertainty

The term “aleatory” comes from the Latin word
“alea,” meaning “chance” or “dice,” and refers to
the concept of risk or randomness inherent in games
of chance. In the context of uncertainty, “aleatory” is
associated with random processes, emphasizing the
inherent variability and unpredictability of certain
phenomena. It highlights the randomness of process-
es whose outcomes cannot be precisely determined
or reproduced due to intrinsic variability.

Aleatory uncertainty, also known as stochastic
uncertainty, chaotic uncertainty, or uncertainty of
inherent variability, describes a category of uncer-
tainty that arises from the intrinsic randomness pre-
sent in natural processes. It encompasses unknowns
that change with each repetition of an experiment or
observation due to factors such as environmental
conditions, equipment performance, human behav-
ior, or natural fluctuations. This uncertainty is often
characterized using probability distribution func-
tions, reflecting its irreducible nature — it cannot be
eliminated even with more precise measurement
tools. The challenge of aleatory uncertainty lies in its
inherent unpredictability, which requires probabilis-
tic modeling and analysis methods, where decisions
are made based on statistical probability rather than
deterministic outcomes.

In the field of project management, aleatory
uncertainty affects phases where inherent variability
and unpredictability are paramount, such as during
the execution or operational phase. Project managers
must account for this randomness in their plans and
forecasts, knowing that certain aspects of the project,
such as timelines, resource availability, or environ-
mental conditions, may change unexpectedly. To
manage aleatory uncertainty, project teams often
employ various risk management strategies, using
statistical and probabilistic models to anticipate po-
tential deviations and develop contingency plans for
likely and unforeseen circumstances. While precise
control over random variability is impossible, under-
standing and preparing for its impact can help miti-
gate its effects on project outcomes, maintaining
flexibility and the ability to respond to unforeseen
changes.

Through analysis of publications and materials,
as well as consultations and discussions with ex-
perts, the authors of this article have decided to dis-
tinguish nine subcategories of aleatory uncertainty:

5.3.1 Natural Uncertainty. Natural uncertainty
represents the inherent randomness and variability of
natural, social, and economic processes. This catego-
ry of uncertainty is caused by spatial and temporal
heterogeneity, highlighting how natural systems and
phenomena inherently fluctuate in unpredictable
ways. Natural uncertainty is considered irreducible,
meaning it cannot be eliminated through additional
data collection or improved equipment, although it
can be better understood through enhanced quality
and quantity of observations. The main issue associ-
ated with natural uncertainty is the inability to accu-
rately predict or control these stochastic fluctuations,
which requires strategies that account for and adapt
to such unpredictability [12].
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In project management, natural uncertainty can
significantly impact projects sensitive to social, en-
This compels project managers to incorporate flexi-
bility and adaptability into their plans, considering
the inherent unpredictability of natural systems. This
may include developing robust risk management
strategies that incorporate contingencies for likely
circumstances, such as changes in weather condi-
tions or economic fluctuations. By recognizing and
planning for natural uncertainty, project managers
can enhance the resilience of their projects, ensuring
operational effectiveness and the achievement of
objectives even in the face of unpredictable external
variables.

5.3.2 Intrinsic Variability Uncertainty. Intrin-
sic variability uncertainty concerns natural fluctua-
tions and inherent variabilities present in the state of
a system. This category of uncertainty arises due to
factors such as variations in material properties or
economic conditions, such as market demand and
interest rates. These fluctuations are an integral part
of the system’s state, making them uncontrollable
and inevitable. The main issue lies in their unpre-
dictability, which can lead to significant fluctuations
in outcomes even under unchanged conditions [9].

In project management, intrinsic variability un-
certainty affects how projects deal with unpredicta-
ble social or economic factors. For example, in in-
dustries such as finance or manufacturing, where
market conditions or consumer behavior can vary
greatly. Project managers can manage this uncertain-
ty by incorporating flexibility into their planning
processes, allowing for adaptive responses to these
variable states. This may include developing contin-
gency plans, establishing adaptive performance indi-
cators, and ensuring that supply chains or schedules
can account for changes.

5.3.3 Event Probability Uncertainty. Event
probability uncertainty focuses on the inherent ran-
domness associated with the dynamics of system
events, such as the occurrence of natural disasters or
sudden economic changes. This uncertainty high-
lights the fact that the probability of such impactful
events is inherently unpredictable and cannot be
determined or reduced through additional infor-
mation or data collection. This especially compli-
cates the planning of rare but destructive events, as
these events can drastically change the system’s
dynamics when they occur [9].

In the field of project management, event prob-
ability uncertainty requires a proactive and robust
approach to risk management, especially in indus-
tries or regions vulnerable to unexpected disruptions.
Project teams should develop comprehensive risk

vironmental, political, or economic conditions, such
as construction, agriculture, or energy production.
mitigation strategies, such as creating disaster recov-
ery plans or implementing insurance schemes to
minimize the impact of such events. By maintaining
flexibility in project schedules and resource alloca-
tion, project managers can enhance the resilience of
their system, ensuring rapid recovery after disrup-
tions.

5.3.4 Statistical Randomness Uncertainty.
Statistical randomness uncertainty refers to the in-
herent randomness observed in data due to the fun-
damental probabilistic nature of the phenomena
being measured. This uncertainty is modeled using
probability distributions and highlights the variabil-
ity that naturally arises in data sets obtained from
processes that are fundamentally stochastic. The
main issue of statistical randomness is its impact on
data analysis and interpretation, as it requires careful
consideration to separate true patterns from random
noise. Effective management of this uncertainty
involves the use of statistical methods that account
for and correctly interpret such variability, avoiding
misleading conclusions [9].

In project management, statistical randomness
uncertainty affects how data are analyzed and inter-
preted, influencing decision-making and strategy
development processes. Projects that rely on statisti-
cal analysis should use robust analytical methods
that can properly account for randomness in data
sets, ensuring the accuracy and reliability of infor-
mation. Project managers can mitigate this category
of uncertainty by using advanced statistical tools and
methodologies, including regular data reviews and
maintaining transparency regarding the limitations
of the analysis.

5.3.5 Sampling Uncertainty. Sampling uncer-
tainty is the variability that arises when conclusions
about a large population are drawn based on a ran-
dom sample. This uncertainty occurs due to the pos-
sibility that the sample may capture effects that are
spatially or temporally transient, may overemphasize
or omit certain phenomena, and may inaccurately
represent the broader population. This variability
typically appears in the term of statistical analysis
error. The key issue of sampling uncertainty is to
ensure that conclusions drawn from sample data are
valid and suitable for generalization to the larger po-
pulation, which requires careful sample design and
analysis methods to minimize bias and errors [12].

In project management, sampling uncertainty
can affect the reliability of project estimates and
decision-making processes, especially when project
decisions depend on data obtained from samples

Computer Systems, Networks and their Components 55



ISSN 2221-3937 (Online)
ISSN 2221-3805 (Print)

Electrotechnic and Computer Systems. 2026. Ne 45 (121)

rather than the entire population. To manage this
uncertainty, project managers should ensure robust
sampling strategies aimed at representativeness and
minimizing bias. This may include using stratified
(by focus groups) or random sampling methods and
conducting sensitivity analysis to understand how
sample variability may affect conclusions.

5.3.6 Parametric Uncertainty. Parametric un-
certainty? is associated with the variability inherent
in the input variables of models, arising from natural
or production inconsistencies that may occur. This
category of uncertainty reflects the inherent ran-
domness or variability observed in the modeled
components, for example, the dimensions or proper-
ties of a manufactured part. This variability can
cause significant differences in model performance
or system behavior. The problem of parametric un-
certainty lies in its irreducibility, as additional data
or improved measurements cannot completely elim-
inate it. It is usually modeled using probabilistic
methods to effectively account for this stochastic
nature [9].

In project management, parametric uncertainty
can affect project planning and execution, especially
when it comes to precise specifications or quality
standards. This uncertainty can impact cost estima-
tion, resource planning, and risk management strate-
gies. To manage parametric uncertainty, project
managers can apply robust design practices, includ-
ing variability analysis at the planning stages and
using probabilistic modeling to predict potential
impacts. By understanding and planning for parame-
ter variability, project teams can better align execu-
tion with project requirements, ensuring improved
quality control and risk mitigation, thereby increas-
ing project resilience and efficiency.

5.3.7 Measurement Uncertainty. Measurement
uncertainty refers to the inherent imprecision and
inaccuracy in determining input and output variables
due to the limitations of measuring instruments and
methods. All measurements depend on unpredictable
fluctuations in the measurement process itself. This
category of uncertainty can be divided into two
types [13]:

o Type A uncertainty, which is assessed using
statistical methods, and

2 Not to be confused with “parameter uncertainty.” While
both categories relate to uncertainties associated with
model parameters, parameter uncertainty is epistemic and
concerns the accuracy of known parameters, whereas
parametric uncertainty is aleatory, dealing with the natu-
ral variability inherent in the system’s input variables.

e Type B uncertainty, which is assessed by
other means, such as assigning a probability distri-
bution.

The main task of measurement uncertainty is to
ensure the accuracy and reliability of data, which is
crucial for modeling and decision-making processes
[12].

In project management, measurement uncer-
tainty can affect the accuracy of project estimates,
quality control, and outcome evaluation. This uncer-
tainty can lead to potential errors in data interpreta-
tion, which may result in incorrect strategies or re-
source allocation. To address measurement uncer-
tainty, project managers should prioritize the use of
high-quality, calibrated measuring instruments and
methodologies, implement regular verification pro-
cedures, and incorporate allowable errors into esti-
mates.

5.3.8 Experimental Uncertainty. Experimental
uncertainty is the variability observed during repeat-
ed measurements under identical conditions, arising
from the inherent [limitations and randomness of
experimental methods and instruments. It reflects the
inevitable fluctuations in results, even when experi-
ments are conducted multiple times with the same
settings. This category of uncertainty highlights the
random variability that may occur in experimental
processes, making it essentially impossible to reduce
through additional knowledge or improved meas-
urements. The main issue of experimental uncertain-
ty is to ensure that the collected data are reliable and
accurately reflect the phenomena being studied,
despite the limitations of the experimental setup [9].

In project management, experimental uncer-
tainty can significantly affect projects that rely on
testing and prototyping stages, where repeated
measurements are crucial for verification and valida-
tion. To address this uncertainty, project teams
should implement various experimental designs that
can account for variability. This can be achieved
through multiple assessments of the same function at
different review meetings, allowing for a compre-
hensive understanding of potential variability. Addi-
tionally, incorporating statistical analyses that evalu-
ate and account for experimental variability can help
derive meaningful insights from test data.

5.3.9 Human Behavior Uncertainty. Human
behavior uncertainty concerns the unmpredictable
variability of human actions and decisions, which
can often be irrational, cause cognitive dissonance,
or deviate from expected behavioral patterns. This
type of uncertainty stems from the inherent com-
plexity of human nature, where actions may not
correspond to stated intentions or standard behavior.
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Issues related to human behavior uncertainty include
difficulties in predicting how individuals or groups
will react in certain situations, which can lead to
unexpected outcomes and complicate the planning
and execution of strategies [10].

Human behavior uncertainty significantly af-
fects project management, influencing team dynam-
ics, stakeholders engagement, decision-making, and
overall project execution. Discrepancies in individu-
al behavior and decisions can result in unpredictabil-
ity in project progress, potentially causing delays or
conflicts. This variability prompts project managers
to maintain cohesion and focus within the team, as
different reactions to tasks or stress can hinder stable
operation. Effective communication and leadership
are crucial for mitigating these effects, as they en-
sure alignment and understanding despite behavioral
fluctuations. Additionally, fostering a strong team
environment is of great importance, as it helps re-
duce uncertainty arising from human interaction,
ensuring that projects stay on track despite the in-
herent unpredictability of human behavior.

6 Depth of Uncertainty

To effectively manage uncertainty during pro-
ject decision-making, it is crucial to recognize the
full spectrum of uncertainty levels, ranging from the
ideal yet unattainable complete confidence and de-
terminism to the opposite extreme of total ignorance
and chaos. Historically, the definition of the range
of uncertainty levels from “known knowns” to “un-
known unknowns,” and their challenge for decision-
makers, is attributed to US Secretary of Defense
Donald Rumsfeld [14]. This framework is based on
philosophical and practical discourses, from ancient
Greek epistemology to modern decision theory, em-
phasizing the complexity and breadth of uncertain-
ties.

In this context, it is proposed to introduce a new
unit of measurement for total uncertainty — I
Trump. Each level denotes a progressive increase in
uncertainty on a scale from 0.0 to 1.0 Trump:

e Complete confidence and determinism (0.0
Trump): This denotes a state where everything is
known precisely, providing the basis of absolute
determinism. This is an ideal practically impossible
to achieve in real scenarios, but it serves as a limit-
ing characteristic at one end of the spectrum.

o Uncertainty Level 1 (0.0-0.2 Trump): This
level acknowledges minor uncertainty but does not
require detailed measurement. These situations typi-
cally involve short-term decisions where there is
sufficient historical data to predict outcomes. They

represent simple “known unknowns” and are close
to complete confidence on the Trump scale.

o Uncertainty Level 2 (0.2—0.4 Trump): Here,
systems and input data can be assessed probabilisti-
cally, or future scenarios can be determined with
sufficient accuracy and corresponding probabilities.
This level includes “known unknowns,” where risks
can be quantified using probabilities, and risk man-
agement methods can be used for decision-making.

o Uncertainty Level 3 (0.4-0.6 Trump): At this
stage, although numerous probable future cases are
recognized, exact probabilities cannot be assigned.
Decisions are made using scenario analysis, explor-
ing various possible future worlds without definitive
probability, indicating increased uncertainty and,
thus, a higher position on the Trump scale.

e Uncertainty Level 4: Divided into 4a and 4b,
this level captures deep uncertainty:

o 4a (0.6-0.8 Trump): Many probable future
events can be outlined, but the exact models
and probabilities of these futures are un-
known due to limited data or understanding
of the mechanics.

o 4b (0.8-1.0 Trump): We only know that we
do not know—this relates to unpredictable
events, also known as “black swans,” which
cannot be predicted by analyzing past data
and are only recognized retrospectively [15].

o Total ignorance and chaos (1.0 Trump):
Representing the opposite end of the spectrum from
complete confidence, this level denotes a state of
complete unawareness of future possibilities or im-
pacts, constituting total randomness, unpredictabil-
ity, and chaos, where participants have no way of
knowing the full extent of their ignorance.

A similar gradation scale is presented in the
work “Defining Uncertainty: A Conceptual Basis for
Uncertainty Management in Model-Based Decision
Support” [10], where the limits from determinism to
total ignorance are established. However, instead of
numerical uncertainty levels, the authors proposed
subjective-terminological levels with corresponding
explanations: determinism, statistical uncertainty,
scenario uncertainty, recognized ignorance, and total
ignorance, and it is considered that this scheme of
characteristics provides a complete logical structure
of uncertainty levels for its analysis.

7 Justification of Relevance and Feasibility
of the Research

With the increasing complexity of projects,
globalization, and the radical acceleration of techno-
logical progress, uncertainty has become a critical
challenge in project management. Traditional project
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management information systems often rely on static
models that are poorly equipped to account for real
uncertainties, leading to inefficiency in dynamic
project environments. It is necessary to fill this gap
by employing data science methods, artificial intelli-
gence, and quantitative uncertainty assessment to
create next-generation project management infor-
mation systems.

The relevance of this research is justified by:

o The growing complexity of projects in such
fields as IT, construction, and engineering, where
uncertainty significantly affects performance.

o Technological advancements such as artifi-
cial intelligence, machine learning, and real-time
data processing, which offer new opportunities to
enhance the capabilities of project management in-
formation systems.

e Practical demand from industries facing un-
predictable project challenges that require more re-
silient, adaptive, and data-driven solutions for pro-
ject management.

By improving the models and methods of pro-
ject management information systems, this research
will contribute to reducing uncertainty, enhancing
decision-making, and increasing overall project suc-
cess indicators, aligning with current industry needs
and scientific advancements.

8 Conclusion

As project management information systems
continue to evolve, academic research plays a cru-
cial role in enhancing their capabilities to meet the
demands of modern project management. By inte-
grating artificial intelligence, advanced data analyt-
ics, and automation, future project management in-
formation systems can provide greater efficiency,
accuracy, and adaptability, ultimately improving
project success indicators. These research directions
offer valuable contributions both to the academic
knowledge base and to practical applications in real
project environments.

9 Prospects for further research

The ongoing evolution of project management
information systems (PMIS) represents a dynamic
landscape for academic research, especially in ad-
dressing the complex challenges of modern project
environments. As projects become increasingly data-
intensive and dependent on advanced technologies,
there is a growing demand for innovative solutions
that enhance efficiency, productivity, and adaptabil-
ity in PMIS.

9.1 Specific Research Questions Aimed at
Reducing Uncertainty in Project Management

1. How can the current architecture of project
management information systems be redesigned to
improve flexibility and adaptability in managing
project uncertainties, such as risks and resource
availability?

2. What specific methodologies and tools can
be integrated into project management information
systems to enhance their ability to accurately esti-
mate time and costs under uncertainty?

3. In what ways can predictive analytics and
machine learning be utilized in project management
information systems to forecast and mitigate risks
and issues affecting project outcomes?

4. How do different categories of uncertainties
impact project performance, and how can optimized
project management information system models
better distinguish and address these uncertainties?

5. What role can improved communication and
stakeholder engagement within project management
information systems play in reducing project uncer-
tainties?

6. How effective are existing project manage-
ment information system functions in managing
uncertainty, and which critical areas require im-
provement to support strategic decision-making in
complex projects?

7. Can case studies of past project failures due
to uncertainty provide insights into specific optimi-
zations of project management information systems
that could prevent similar issues in future projects?

8. How do dynamic modeling approaches in
project management information systems enhance
real-time decision-making under uncertain project
conditions?
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! Hayionanvnuii ynieepcumem «Qoecoka nonimexnixay

Anomauia: Cmamms npucesiueHa aHauizy Kamez2opili HeBU3HAYEHOCHI, WO BNAUBAIOMb HA YNPAGIIHHA
npoexmamu. A8mop po3ensioae OHMONOSIYHY, enicmeMiuny ma aneamopHy HeGUIHAYEHICMb, PO3KPUBAIOYU
IXHIll 6NIUG HA PI3HI (PA3U HCUMMEBO20 YUKTY NPOEKMY M pe3yIbmamu 1o2o OisibHocmi. Y pobomi eucsi-
MAEHO 0OMeNCeHHs Cy4acHux iHgopmayitinux cucmem ynpaeninns npoexkmamu (ICVII) y nodonranni nesu-
3HAYeHOCMmell Ma 3aKIA0eH0 OCHOBY OJis PO3POoOKU Oilbll eheKmuUBHUX cucmem ma nioxooie 00 YnpasiiHHs
CKAAOHUMU A OUHAMIYHUMU CePedoSUAMU NPOCKINIE.

Knrowuosi cnoea: ynpasninns npoekmamu, He8USHAYEHICMb, OHMONO2IYHA HEGUIHAYEHICMb, enicmeMmiy-
Ha He8U3HAYEHICMb, AledMOPHA HegUusHaveHicmy, iHopmayitini cucmemu ynpagninua npoexkmamu (ICYII).

Lumyeanna cmammi: Cagin A. A., Cutnikos B. C. (2026). KaTeropii HeBU3Ha4€HOCTI, 110 BIUIWBAIOTH Ha iH(GOPMAIiiiHi cHcTeMU
YOpaBIiHHS MPOEKTaMu. Enexmpomexuiuni ma komn tomepni cucmemu, 45(121), ¢.44-60.
doi:https://doi.org/10.15276/eltecs.45.121.2026.5
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