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MODELS AND METHODS OF DECISION SUPPORT FOR
SOFTWARE DEVELOPMENT RISK ASSESSMENT

Abstract. In the modern software development environment, risk management is a
critical success factor for projects, especially under conditions of Global Software
Development (GSD), where time zone differences, cultural diversity, and communication
barriers exist. Traditional risk management approaches, focused on expert assessments or
simple probabilistic models, which are insufficient to fully account for the dynamics and
complexity of contemporary projects. In response to these challenges, this study proposes
the ways of an adaptive Decision Support System (DSS) that integrates modern Artificial
Intelligence (Al) approaches, fuzzy logic, machine learning, Bayesian networks, and other
methods for both qualitative and quantitative risk analysis.

The study is based on an analysis of recent publications and examines the advantages
and limitations of separate risk management models, including risk matrices, Bayesian
networks, Monte Carlo simulation, fuzzy logic models, and machine learning methods, with
a focus on their applicability in different project management contexts.

The proposed Decision Support System (DSS), which incorporates a knowledge base,
a fuzzy inference engine, and a graphical user interface, has enabled the identification of
directions for further improvement to support managerial decision-making in complex
project environments.

The result of the study is the architecture of a Decision Support System (DSS), which
is capable of effectively identifying, assessing, and mitigating risks within complex,
dynamic, and distributed teams. The proposed approach is intended to enhance the accuracy
of risk prediction, improve the justification of managerial decisions, and contribute to the
development of more resilient and productive practices in the field of software development.
Suggested architecture provides support for decision-making regarding the formation of an
effective team configuration, taking into account risks that impact the execution of a project.



https://doi.org/10.52058/2786-6025-2025-6(47)
https://orcid.org/0000-0001-5417-9403
https://orcid.org/0000-0001-5417-9403
https://orcid.org/0009-0000-6167-0129

P SBHAYKA
JINEXHIKA
COpil: NPaBE, eRCHOMIKA. e 12e2ika,
MCXHIKA, (PUZAKG MANLMUMUMHL HAYKU G b U [UHH |

Keywords: decision support system, risks, machine learning, Bayesian networks,
Monte Carlo simulation

JIsix Irop MuxaiijioBU4 JIOKTOp TEXHIYHUX HayK, JOICHT, podecop kadeapu
iHpopMaTuku Ta  (Pi3MKO-MAaTEeMaTMYHMX JUCHUIUIIH, Jlep)kaBHMM  BUIIMI
HaBUYAJBHUM 3aKJIaJl «YKrOpOJAChKUN HalllOHAJIBHUN YHIBEPCUTET», M. YKIOpOJ,
ten.: (050)372-78-57, https://orcid.org/0000-0001-5417-9403

Kim IOpiii BikropoBuu acucrent xadenpu iHGoOpMaIiiiHUX yHpaBIsiOUUX
CUCTEM Ta TEXHOJOriH, Jlep>KaBHHI BUIIMI HaBYAJBbHUN 3aKiaj «YXKropoAChbKUN
HalllOHAJIbHUI  yHIBEPCUTET», M.  YXKIopoh,  TelL: (050)693-22-27,
https://orcid.org/0009-0000-6167-0129

MOJIEJII TA METOAU NIJITPUMKU IPUVMHATTS PILIEHD JJ151
YITPABJIIHHSA PUSUKAMU ITPOI'PAMHOTI'O 3ABE3IIEYEHHSA

AHoTanifA. Y cy4acHOMY CEpeJOBHUILI PO3POOKH MPOrpaMHOro 3a0e3NeUeHHs
(IT3) ympaBiiHHS pU3UKAMU € KPUTUYHUM YMHHUKOM YCITIXY TIPOEKTIB, OCOOJIMBO B
yMOBax rio0anbHOi po3noauieHoi po3podku (GSD), 1e iCHyI0Th 4acoBi, KyJIbTYpHI
Ta KOMYHIKaIliiH1 6ap’epu. Tpaauiiiiti miaxoau 10 yIpaBIiHHSI pU3UKAMH, 30Cepe-
JOKEH1 Ha eKCIIEPTHUX OIIHKax a0o MPOCTUX WMOBIPHICHUX MOJENSX, sIKI HE 3/1aTHI
MOBHOIO MipOIO BpaxyBaTH JUHAMIKY Ta CKJIQJHICTh Cy4YaCHUX MPOEKTIB. Y BIAMOBIIb
Ha 111 BUKJIMKH, Y TOCTIIKEHH1 3alpOIOHOBAHO MiIXOAM JI CTBOPEHHS aJalTUBHOL
cucteMu miaATpuMKU npuiHATTA pimeHs (CIIIP), sxa moenHye cydacHi Mmiaxoau
mtyyHoro iHtenekty (IUI), HewiTKy JOriky, MallMHHE HaBYaHHA, 0ali€CIBCbKI Me-
PEeX1 Ta 1HII METOJIU JJISl IKICHOTO U KIJIbKICHOTO aHajli3y pPU3HUKIB.

JocnipxenHs: 0a3yeTbCs Ha aHaNi31 CydyacHUX MyOJsiKalliil 1 MICTUTh OTJIsi] Tie-
peBar Ta OOMeXeHb OKPEMHUX MOJIEIEil YNpaBliHHA PU3MKAMH, 30KpeMa MaTpHIll
pHU3HKIB, 0ali€CIBCHKUX Mepex, cumyisaiii Monte-Kapio, Mojeneit HeuiTKOi JIOT1KU
Ta METO/I1B MAIIMHHOTO HAaBYaHHs, aKIIEHTYIOYH YBary Ha iX 3aCTOCOBHOCTI B PI3HUX
KOHTEKCTaxX ympaiiHHa npoektamu. 3amnpornoHoBaHa CIIIP, ska Bxirouae 6a3y
3HaHb, MEXaHI3M HEUYITKOT0 BUBOJY Ta rpadiqHoro iHTepdency KopucryBada 103BO-
JWIa BU3HAYUTU HAMPSMUA TMOAAIBIIOTO BIOCKOHAJICHHS JUIS  MIATPUMKH
YIPABTIHCHKUX PIMICHb Y CKIATHUX MPOEKTHUX CEPEIOBHINAX.

PesynbraTom nocmimkenns crana apxitekrypa CIIIIP, ska 3matHa edekTuBHO
11eHTU(IKYBaTH, OL[IHIOBATH i MIHIMI3yBaTH PU3UKH B CKJIQJHUX, JUHAMIYHUX 1 PO-
3MOAUICHUX KOMaHAaX. 3anpolOHOBAHUM MMiJIX1] MOKIUKAHUHN MIABUIIATHA TOUYHICTh
MPOTHO3YBaHHS PU3HUKIB, MOKPAIIUTH OOTPYHTOBAHICTh YIPABIIHCHKUX PIIIEHb Ta
crpusaTH (popMyBaHHIO OUIBII CTIMKUX 1 MPOAYKTUBHUX MPAKTUK Y cdepl po3poOKu
[13. 3anponoHoBaHa apxiTekTypa 3a0e3neuye MmATPUMKY OPUUHSATTS pIlIEHb IIO0A0
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dbopmyBaHHS ePeKTUBHOI KOH(DIrypallii KOMaHId, BPaXOBYIOYH PU3HKH, 1110 BILIUBA-
I0Th Ha BUKOHAHHS TIPOEKTY.

Kiro4oBi cjioBa: cucrema mATPUMKH MPUAHATTS PIillIeHb, PU3HKH, MAITMHHE
HaB4YaHHS, OailleCiBChKI Mepexi, cumyisiiis MonTte-Kapiio

Problem Statement. Software development is a complex and dynamic process that
involves the interaction of numerous stakeholders, constantly evolving requirements, and a
wide range of uncertainties. One of the key challenges associated with software
development is risk management, as risks may arise at various stages of the software product
lifecycle. These include budget overruns, schedule delays, reduced quality, technological
challenges, and resource constraints. If these risks are not properly identified, assessed, and
mitigated, they may lead to the violation of the project implementation schedule, significant
financial losses, and reputational damage.

Successful software project management requires a systematic approach to risk
assessment. Traditional methods largely rely on expert judgment, which is often insufficient
in the context of newest complex software environments. With the adoption of agile
methodologies, cloud computing, and Al-driven development, new risk factors continually
emerge and evolve [19]. This is especially relevant in the context of Global Software
Development (GSD), where additional challenges arise from time zone differences, cultural
barriers, distributed teams, and heterogeneous infrastructure.

In this context, the study of models and methods for decision support in software
development risk assessment becomes critically important. Decision Support Systems (DSS)
enable the integration of both qualitative and quantitative approaches for identifying,
evaluating, and mitigating risks. Among the most notable methods worth mentioning are
statistical modeling, machine learning algorithms, fuzzy logic, Bayesian networks, and
multi-criteria  decision-making techniques. The integration of these tools allows
organizations to more accurately predict potential risks, assess their impact, and implement
appropriate mitigation strategies.

A particular difficulty lies in developing a DSS model that would be simultaneously
adaptive to a changing environment, sensitive to uncertainties, and suitable for scaling.
Given that traditional methodologies can no longer fully address the entire spectrum of risks,
there is a growing need to implement innovative approaches that combine deep analytics
with technological advancements in the field of AL

The goal of this study is to develop and implement an effective risk prediction model
for software development using modern artificial intelligence tools, taking into account the
specific characteristics of GSD and providing highly accurate decision support. The
expected outcomes of the research include improved risk management practices, enhanced
reliability and efficiency of software projects, and a deeper understanding of the capabilities
and limitations of Al applications in complex and dynamic software development
environments.
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Analysis of recent research and publications. One of the pressing issues in modern
risk management within global software development is the lack of unified approaches to
automated decision support.

In the work by Gupta and Muni, the use of neural networks for dynamic risk
monitoring is examined [1]. While the proposed model demonstrates accuracy in
identifying potential project delays, it does not take into account the impact of the human
factor, which remains critically important in GSD environments.

In the study by Singh and Lee, a DSS-based system using multi-criteria analysis was
proposed to assess risks associated with the geographical distribution of teams [2]. The
authors claim that the application of the model reduced the risk of misunderstandings in a
group of people by 23%; however, the results were obtained in a controlled environment
without considering external integration tools (Slack, GitHub, etc.), which are widely used
in real-world development teams.

The use of graphical models specifically Bayesian networks for risk assessment is
demonstrated in the work by Lo and et alii [3]. A model was constructed to represent the
relationships between risk types and technological factors. The authors prove that this
approach enables the identification of nodal risks 15-20% earlier than traditional methods.
However, the study did not account for shifting priorities throughout the project lifecycle,
which are typical in Agile methodologies [7].

To test the flexibility of DSS approaches, Chow et alii. developed a simulation
environment based on a simple scripting framework in which various fuzzy logic—based
models were compared [4].

Despite the high adaptability of the proposed algorithm, its performance was
significantly lower when handling large volumes of input data, as confirmed by testing on
more than 1,000 cases.

Thus, despite active research in the field of DSS for GSD, most solutions have
limitations—ranging from narrow applicability to insufficient empirical validation. This
creates a need for models, which are capable of flexible integration into real software
development processes, dynamically responding to changes, and scaling according to team
structure and technical stack.

The goal of the article. The ability to effectively identify, assess, and mitigate risks
that play a critical role in the success of software projects. However, current risk
management practices often based on simplified or static models that do not account for the
dynamic nature of software engineering. Most existing approaches depend on expert
judgments or basic probabilistic models, which limits the accuracy of risk assessment in
real-world conditions.

This issue becomes particularly relevant in the context of agile methodologies,
DevOps practices, and distributed development, where risks are multidimensional,
interdependent, and constantly changing. The lack of standardized DSS that integrate both
quantitative and qualitative risk factors reduces the effectiveness of managerial decisions.
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As a result, risk management is often carried out using certain strategies that quickly lose
relevance amid rapid changes in technology, market conditions, and regulatory frameworks.
To ensure greater resilience of software systems to risks, it is necessary to develop
models that combine real-time analytics, adaptive learning algorithms, and predictive
analysis capabilities [5]. This will enable the creation of DSS, which is capable of supporting
well-founded decisions in conditions of uncertainty and complexity within the project
environment.
To achieve this goal, the following tasks are solved:
1. Analyze current approaches to risk assessment and management in software
development, including both traditional and intelligent methods.
2. Investigate the application of fuzzy logic, Bayesian networks, Monte Carlo
simulation, machine learning, and the Analytic Hierarchy Process (AHP) for risk modeling.
3. Develop a prototype architecture that includes a knowledge base, a fuzzy inference
engine, a visualization interface, and integration with project data sources.
Main Content. In the rapidly changing field of software development, risk assessment
plays a key role in ensuring project success. Software development projects face numerous
uncertainties, including budget constraints, evolving requirements, and technological
challenges. Decision Support Systems (DSS) provide structured methodologies and
computational tools for risk analysis.
Decision Support Systems (DSS) are complex computational tools designed to assist
managers in decision-making by providing structured analytical models, deep data analysis,
and predictive simulations. They facilitate informed decision-making by processing large
volumes of information, identifying patterns, and offering practical recommendations. In
the context of risk assessment in software development, DSS integrate multiple techniques,
including statistical modeling, to identify, evaluate, and mitigate potential risks. The use of
such approaches enables project managers and developers to anticipate issues, assess the
probability and impact of various risk factors, and implement proactive mitigation strategies.
Moreover, DSS enhance adaptability in project management by enabling teams to
model various scenarios and analyze potential outcomes before making critical decisions.
This allows organizations to respond dynamically to changing project conditions,
unexpected technical challenges, or evolving market demands [6].
Several models have been developed to support risk assessment in software
engineering, helping to identify, quantitatively evaluate, and mitigate risks. One of the most
common is the risk matrix model-a qualitative approach that classifies risks based on their
possibility of occurrence and impact. Risks are represented in a matrix, enabling the
prioritization of mitigation measures. This model is simple and intuitive but may lack
sufficient accuracy in complex cases [8].
The risk matrix model is typically represented by two axes: probability of their
appearing (ranging from low to high), which reflects the possibility of a risk occurring, and
impact (also ranging from low to high), which determines the severity of consequences if
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the risk materializes. This approach helps allocate resources effectively by prioritizing the
most critical risks first and ensuring systematic risk management as depicted in Fig. 1.
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Fig. 1 Risk Matrix model

A second example is Bayesian Networks (BNs) — probabilistic graphical models that
represent dependencies between variables. They allow for the dynamic updating of risk
probabilities as new information becomes available, making them highly effective in
uncertain environments. However, building accurate models requires comprehensive
knowledge [8].

The Bayes’ formula is expressed as:

P(A|B) = P(B|A) x P(A)P(B) (1)

Where P(A) is the prior probability of event A, P(B) is the probability of
observation B, and P(AIB) is the posterior probability of event A given B. Bayesian
Networks are widely recognized as a reliable method for risk assessment, uncertainty
analysis, and decision support in dynamic systems [9].

Monte Carlo simulation is a powerful quantitative risk analysis technique that uses
random sampling and probability distributions to model uncertainty across different
scenarios. By running a large number of simulations, this method provides project managers
with a comprehensive overview of potential outcomes, enabling them to assess risks more
effectively. It is especially useful in complex projects where many variables influence the
final result. Overall, Monte Carlo simulation is a valuable tool for risk analysis, offering data
to support more informed decision-making and improved project planning. However, its
application requires careful attention to data requirements and computational resources [10].
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Monte Carlo simulation is widely used in project management, finance, engineering,
and other fields where uncertainty plays a key role. By utilizing random sampling and
probability distributions, it models the potential variability and unpredictability of factors
that may affect the course of a project. This method is especially valuable for projects with
complex, interrelated variables, where traditional deterministic approaches cannot fully
capture the entire range of possible outcomes.

Repeated simulations provide a comprehensive imagination of possible scenarios,
helping to assess the probability of achieving specific outcomes.

Fuzzy Logic Models work with vague and ambiguous data, making them ideal for risk
assessment in software engineering, where uncertainty is common. These models use
linguistic variables and fuzzy rules to evaluate risks, providing flexibility in decision-
making as depicted in Fig. 2 [10, 18].

Fuzzy interface

-
Input-2

Interface
module

Fuzzification

Q)

Input-3
Membership function
&
Input-4

Rules
Fig. 2 A typical outline for a fuzzy logic model with four inputs and one output

Input parameters

A fuzzy logic model is a powerful tool for handling vague, ambiguous, or incomplete
data, making it especially useful in situations dominated by uncertainty, such as software
risk management. Unlike traditional binary logic, which operates with clear true or false
values, fuzzy logic allows modeling of data that do not fit into assigned categories.

These models are based on linguistic variables—such as "high", "medium", and "low"
— which allow managers to describe uncertain conditions more intuitively. For example,
instead of assigning an exact probability of system failure, a fuzzy logic model can use terms
like "likely", "unlikely", or "uncertain." Fuzzy rules built upon these variables establish
relationships between different risk factors, enabling the system to assess and prioritize risks
based on the available data.

The main advantage of fuzzy logic lies in its adaptability in decision-making. It can
process heterogeneous input data, including incomplete or imprecise information, making
it a valuable tool for risk management. By integrating expert knowledge and human
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experience through fuzzy rules, these models help make informed decisions even when
precise data is lacking [11].

The accuracy and reliability of fuzzy logic models largely depend on the quality of the
rules and the level of expertise involved in their creation. If the rules are too vague or
oversimplified, the model may fail to provide a credible risk assessment, limiting its
effectiveness in forecasting and mitigating potential threats. Expert knowledge plays a
crucial role in developing and refining these rules to adequately reflect real-world conditions
and the complexities of risk dynamics.

Machine learning (ML) approaches are increasingly being applied in risk assessment.
These models utilize historical project data to identify potential risks and recommend
appropriate mitigation strategies. As the volume of data grows, the accuracy of ML model
predictions improves; however, their effectiveness depends heavily on the proper selection
of relevant features and adequate training.

Machine learning (ML) has become an integral part of risk assessment across various
fields such as project management, finance, healthcare, engineering etc. These models
analyze historical project data to uncover hidden patterns, enabling more accurate
predictions of potential risks. For example, decision trees identify the most critical factors
for success or failure; neural networks learn complex relationships between variables for
more effective forecasting; and support vector machines classify data to distinguish between
high-risk and low-risk situations [12].

The main advantage of machine learning in risk assessment is its ability to analyze
large volumes of data for forecasting. By examining historical data on timelines, costs,
resource allocation, and performance metrics, ML models can predict risks, identify
emerging issues, and suggest mitigation strategies based on past trends. This enables project
managers to act proactively rather than waiting for problems to arise.

However, for effective performance, ML models require high-quality and well-
structured input data. Important factors may include team efficiency, changes in project
requirements, market conditions, and more. Additionally, ML models demand proper
training on historical data, which is not always available or may be incomplete, affecting the
models’ ability to generalize information accurately.

As data volumes increase, machine learning models improve their predictions by
adapting to new patterns and trends. However, this can complicate their structure, requiring
careful tuning and validation to avoid over-fitting. Continuous monitoring and adjustment
are also necessary to maintain the reliability of risk assessments amid the project’s changing
conditions.

Thus, ML models have great potential to improve risk assessment due to their
analytical and predictive capabilities. When applied correctly, with attention to data quality,
feature selection, and training, they significantly enhance the ability of projects to identify,
evaluate, and mitigate risks.

Other methods are also used to improve decision-making in software development.
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AHP (Analytic Hierarchy Process) is a structured decision-making method that breaks
down complex problems into a hierarchy of criteria and alternatives. It assigns weights to
various risk factors based on expert judgments, helping managers effectively prioritize risks
[13]. Developed by Thomas Saaty in the 1970s, AHP has become a powerful tool in decision
science, transforming subjective opinions into measurable data through step-by-step
comparisons, ensuring a logical and transparent choice [14].

The Delphi method collects expert opinions through iterative surveys to achieve
consensus on risk assessment. This method is useful when empirical data are limited but
relies heavily on the expertise of the participants [15].

Scenario analysis examines different risk variants by modeling project conditions and
their possible outcomes [16]. This helps managers prepare action plans for various risk
situations.

Cost-benefit analysis evaluates the financial consequences of risk mitigation strategies
by comparing their costs with the expected benefits. This approach helps select
economically viable risk management methods [17].

The dynamic nature of projects, technological changes, and the human factor create
challenges that require continuous updating of risk assessment methodologies. Future
research should focus on integrating artificial intelligence, big data analytics, and real-time
monitoring into decision support systems to improve the accuracy of predictions and the
effectiveness of management.

Decision support methods and models provide structured frameworks for the
identification, analysis, and mitigation of risks.

While traditional approaches, such as risk matrices and Monte Carlo simulations, offer
foundational insights, contemporary techniques—including machine learning and Bayesian
networks—significantly improve the accuracy of risk predictions.

By integrating these advanced methodologies, software development teams can
enhance risk management processes, optimize project outcomes, and secure long-term
project success.

Decision Support Systems (DSS) provide a structured approach to risk assessment in
software development and the formulation of mitigation strategies.

The aim is to create a model-oriented DSS for effective risk evaluation in development
projects.

The proposed DSS includes the following components:

— Risk Identification — detection of potential risks based on historical data and expert
assessments.

— Risk Analysis — application of mathematical models, including probability and
impact matrices, as well as the Analytic Hierarchy Process (AHP).

— Risk Prioritization — assigning weights through pairwise comparisons.

— Decision Support Mechanism — using fuzzy inference systems to generate
recommendations.
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R = P(R) X I(R) 2)

where: Risk Exposure — the overall impact of the risk; Probability of Risk
Occurrence — the likelihood that the risk will happen; Consequences (Impact) of the Risk
— the severity of the outcomes if the risk materializes.

Calculation of the Weighted Risk Score:

WRS = Z Wi x Ri 3)

i=1

where: Weighted Risk Score; weight of each risk factor; score of the corresponding risk
assessment.
Risk Assessment Based on Fuzzy Logic:

F(x) = max (min(4,B,C), D) 4)

Where A, B, C, D are Fuzzy values.

We designed a DSS prototype to assist project managers in risk assessment. The
system consists of’

— Knowledge Base: stores risk factors and mitigation strategies.

— Inference Engine: applies AHP and fuzzy logic for risk prioritization

— User Interface — provides visual reports on risk levels, displaying the results of the
analysis in the form of risk categories and their corresponding weight coefficients (Table 1).

Table 1
Risk Categories and Corresponding Weights

Risk Category Weight (%)
Requirement Risks 30
Schedule Risks 25
Communication Risks 20
Technical Risks 15
External Risks 10

As depicted in Fig. 3, the architecture of a decision support system for risk assessment
and risk management strategies consists of three main components: a knowledge base (KB),
a decision support engine (DSE), and a graphical user interface (GUI).
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The knowledge base contains relevant data, including:

— Dimension of Data Structure Definition.

— Aspects, Risks and Control strategies.

— Questions, answers and rules.

The Decision Support Engine processes information based on predefined rules
provided by the user. The GUI interface provides user interaction with the DSS, provides
access to key functions for managing risks in software development projects, and displays
reports and visualizations in the form of charts and bar graphs.

Graphical User Interface

Introduction
- RM in DSD, Sources of information
- How to use

Knowledge Base
- Dimension of DSD : Input
- Aspects, Risks and Control strategies - Appropriate option against each question
- Questions, Answers and Rules

Decision Support Engine

Perform Computation

| Generate assessment Result |

}

] Generate Control Strategies |

Output

/

[ Provide printed PDF Report | Visualize risk assessment result I |\fisuaﬁze control slrareqies]

Fig. 3 Architecture of DSS

Most existing risk assessment models in software development rely on historical data
and expert judgments. However, these approaches often lack flexibility and are unable to
adapt to the rapidly changing conditions of modern projects. In the context of Agile
methodologies, where risks evolve dynamically, traditional methods frequently prove to be
ineffective.

This work suggests the approach of an adaptive decision support system that leverages
Artificial Intelligence (Al) and Reinforcement Learning (RL) to continuously update and
improve risk assessment models in real time.

Key Features of the Proposed Approach:

1. Intelligent Real-Time Risk Prediction:

The system applies deep learning models to analyze risks based on real-time project
data. It collects and processes information from platforms such as Jira, Trello, GitHub, and
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Slack, enabling it to evaluate code changes, team communication, and task progress
dynamically.

2. Reinforcement Learning for Automated Model Updates:

By implementing algorithms like Q-learning or Proximal Policy Optimization (PPO),
the system can continuously learn and adapt to new conditions without manual intervention.
3. Automated Risk Management Recommendations:

Natural Language Processing (NLP) techniques are used to analyze team
communications (e.g., Slack, Microsoft Teams), predicting potential risks based on
sentiment analysis and frequency of discussions. A conversational assistant, similar to
ChatGPT, 1s integrated to provide real-time guidance and mitigation suggestions [20].

4. Real-Time Risk Visualization:

The user interface includes interactive heat maps, dependency graphs, and decision
ees for intuitive risk assessment. Dashboards for project managers display risk
robabilities and recommended actions, enhancing situational awareness and decision-

The expected outcomes of the study include improved risk assessment accuracy
through self-learning models, as well as the ability to make rapid decisions without the need
for manual data analysis.

This suggested approach combines cutting-edge artificial intelligence technologies
with the real-world needs of risk management in software development.

The research has the potential to be groundbreaking, as currently, there are no decision
support systems (DSS) that integrate artificial intelligence reinforcement learning for risk
evaluation in this context.

Conclusions. Considering the dynamic nature of the software development industry,
organizations must adopt systematic approaches to identifying, assessing, and mitigating
risks at various stages of the software product life cycle. While traditional risk management
methods remain useful, however they are often insufficient for effectively responding to the
complexity and uncertainty inherent in modern projects.

The study analyzed a range of models and methods for risk assessment in software
development, including statistical approaches, machine learning techniques, Bayesian
networks, and fuzzy logic-based models. The application of these methods enables a shift
from classical models to more accurate and adaptive mechanisms that account for the real-
time state of a project, predict risks, and suggest effective mitigation strategies. This
contributes to more precise risk identification, rational resource allocation, and improved
project outcomes.

Future research in this area should focus on adapting decision support systems (DSS)
to the evolving software development environment through the implementation of self-
learning mechanisms that enhance risk prediction accuracy. Equally important is the
integration of DSS with project management tools and team collaboration platforms to
ensure seamless and real-time risk assessment and response.
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Ensuring the engagement of all stakeholders and fostering a culture of risk awareness
are essential prerequisites for maximizing the effectiveness of implemented solutions. Such
approaches will allow reduce the likelihood of project failure, increase software reliability,
and create an adaptive, flexible environment capable of responding promptly to the
challenges of the modern IT industry.
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