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OVERVIEW OF DATA ANALYSIS METHODS IN THE CONTEXT
OF PROJECT MANAGEMENT ACTIVITIES

The subject of this study is the data analysis methods that can be applied in the context of project management information
systems to enhance the efficiency of managerial decision-making, optimize the utilization of available resources, forecast
risks, and improve project outcomes. The aim of this work is to systematize and review the key data analysis methods that can
be utilized in the development of project management information systems, as well as to identify their practical applications
for addressing critical tasks in project management. This study addresses the following tasks: 1) Identifying the key areas of
ap-plied data analysis within project management information systems, 2) Describing data analysis methods, their purposes,
and examples of their application in the context of project management, 3) Classifying data analysis methods applicable
to project management information systems by types of analysis (descriptive, diagnostic, predictive, prescriptive). The
following meth-ods are applied: systems analysis, classification, as well as methods of descriptive, diagnostic, predictive,
and prescriptive data analysis. Achieved results: the primary types and methods of data analysis applicable to project
management have been sys-tematized; the tables that contain methods description for each type of analysis, their purposes,
and examples of application in project management have been developed; have been identified key advantages of applying
data analysis to address project management challenges such as risk forecasting, resource optimization, and improving
team efficiency; practical examples of using data analysis methods for managerial decision-making have been described.
Conclusions. Data analysis is a critical tool for enhancing the efficiency of project management. The use of techniques and
methods of descriptive, diagnostic, predictive, and prescriptive analysis within project management information systems
ena-bles managers to obtain valuable insights for informed decision-making, improve resource utilization, forecast risks,
and en-hance project outcomes. The systematization of data analysis methods applicable to project management promotes
their more effective application and integration into information systems, thereby improving project planning, resource
utilization, risk mitigation, and ultimately increasing the quality of project execution.

Key words: data analysis, project management, descriptive analysis, diagnostic analysis, predictive analysis,
prescriptive analysis, analysis methods.
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JOCIIIKEHHA METOAIB AHAJII3Y JAHUX Y KOHTEKCTI JIAJBHOCTI
3 YIIPABJIIHHA ITPOEKTAMUA

IIpeomemom docniorcenns 6 cmammi € MemoOu AHanizy OaHUX, AKI MOXHCYMb 3ACMOCO8YBAMUCH 8 KOHMeEKCMI iHGop-
MAyiiHux cucmem 3 YNpaeiiHHi NPOEKMAMU 3 MeMoio NiOSUUeHHS eqheKMUBHOCTNT NPUUHAMMA YAPABIIHCOKUX PilUeHb,
BUKOPUCTNAHHS HAABHUX PeCcYpPCis, NPOSHO3Y8AHHA PU3UKIE ma NOKpaweHHs pesynemamis npoekmie. Mema podomu —
cUCmMeMamu3zysamu ma nposecmu 021510 OCHOBHUX Memo0i6 ananizy OaHux, aKi MOJICYymb 6ymu GUKOPUCMAHI npu nooyoo-
61 IHhopmayitinux cucmem 3 YnpasiinHa NPOEKMAMU, d MAKONC GUSHAYUMIU IX NPAKMUYHE 3ACMOCYBAHHS OIS GUPIUEHHS
KIIOUOBUX 3A60AHb NPOEKMHO20 MEHeONCMeHmy. Y cmammi po36’s3y10mvbcs maxi 3a80anHA. 1) eusnayenHs Kiovosux
HanpsAmie NpuKiIaoH020 3ACMOCYB8AHHA AHANIZY OAHUX 8 THHOPMAYIUIHUX cucmemMax 3 YNpasniHHi npoekmamu, 2) onuc
Memooie ananizy OaHUxX, ix NPUsHAYeHHs Mmad NPUKIAOU 3aCMOCY8AHHS 8 KOHMEKCMI NPOEKMHO20 MeHeOdCMeHmy, 3) Kia-
cugixayis memoois anaizy OaHUX, SIKL MOXNCYNb 3ACMOCOBYEAMUCH 8 IHQOPMAYITIHUX CUCMEMAX 3 YNPAGLIHHS NPOEKMA-
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MU, 3 MURAmMu aHAizy OaHux (ONUco8uil, OiazHOCMUYHUL, NPOSHO3HULL, NPURUCHULL); 3ACMOCO8YVIOMbCA MAKI MEMOOU:
CUCMEMHUT AHANE3, KIACUDIKAYIS, A MAKONC MEMOOU ONUCOB020, OIACHOCTNUYHO20, NPOSHO3HO20 Md NPURUCHO20 AHANIZY
Oanux. /locsaznymi pesyiemamu: cucmemamu3z08aH0 OCHOGHI MUNU ma Memoou ananizy OaHux, ki MOJICYMb 6UKOPUC-
MOBY6AMUCH 8 YNPAGLIHHI NPOEKMAMU, PO3POOIEHO MAOIUYL 3 ONUCOM MeMOOI8 KOHCHO20 MUNY AHANI3Y, iX NPUSHAYEH-
HAM Ma NPUKIA0AMU 3ACMOCYB8AHHI 8 NPOEKMHOMY MEHEONCMEHMI, GUSABNICHO KIIOYO08I Nepesacu 3aCmoCy8anHs AHANIZY
Oanux 05l 8UpiuleHHs npooLeM YAPABIIHHA NPOEKMAMY, MAKUX AK NPOSHO3YE8AHHA PU3UKIE, ONMUMI3ayis pecypcie ma
niosuuyeHHs epexkmuernocmi pobomu KOMaHOU, ONUCAHO NPAKMUYHI NPUKIAOU BUKOPUCTNAHHA Memooié ananizy OaHUX
0151 NPULIHATINSL YRPAGTTHCHKUX piuieHb. Bucnosku. Ananiz 0anux ¢ Kao4o8um iHCImpymMenmom 015 nioguueHus egex-
MUGHOCMI YRPAGIIHHI NPOEKMamu. Bukopucmanns mexuix ma memooie onucogozo, 0ideHOCMU4HO20, NPOZHO3HO20 Md
NPUNUCHO2O AHANI3Y 8 THQOPMAYITIHUX CUCEMAX 3 YAPABTIHHSA NPOEKMAMU 00360JIAE MEHEONCEPAM OMPUMYBAMU YiH-
HY iH(hopmayito 05t npUHAMMS 0OIPYHMOBAHUX DIULeHb, NIOBUULYEAMU e)eKMUSHICIb GUKOPUCTIAHHS PECypPCis, npo-
2HO3Y8AMU PUBUKU Ma NOKpawgysamu pezyivmamu npoekmis. Cucmemamusayis Memooie ananizy OaAHUX, SKi MOJICYNb
BUKOPUCTNOBYBAMUCH 8 YAPABIIHHI NPOEKMAMU, CRPUACE iX Oinbld eheKMUBHOMY 3ACOCY8anHI0 ma inmezpayii' 8 ingop-
MayitiHi cucmemu 3 Memoio niO8UUeHHst eheKMUGHOCHI NIAHYBAHHSL MA SUKOPUCTNANHS NPOEKMHUX PECYPCl8, SHUICEHHS
PUBUKI6 MA, SIK HACAIOOK, NIOSUWEHHSL IKOCMI BUKOHAHHS NPOEKMIE.

Kniwouosi cnosa: ananiz 0anux, ynpagiints npoekmami, ONUCO8ULl aHAli3, Oia2HOCMUYHUL AHANI3, NPOSHO3HUL AHa-
i3, NPURUCHUTL GHATLI3, MEMOOU AHAI3Y.

Introduction

In modern conditions, project management is characterized by increasing complexity, driven by the growing volume
of data that must be analyzed to make informed managerial decisions. Projects frequently encounter numerous challenges,
including budget overruns, delays in task execution, reduced team efficiency, and various risks that are often difficult to
predict. The data generated during project implementation contains potentially valuable information, such as insights into
risks, performance, schedules, budgets, costs, timelines, client feedback, and other aspects of operations.

However, without proper analysis, this data remains merely an unstructured collection of numerical and textual values
that cannot be effectively utilized to support managerial decisions. The application of data analysis methods in project
management enables the identification of hidden patterns, the prediction of future outcomes, the classification of projects
based on specific characteristics (e.g., risk levels or efficiency), and the formulation of recommendations for process
optimization. Thus, data analysis becomes a key tool for extracting valuable information necessary for making rational
and well-founded decisions [8].

The absence of adequate data analysis forces managers to rely on intuition or limited information, significantly
increasing the likelihood of erroneous decisions and, consequently, reducing the effectiveness of project management.

One of the primary challenges in data analysis within the field of project management is that the data is often
insufficiently structured and complete or excessively large for manual analysis. Additionally, many projects face a lack of
standardized approaches to data collection, processing, and integration, creating further barriers to effective managerial
decision-making. Under such conditions, managers often lack access to timely, reliable, and relevant information, which
negatively impacts the quality of project management.

Another significant challenge is the complexity of selecting appropriate data analysis methods. Since each project
has unique objectives, methods that are effective for one project may be unsuitable for another. For instance, predictive
analysis methods may be useful for estimating project completion timelines or resource planning but are likely to be less
effective for generating recommendations or classifying tasks.

Moreover, there is a general consensus among data users regarding the importance of access to large volumes of information.
However, several issues arise concerning its effective utilization. These issues can be classified into three key areas:

— Simplification: ensuring easy access to data and convenient data management.

— Unification: integrating analytical tools into the environments where users operate.

— Automation and self-service: developing mechanisms that allow users to obtain necessary reports in real time
without the need for manual requests and processing [14].

According to a study by the International Data Corporation (IDC, 2021), global spending on big data and business
analytics (BDA) solutions reached $215.7 billion in 2021, representing a 10.1 % increase compared to 2020. In 2022, this
figure rose to $271.83 billion, and it is projected to grow to $655.53 billion by 2029 [3, 7].

The main part of the article

Problem statement and analysis types. Effective data management in project management requires clearly defined
processes for collecting relevant information and ensuring its high quality. Data collection is a resource-intensive process,
and data that is not actively used for decision-making leads to inefficient use of organizational resources. Identifying key
information necessary for informed managerial decision-making allows for optimizing the data collection process by
focusing only on metrics of strategic importance.

Organizations should carefully determine which metrics, analytical indicators, and reports are most significant for
supporting management processes. Based on this, mechanisms for data collection should be developed or improved to
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ensure data relevance, accuracy, and accessibility. High-quality project portfolio data contributes to portfolio optimization,
enabling more effective decisions regarding resource allocation, project prioritization, and risk management [14].

Project management is often accompanied by a range of challenges that impact the effectiveness of project
implementation. Key challenges include:

— Uncertainty and Risks: projects frequently operate under conditions of uncertainty, which can negatively affect
timelines, budgets, or the quality of outcomes.

— Limited Resources: time, financial, and human resources are constrained, requiring optimal allocation and
utilization.

— Dynamic Environments: changes in market conditions, technologies, or client requirements can significantly
influence project execution.

— Large Volumes of Data: the growing volume of data creates difficulties in processing and analysis without modern
analytical methods.

— Lack of Data Integration: data is often stored in disparate systems, complicating comprehensive analysis.

The application of data analysis in project management helps address these challenges by improving forecast accuracy,
risk classification, and the formulation of recommendations for informed managerial decision-making.

From the aforementioned challenges arise the primary directions for the practical application of data analysis in
project management activities, for which various types, methods, and techniques of data analysis are utilized.

The key directions for the practical application of data analysis in project management activities include the following:

— Forecasting: enables the prediction of future project outcomes, such as completion timelines, costs, or the likelihood
of risks, delays, or budget overruns. For example, historical data analysis can identify project types prone to delays and
uncover the causes of such delays [12].

— Classification: facilitates the categorization of projects or client groups based on factors such as risk level,
complexity, or priority. This allows managers to identify projects requiring special attention and select optimal management
approaches [6].

— Recommendations: based on data analysis, recommendations can be formulated to optimize processes, improve
resource allocation, or select the best execution strategies. For instance, analysis can help identify tasks with the highest
risk of delay and propose methods to minimize them [11].

From the perspective of data analysis types that can be applied in project management, based on their functional
purpose and the tasks they address, the following are distinguished:

— Descriptive Analysis: focuses on identifying key trends and patterns in the data, enabling the assessment of the
current state of the project.

— Diagnostic Analysis: aims to uncover cause-and-effect relationships that explain the observed outcomes.

— Predictive Analysis: utilizes historical data to forecast future results, such as completion timelines or the likelihood
of risks.

— Prescriptive Analysis: provides recommendations for optimal actions to achieve desired outcomes, leveraging
optimization models and decision-making algorithms.

Table 1 presents a summary of the main types of data analysis, each of which is designed to address specific tasks,
answer particular questions, achieve defined goals, and encompass corresponding functions.

Table 1
Main types of data analysis
Type of Analysis Question Objective Example of Application
Development/visualization of dashboards with metrics/KPIs.
Descriptive What Establish indicators of the current state using Comparative performance analysis.
P happened? historical business analysis data Insights/segmentation.
Fact-based evaluations.
o . Analysis of -and-effect relationships.
. . Why did it | Identify the causes of problems or deviations in nalysts of causc-anc-eliect refationsups
Diagnostic o Detection of anomalies.
happen? data or processes . .
Assessment of variable impacts
Predictive What will Predict outcomes, tendencies, customer Development of “What-if”” marketing scenarios and forecasting.
happen? behavior, preferences, or entity characteristics Predictive classification of risks, behaviors, or outcomes
Automation of decision-making processes.
. Formulation of recommendations to improve various aspects
i What should Use analytical methods to demonstrate the . P P
Prescriptive . .. . of project management.
we do? consequences or impacts of decision options . . . .
Simulation of the impact of changes on the project.
Risk management

Descriptive Analysis. Descriptive analysis is aimed at answering key questions such as “What hap-pened?”, “How
often?”, and “Where?”. This level of analysis serves as the foundation for data-driven deci-sion-making, as it relies on

151



BICHHK XHTY M 2(93), U. 2, 2025 p. IH® OPMAIIIHHI TEXHOJIOI'TI

factual data and forms the basis for developing key performance indicators (KPIs) and dashboards. Descriptive analysis
involves trans-forming raw data into a format that facilitates under-standing, interpretation, reorganization, structuring,
and manipulation to create summarized information that can be used for managerial decision-making [17].

This type of analysis utilizes large datasets gener-ated from historical records or observations. These da-tasets
may originate from various sources, be heteroge-neous, or exist in different formats. Through specific procedures, key
characteristics are identified, enabling the discovery of potentially interesting patterns. De-scriptive analysis helps uncover
hidden relationships in the data, issues related to data storage, and the formu-lation of new questions requiring further
investigation. The primary goal of this analysis is to simplify the complexity of data understanding and provide a more
representative presentation. This is often achieved through numerical or graphical summarization, such as charts, tables,
or diagrams, which allow organizations to extract valuable insights from existing data more easily [7].

For interpreting raw information within the frame-work of descriptive data analysis, the following ques-tions can be
used:

— How frequently does each value (or set of values) of the relevant variable occur? For example, what is the count
and percentage?

— What value best represents the «typical assessment»? For instance, how similar are the data points?

— How widely is the data distributed?

— Are there values that occur more frequently than others?

What are the largest and smallest values?

— Are there any specific trends observed in the data?

While answers to these questions indicate that a certain event has occurred or a problem exists, they do not explain the
reasons behind it. To uncover the causes of phenomena, deeper analysis is required.

Descriptive analysis focuses on detailed measure-ment of the characteristics of the studied population. During the
analysis, the population is defined, all its elements are evaluated, and summary metrics such as mean values or standard
deviations are calculated based on the obtained data [14].

In project management activities, the descriptive analysis methods are used to assess the current state of a project,
identify key trends and patterns in the data, and form a general understanding of critical perfor-mance indicators. This
provides managers with baseline information about task execution, resource utilization, timelines, and costs, serving as
the foundation for fur-ther analysis and managerial decision-making.

Table 2 presents the main methods used in de-scriptive data analysis, their purpose and examples of application in the
context of project management ac-tivities.

Diagnostic Analysis. Diagnostic analysis builds upon the results of descriptive analysis and focuses on answering the
question, “Why did the event occur?” This type of analysis provides a deeper understanding of the causes behind patterns
identified in the data. The primary goal of diagnostic analysis is to explain the reasons for anomalies and deviations by
formulating and testing various hypotheses [18].

A critical aspect of conducting diagnostic analysis is the collection of detailed data. In some cases, addi-tional sources
of information must be incorporated to create a complete picture, after which the conclusions are validated against the
initial database.

Diagnostic analysis may involve the use of various approaches and methods, such as regression analysis, cluster
analysis, time series analysis, and others [7].

In project management activities, diagnostic anal-ysis methods are used to identify cause-and-effect rela-tionships
that explain observed results and analyze de-viations from planned metrics. This enables managers to gain a deeper
understanding of the root causes of problems, assess the impact of various factors on pro-ject outcomes, and develop
effective strategies to ad-dress these issues.

Table 3 presents the main methods employed in diagnostic analysis, their purposes, and examples of application in the
context of project management ac-tivities.

Predictive Analysis. Predictive analysis is one of the most advanced types of data analysis, aimed at answering the
key question: “What will happen?” It leverages the results of descriptive and diagnostic anal-ysis to identify patterns and
predict “what is likely to occur” with a certain level of confidence. The accuracy and reliability of predictive analysis
results largely de-pend on the quality and completeness of the input data.

With sufficient data, organizations can forecast outcomes, including those related to project risks, task performance,
the impact of various factors on project execution, or the overall project portfolio.

Predictive analysis is often defined as forecasting at a more granular level, such as generating predictive scores
(probabilities) for each individual element within an organization. This distinguishes it from simple fore-casting of future
values. For example, predictive analyt-ics is described as “a technology that learns from expe-rience (data) to predict
future behavior in order to make more effective decisions”.

In information systems, predictive analytics holds key and increasingly growing value in anticipating and preventing
potential problems, enabling near-zero fail-ure rates. Furthermore, predictive analysis is increasing-ly integrated into
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Table 2
Descriptive analysis techniques that could be applied to project management activities
Technique Description Purpose Example of Application
Organizing and summarizing data | Identifying the frequency Tracking the frequency of completed tasks with different
Frequency . .. T . . .
distribution by counting the frequency of each | of values or categories in a characteristics, project stages, or outcomes. Monitoring the
value or category in a dataset dataset occurrence of problems or risks throughout the project lifecycle
Measures Summarizing data by Calculating the average project completion time or task duration.

Highlighting the “typical”

of central determining the central value . Identifying the most common duration or cost of projects or
. value in a dataset . . i, e .
tendency (mean, median, mode) specific functionalities within a project
o Measuring the standard deviation of task completion times to
Quantifying the spread or . . . . . .
Measures of variability of data (range Understanding consistency assess consistency. Analyzing variability in costs, timelines,
dispersion . Y nee, or variability in a dataset or resource allocation. Identifying projects with significant
variance, standard deviation) .. .
deviations from planned metrics
Percentiles and Summarizing data and Representing the relative Evaluating project performance relative to benchmark metrics
artiles providing information about its | position of data points in a (e.g., 75th percentile of budgets). Identifying projects in the
4 distribution dataset upper or lower quartile for costs or duration
Exploring relationships between Identifying patterns or Analyzing relationships between project types and success
Cross-tabulation two or more categorical correlations between rates. Examining correlations between team size and project
variables variables completion time
L . . . Facilitating data interpretati Creating dashboards to visualize project Tess, re: e
Visualization | Using graphical representations aciiitating cata mterpretation reating dashboards Lo Visualize project progress, resoure
. . and identifying trends or allocation, budget utilization, and risk status. Using Gantt charts
techniques to summarize and present data S .
patterns to track timelines and dependencies

Combining data from multiple Summarizing costs, resources, or hours spent across multiple

Data Providing an overall view of . A . .
. sources or groups to create J projects or departments. Aggregating risk data to identify
aggregation e a dataset : : . .
summary statistics common issues in a project portfolio
o o . Monitoring trends in project performance metrics over time (e.g.
. Identifying and describing Understanding changes or £ project perk . ( &
Trend analysis . . cost overruns, delays). Identifying seasonal patterns in project
patterns or trends in data developments in a dataset

demand or resource utilization

Identifying data points that Identifying projects with unusually high costs, delays, or

A 1 L . Detecti li . S O
nomaty significantly deviate from the ctecting anomanes or resource usage. Detecting anomalies in task completion times or
detection errors in data e
rest of the dataset budget utilization
Reducing large datasets to o . Creating executive reports on project performance metrics
Data L. Providing a concise . oL
. summary statistics or key . for stakeholders. Reducing large datasets to key indicators for
summarization . overview of a dataset - .
metrics decision-making
. . .. . Understanding the Analyzing the distribution of project types in a portfolio (e.g., IT.
Categorical Analyzing data divided into s & yzing | project ype p (eg, L
. . distribution and frequency of | construction, marketing). Categorizing risks or issues by severity
analysis categories or groups . .
categorical variables or frequency
Table 3
Diagnostic analysis techniques that could be applied to project management activities
Method Description Purpose Example of Application
. . . Evaluates the impact of changes in one variable
. Examines relationships between . f .. . . .
Regression . . (independent) on another variable (dependent) Determining whether increasing team size
. variables to determine how changes . . . . .
analysis to identify factors with the greatest influence on reduces project delays

in one variable affect another . . .
outcomes, aiding in problem diagnosis

Measures the strength and Identifying relationships between project

Correlation | . . . . Identifies positive, negative, or no correlation between |  variables, such as team size and project
. direction of relationships between . . . .
analysis . variables duration. Analyzing the correlation between
two or more variables . .
resource allocation and project success rates
S Identifies hidden structures and patterns in data that . . .
Cluster Groups data points into clusters . P Grouping projects by risk levl,
. I can be used to diagnose problems or understand the .
analysis based on their similarity . complexity, or performance
causes of certain phenomena
Time serics Analyzes data collected or Analyzes the impact of external factors on trends, detects | Analyzing seasonal fluctuations in project
analysis recorded over time to identify anomalies or deviations from expected trends, and costs to determine the causes of peak
y trends, patterns, or seasonal effects | evaluates the influence of events or changes over time expenses during specific periods
Sensitivi Measures how changes in one Evaluates the impact of changes in variables, such as | Analyzing how fluctuations in resource
anal sisty variable affect the outcome of a | budget, on project success. Identifies critical variables availability or team skill levels affect
Y model or system with the greatest influence on project outcomes project completion time

prescriptive analytics to optimize deci-sion-making processes. Transformed data can also be used to improve the product
lifecycle within a closed-loop system [14].

In project management, predictive analysis meth-ods are used to forecast future project outcomes, such as completion
timelines, costs, the likelihood of risks, or team performance. This allows managers to evaluate potential scenarios, make
informed decisions, and de-velop strategies to minimize risks and achieve project goals.
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Table 4 presents the main methods employed in predictive analysis, their purposes, and examples of application in the
context of project management ac-tivities.

Table 4

Predictive analysis techniques that could be applied to project management activities

Method

Description

Purpose

Example of Application

Bayesian network

A model that uses probabilistic
dependencies between variables for
prediction and causal analysis

Estimating event probabilities based on
incomplete data and modeling complex
systems

Risk management, outcome
prediction

Pattern recognition

A method that analyzes data to identify
patterns or trends

Detecting trends, classifying data, and
forecasting based on patterns

Identifying customer behavior
patterns to predict future needs

Random forest

An ensemble method that uses multiple
decision trees for classification or regression

Improving prediction accuracy by combining
the results of multiple decision trees

Predicting project success based on
historical data about budgets and
timelines

Conditional
inference tree

A decision tree method that considers the
statistical significance of variables

Identifying key factors influencing
outcomes and forecasting based on
conditional dependencies

Decision-making, risk analysis

Support vector
machine (SVM)

A classification and regression algorithm
that finds the optimal hyperplane to
separate data

Classifying data and forecasting based on
multidimensional variables

Performance analysis, predicting
project success based on a set of
parameters

Ensemble learning

A method that combines multiple models
to improve prediction accuracy

Enhancing prediction accuracy and stability
by aggregating results from different models

Outcome prediction, risk assessment

Artificial neural
network (ANN)

A model that mimics the human brain to
analyze complex dependencies in data

Predicting complex nonlinear relationships
between variables

Forecasting project costs based on
historical data and external factors

Decision tree

A method that uses a hierarchical structure
to make decisions based on conditions

Identifying key factors and predicting
outcomes

Decision-making, risk analysis

Heuristic
clustering

A method that uses clustering to identify
groups of data with similar characteristics

Detecting patterns in data and forecasting
based on clusters

Predicting team performance based
on clustering members by skill level

k-nearest
neighbors (k-NN)

An algorithm that classifies data based on
similarity to nearest neighbors

Classifying and forecasting based on data
similarity

Predicting outcomes, performance
analysis. Forecasting project success
based on similarity to other projects

with similar parameters

Prescriptive Analysis. Prescriptive analysis focuses on addressing the complex question: “What actions should be
taken?” This type of analysis involves detailed and extensive research to determine the optimal path from a set of possible
options.

In the context of project portfolio management, prescriptive analysis provides significant advantages by enabling
organizations to select the portfolio with the highest value and the group of projects with the greatest likelihood of
successful implementation. This approach enhances resource management efficiency and minimizes risks [14].

Prescriptive analysis not only predicts what will happen and when it will occur but also explains why it might happen.
Furthermore, it offers decision-making options aimed at leveraging future opportunities or mitigating potential risks while
demonstrating the consequences of each possible course of action [9].

A key feature of prescriptive analysis is its ability to continuously integrate new data, allowing for re-forecasting and
adjustment of recommendations. This ensures automatic improvement in forecast accuracy and the generation of more
effective decision options.

This approach uses hybrid data, which includes both structured information (numerical values, categories) and
unstructured data (videos, images, sounds, textual data). Additionally, prescriptive analysis incorporates business rules
to predict future events and develop recommendations on how best to capitalize on forecasted opportunities without
compromising other organizational priorities [14].

In project management, prescriptive analysis methods are used to determine the optimal actions for achieving desired
outcomes while considering resource constraints, risks, and strategic priorities. This type of analysis enables managers
to formulate recommendations for resource allocation, task planning, risk management, and selecting the best decision
options to ensure successful project implementation.

Table 5 presents the main methods employed in prescriptive analysis, their purposes, and examples of application in
the context of project management activities.

Conclusions

Data analysis has become a critical area of focus for both researchers and practitioners in the field of project
management. With the increasing volume of data available to organizations, there is a growing body of research aimed at
developing data analysis methods that provide valuable insights for managerial decision-making. This article outlines the
key potential applications of data analysis in project management activities and provides an overview and systematization

154



BICHHK XHTY M 2(93), U. 2, 2025 p.

TH®OPMALIIHHI TEXHOJIOI'TI

Table 5
Prescriptive analysis techniques that could be applied to project management activities
Method Description Purpose Example of Application
. A machine learning method that uses a _ . L Optimizing resource allocation in
Reinforcement o S Predicting optimal actions in complex . o
. reward system to optimize agent actions in an . a project to minimize costs and
learning . dynamic systems L
environment timelines
Mixed integer An opt.imization methqd that wor.ks with Solvin.g optimizgtiog problems .VVith Optimizing schedules and budgets
programming both integer and continuous variables constraints involving integer variables
. . An optimization method that works with Solving optimization problems where | Optimizing resource utilization in a
Linear programming j . . . . . . .
linear functions and constraints all dependencies are linear project to achieve maximum results
Binary quadratic An optimization method that works with Solving optimization problems where | Selecting the optimal set of tasks to
programming binary variables and quadratic functions | variables have only two possible values execute within a limited budget
. . Ivi timizati 1 ith | A ject planning. Optimizi
Nonlinear An optimization method that works with So Ving optumization Pmb oms wi dvaqced project planning Optimizing
. . . . nonlinear relationships between project costs considering complex
programming nonlinear functions and constraints

variables

dependencies between variables

Binary linear integer
programming

An optimization method that works with
binary and integer variables in linear

Solving optimization problems where
variables have only two possible values

Selecting the optimal set of
functionalities/tasks for funding within

functions a limited budget
. T . s Optimizing resource allocation
Stochastic An optimization method that accounts for | Solving optimization problems under pumizing . .
R S . considering the probability of project
optimization uncertainty in data uncertainty

delays

Conditional stochastic
optimization

An extension of stochastic optimization that
incorporates additional conditions

Solving optimization problems under
uncertainty with additional constraints

Optimizing project planning
considering risk probabilities and
funding conditions

Fuzzy linear
optimization

An optimization method that accounts for
fuzziness in data and constraints

Solving optimization problems under
uncertain data conditions

Allocating resources under uncertainty

Robust and adaptive
optimization

An optimization method that accounts for
changing conditions and adapts to them

Solving optimization problems under
variable data and constraints

Optimizing project planning
considering changes in resource
availability

Dynamic
programming

An optimization method that breaks a
problem into subproblems for simplification

Solving optimization problems with
recursive structures

Multi-stage project planning

Random forest-based

A simulation method that uses random

Predicting outcomes based on

Risk assessment and forecasting project
success probabilities based on historical

impact of risks

simulation forests to predict outcomes simulations using ensemble models data
A method that evaluates the probability and Identifying and assessing risks for Simulating the impact of resource
Risk assessment P v ying & shortages on project delays based on

decision-making

risk assessments

Stochastic simulation

A simulation method that accounts for
probabilistic dependencies between
variables

Predicting outcomes in systems with
uncertainty

Simulating project completion
timelines considering the probability
of delays

‘What-If scenarios

A method that evaluates outcomes under
different conditions

Assessing the impact of changes on
system outcomes

Analyzing the impact of budget
increases on project completion
timelines

Association rules

A method that identifies patterns between
variables in large datasets

Detecting hidden relationships between
variables

Identifying dependencies between
project types and risk levels

Decision rules

A method that uses a set of rules for
decision-making

Automating decision-making processes
based on defined criteria

Selecting the optimal set of tasks to
execute within a limited budget

Criteria-based rules

A method that uses criteria for evaluation
and decision-making

Evaluating options based on defined
criteria

Allocating resources. Selecting
projects for funding based on
profitability.

Fuzzy rules

A method that uses fuzzy logic rules for
decision-making

Making decisions under uncertain data
conditions

Selecting the most efficient project
execution plan with fuzzy resource
constraints

Comparison rules

A method that compares options with
benchmark metrics

Evaluating options based on
comparison with benchmark data

Performance evaluation. Selecting
projects for funding based on
comparison with successful analogs

Desirability function

A method that evaluates options based on a
desirability function

Evaluating options to select the optimal
decision

Selecting the most efficient project
execution plan based on desired
outcomes

Graph-based
recommendations

A method that uses graphs to analyze
relationships between data

Identifying optimal options based on
graph structures

Optimizing workflows

Optimal path search

A method for finding the best path or
sequence of actions to solve a problem in
complex systems

Optimizing decision-making processes
in complex systems

Selecting the optimal task execution
route in a project to minimize costs or
reduce dependencies and downtime
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of the main types of data analysis that can be utilized in this context, as each type of analysis has its specific functional
purpose, addresses particular challenges, and employs corresponding methods and techniques.

The descriptive analysis techniques presented in the article, such as frequency distribution, measures of central
tendency, trend analysis, and others, enable the assessment of the current state of a project, the identification of key
patterns, and the formation of a general understanding of critical performance indicators.

Diagnostic analysis methods, such as regression analysis, cluster analysis, time series analysis, and sensitivity
analysis, are aimed at identifying cause-and-effect relationships among various historical project performance metrics
and explaining the observed outcomes.

Predictive analysis methods utilize historical data to forecast future outcomes, such as project completion timelines,
costs, or the likelihood of risk occurrences. Key predictive analysis methods include artificial neural networks, decision
trees, support vector machines, ensemble learning, and the k-nearest neighbors algorithm.

Prescriptive analysis methods represent the most advanced type of analysis, as they not only predict future events
but also recommend optimal actions to achieve desired outcomes. Key prescriptive analysis methods include linear and
nonlinear programming, stochastic optimization, “what-if” scenarios, random forest-based simulations, and dynamic
programming. This type of analysis addresses a critical gap in project management by providing managers with actionable
recommendations for future steps. Planning and monitoring are the most essential components of project management
activities, as the ultimate success of each project depends on them. When a manager possesses the knowledge and skills to
apply prescriptive analysis methods, it significantly increases the likelihood of achieving project goals within the defined
timelines, ensuring that the «iron triangle» of project management — time, cost, and quality — remains intact.

The developed tables, detailing the methods for each type of analysis, their purposes, and examples of application
in the context of project management, serve as practical tools that enable the selection of relevant methods to address
specific challenges encountered during the practical activities of project management.

The application of data analysis methods in project management offers numerous advantages. Specifically, it enhances
the accuracy of forecasts, which is critically important for resource planning, scheduling, and budgeting. Additionally,
data analysis facilitates the early detection of risks, enabling the development of effective strategies for their mitigation.
Analytical methods also help optimize resource allocation, ensuring their efficient use, and contribute to improving team
productivity by identifying weaknesses in processes and suggesting ways to address them.

Planning and monitoring are key components of project management activities, significantly influencing the success
of project implementation and the effectiveness of managerial decision-making. Providing managers with the necessary
analytical tools and equipping them with the ability to apply data analysis methods in management processes greatly
increases the likelihood of achieving project objectives within the defined timelines and budgets. Such approaches support
adherence to the principles of the “iron triangle” of project management, which emphasizes a balance between time, cost,
and quality, ensuring the successful execution of projects in dynamic environments.

Thus, data analysis is an integral component of modern project management. Information systems that incorporate
combinations of the described methods and techniques are becoming increasingly powerful tools, enabling managers to
make informed decisions, enhance project management efficiency, and achieve strategic goals.
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