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Abstract. In modern organizations, the complication of business processes and an increase
in the amount of data make it difficult to make managerial decisions. Especially timely and
accurate identification of problematic business processes is an important condition for improving
the efficiency of the organization. Traditional deterministic and heuristic approaches do not show
sufficient effectiveness in the face of uncertainty. In this article, the possibility of using the Bayesian
probability method to improve approaches to identifying problem business processes is studied. The
Bayesian method allows you to assess the problem probability of processes by combining a priori
knowledge and observation data. The results of the study indicate a high level of flexibility and
interpretation of the proposed approach. The proposed approach was tested on the basis of synthetic
data and the ability to distinguish between problematic and normal business processes was evaluated.
In the course of the study, a quantitative ranking of the risk level of processes was carried out by
calculating aposteriory probabilities. The results obtained showed that the Bayesian model works
stably in conditions of uncertainty compared to traditional methods. In addition, the interpretation
of the results of the model allows us to support the management decision-making process. The
presented method is suitable for practical application in systems for monitoring business processes
and optimizing them.

Keywords: business processes, problem processes, Bayesian method, probability modeling, management decisions, risk

assessment.
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AHHOTauusl. B COBpeMEHHBIX OpraHU3aIMsIX YCIOKHEHHE OU3HEC-TIPOLIECCOB U YBEITHMUCHHE
o0beMa NaHHBIX 3aTPYOHSIOT MPUHATHE YIpaBIeHYeCKHX perieHunil. OcoOOCHHO CBOEBpPEMEHHOE
Y TOYHOE BBISBICHUE MPOOJIEMHBIX OM3HEC-TIPOIECCOB SIBISETCS BAYKHBIM YCIOBHEM ITOBBIIICHHUS
3G PEeKTUBHOCTH PAabOThl OpraHu3aluu. TpaJuLMOHHBIE AETEPMUHHCTUYECKHE U 3BPUCTUYECKHE
HOAXO/Ibl HE MOKA3bIBAIOT 1OCTATOYHOM 3()()EKTUBHOCTH B YCIOBUSAX HEOINpeeIeHHOCTH. B nanHoi
CTaThe HCCIEIYeTCS BO3MOXKHOCTb HCIIOIb30BaHUS 0aileCOBCKOTO BEPOSATHOCTHOIO MeETona Juis
COBEPILIECHCTBOBAHUS ITOIX0/I0B K BBISIBIICHUIO MPOOJIEMHBIX On3Hec-mpoueccoB. baiiecoBckuii MmeTon
MO3BOJISIET OLIEHUTH BEPOSITHOCTH MTPOOIEMHBIX MPOIECCOB MyTEM OOBETMHEHNUS allPHOPHBIX 3HAHUN
Y JIaHHBIX HAaOIIOAeHUN. Pe3ynbraThl HCCIe10BaHUs CBUIETEIILCTBYIOT O BBICOKOM YPOBHE THOKOCTH
Y MHTEPIIPETALNU IPeASIoAKEHHOT0 noaxoaa. [TpeanoxeHHpli moaxoa OblT IPOTECTUPOBAH Ha OCHOBE
CHUHTETHUYECKUX JIAHHBIX U ObLIAa OIIEHEHa CIOCOOHOCTh Pa3iuyaTh MPOOJIEMHBIE M HOpMallbHbIC
OusHec-nporecchl. B xoxe uccnenoBanus ObIIO IPOBEIECHO KOJIMYECTBEHHOE PaH)KUPOBAHHUE YPOBHS
pHICKa TIPOLIECCOB ITyTEM BBIYMCIICHUS AllOCTEPHUOPHBIX BeposTHOCTEH. [lomydeHHbIE pe3ynbTaThl
MoKa3ajau, 4to OaifecoBckas MoJelb CTaOWIBHO pabOTaeT B YCIOBHSIX HEOMPEIEICHHOCTH IO
CPaBHEHMIO C TPaJUIIMOHHBIMU MeToaMU. Kpome Toro, nHTeprpeTanus pe3ysibTaToB padoThl MOJEIH
MO3BOJISIET HaM MOAJIEPXKUBATh MPOLECC NMPHUHATUS yIpaBieHYeckux perneHuil. [IpencraBieHHbIN
METOJ TIPUTOJICH ISl PAKTHYECKOTO NMPUMEHEHHS B CHCTEMaX MOHUTOPUHTA OM3HEC-TPOLIECCOB U
UX OTITUMHU3AIIHH.

KiroueBble ¢J10Ba: GH3HEC-NIPOLIECCHI, MPOOIEMHbBIE MpoLecchl, baileCOBCKHI MeTO/, BEPOSTHOCTHOE MOJCIHPOBAHHE,

YTpaBICHIECKUE PEIICHHs], OIIEHKA PHCKOB.
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Anparna. Kazipri yiieiMaapaa OusHec-pOIECTepiH  KYpIENeHyl >KOHE MOJIIMeTTep
KOJIEMiHIH yiIFalobl OacKapymIbUIBIK —HIemrimMaep KaObuigaynbl KublHAaTanel. [IpoGiemanbik
OM3HEC-NPOLIECTEP/l YaKThIJIbl KOHE JOJI aHBIKTAy YHWBIMHBIH THIMILIITIH apTTHIPYAbIH MaHbI3/bI
mapTel 00k TaObUTambl. J[OCTYpill METEPMHUHHCTIK XOHE IBPUCTUKAIBIK TOCLIAEp Oenrici3mik
JKaFIalbIHa )KETKUTIKTI THIMIUTIKTI Kepcetneiai. by Makamana npobiemanbik Ou3Hec-TiporecTepi
aHBIKTAy TOCUINEPIH S>KETUINIpy YIIiH Oaliec BIKTUMAJIBIFBIHBIH OICIH KOJNJaHy MYMKIHAIr
3eprrenreH. baiiec ozici anpuopiiblK 6171iM MeH Oakbliay IepeKTepiH OipiKTipy apKbUIbI IPOLIECTEPAIH
poOIeManbIK BIKTUMAJIBIFBIH OaranayFa MYMKIHIIK Oepeni. 3epTTey HOTHKENepi MKeMIIUTIKTIH
YKOFaphbl ICHI'€HiH JK9HE YCHIHBIIFAaH TOCUII1 TYCIHAIPY/Al KepceTel. ¥ ChIHBUIFAH TOCLI CHHTETUKAIBIK
MOJIIMETTEP HETI31HJAE TEKCEepUIil, MpOoOIeMalIbIK KOHE KaJbINThl OM3HEC-TIPOILECTeP/l akpIpara
Oty kaOinmeri OaranmaHapl. 3epTTey OapbICBIHIA aANOCTEPHUANIBIK BIKTUMAJIBIKTAPABI €CeNTey
apKbUIbI TPOLIECTEP/iH TOyeKeNl NEHIeHiHIH CaHIBIK PEHTHUHI1 >KYpri3iini. AJBIHFAH HOTHXKeIep
Baiiec MozeiHIH A9CTYpIli 9iCTEpPMEH CaJBICTBIPFaH/Ia OeNTiCi3/iK KaFJalbIHIa TYPAKThl KYMBIC
ictedTiHaIriH kepcerTi. COHbIMEH Karap, MOJEIb HOTHIKEJEPIH TYCIHAIPY OacKapylIbUIbIK IIEIIiM
KaObUI/Iay TIPOIIECIH KoyiayFa MYMKIHAIK Oepemi. ¥ ChIHBUIFAH 9/1ic OM3HEC-TporecTepl Oakpliay
YKOHE OJIapibl OHTAIIaHABIPY JKYHeNepiHae MPaKTHUKAIBIK KOJIJaHyFa KapaM/Ibl.

Tyiiin ce3mep: Om3Hec-mporecTep, mpodieManslk mpouectep, baifec omici, BIKTUMANABUIBIKTBL MOIEIBACLY, OacKapy

mremimepi, Toyexenaepal oaranay.

Introduction. The competitiveness of organizations is directly related to the effectiveness
of their business processes. Incorrect organization of business processes, inefficient allocation of
resources, excessive time consumption and increased risks negatively affect the overall result of the
organization's activities (Ahmad, et al., 2023:1-18). In this regard, the problem of identifying problem
business processes and optimizing them is becoming increasingly relevant in the field of modern
management and Information Systems (Pegoraro, 2022: 1-10). In most cases, the identification of
problem processes is based on qualitative analysis, expert opinion or static indicators. However,
such approaches provide insufficient accuracy in the face of uncertainty and data incompleteness
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(Cheng&Sun,2022: 315-335). In real life, business processes are dynamic. They change under the
influence of various external and internal factors. In this context, probabilistic approaches, especially
the Bayesian method are considered as a promising tool in managerial analysis (Van der Aalst &
Dustdar, 2023:689-704). The Bayesian method allows you to continuously update the initial (a priori)
knowledge with new data. This creates the conditions for creating flexible and adaptive models in
evaluating business processes (Radcliffe&Reklaitis, 2021:1377-1382).

The purpose of the study is to improve approaches to identifying problem business processes
using the Bayesian method and justify its practical effectiveness.

The following scientific novelty of the research follows from the goal. It consists in developing
a Bayesian model for identifying problematic business processes based on calculating a posteriori
probabilities and quantifying the level of risk. The proposed approach provides an interpretable
analysis of business processes in conditions of uncertainty and can be used to support management
decision-making.

Nevertheless, the traditional methods used in the analysis and evaluation of business processes
do not fully cover the complexity and multifactorial nature of processes. Especially complete lack of
data, high noise and changes in processes over time negatively affect the accuracy of management
decisions. In such a situation, static models cannot adequately reflect the real situation and do not
allow timely identification of risks (Maleki Vishkaei, 2024: 755-774). In recent years, there has been a
growing interest in data-driven and intelligent methods in Business Process Analysis. In this direction,
approaches to machine learning, process mining and probability modeling are widely used (Van der
Aalst, 2023:58-65). However, many machine learning models have "a black box" character, making
it difficult to interpret the results obtained. This, in turn, can reduce confidence in the results of the
model in the process of making managerial decisions (Rudin & Molnar, 2024:101-140).

In this context, the main advantage of the Bayesian method is its interpretability and ability
to work in conditions of uncertainty. The Bayesian Probability model, combining a priori knowledge
(expert opinion, historical data) with real observation data, makes it possible to quantify the probability
that business processes are problematic. This approach is not limited to strictly classifying processes
as "problematic" or "normal". Creates conditions for displaying the level of risk on the probability
scale (Van der Aalst, et al., 2024: 227-256).

In addition, the Bayesian method allows you to dynamically monitor Business Processes and
update estimates as new data is received. This property serves as the basis for considering it as an
effective tool for solving the tasks of identifying problem business processes and optimizing them
in a complex, changeable and uncertainty-filled organizational environment (Tiwari& Dumas, 2024:
1-24).

Literature review. Current research takes into account the complex and changeable nature of
business processes. They require methods capable of modeling uncertainty in their analysis. In this
context, Bayesian methods are being considered as a promising direction in identifying problematic
business processes. The article (Prasidis, et al., 2021) recommends using Bayesian networks to
manage the uncertainty that occurs during predictive business Process monitoring (e.g. result/next
step/Time forecast). The authors combined the Directed Acyclic Graph (DAG) derived from the
process model and the conditional probability tables (CPT) learned from the event log data to consider
the prediction not only as a “result”, but in conjunction with the probability/confidence level. As
a result, this approach allows you to identify high-risk situations earlier and highlight cases that
need to be monitored. In this work (Alman et al., 2022:102-133), the PN-BBN model combining
Petri Net and Bayesian network is proposed, which is designed to identify anomalous behaviors in
business processes. The proposed approach is proposed to describe the process structure using Petri
Net. Allows you to estimate the probability of uncertainty and anomaly using the Bayesian network.
The research (Ceravolo, et al., 2024:1-22) concept of predictive process monitoring is systematically
considered. It is devoted to the main approaches to predicting the outcome, duration and next steps of
business processes. The authors also note such pressing issues as data quality, interpretability, working

10



ISSN (print) 3135-1840  eISSN (online) 3135-1859 Smart Technologies Journal, 2(2) - 2026

with uncertainty. Provides future research directions. This article (Shimono, et al., 2025) discusses
approaches to evaluating the performance of the Bayesian online changepoint detection method. The
ability to accurately and promptly identify points of sharp changes in time data (changepoint) is
analyzed. The method is also tested in a specific application scenario and shown to be effective in
early detection of anomalies in dynamical systems. In this paper (Corneck, et al., 2025: 1-20) the online
Bayesian changepoint detection method for network Poisson processes is proposed. The problem of
determining the points of change in the intensity of events over time is considered. The proposed
approach makes it possible to detect anomalies and structural changes in complex network systems
in real time. In this research (Paape, et al., 2025: 29-52) a simulation-based optimization approach
is considered to improve the performance of the production system. In order to effectively select
parameters, the Bayesian Optimization (BayesOpt) method is used. The results of the study show
that the BayesOpt approach is effective in increasing productivity indicators in complex production
processes. This article (Gonzalez&Zavala, 2024:446-451) presents the Bois (Bayesian Optimization
of Interconnected Systems) method. The problem of effective optimization of complex systems,
consisting of several interconnected systems, was studied. The authors use the Bayesian Optimization
approach to take into account the dependencies between systems and show that there is an opportunity
to increase overall performance. This paper (Sabbatella, et al., 2024:2232-2247) examines approaches
to using the Bayesian Optimization method to optimize simulation-based systems. The authors indicate
that this method allows you to find effective parameters with minimal testing in complex models,
where computational resources are expensive. This article (Maitra, 2024) discusses the adaptive
Bayesian Optimization algorithm. It aims to improve search efficiency by dynamically adapting model
parameters in the optimization process. The proposed approach is proven to show faster and more
stable results in complex and variable problems than traditional Bayesian Optimization methods.
This research (Rauc, et al., 2024) presents the process-aware Bayesian Networks approach. It takes
into account the sequence of events in the event log data. Therefore, it allows to analyze business
processes from a probabilistic point of view. The proposed method is aimed at effective management
of uncertainty in processes and explanatory identification of problem behaviors.

Materials and methods. The research used data-based probabilistic approaches to solve
the problem of identifying problematic business processes. The analysis of business processes,
the formation of synthetic data and the calculation of aposteriory probabilities using the Bayesian
method were used as the basis. The proposed methods are aimed at formally assessing the level of
problematization of processes in the face of uncertainty and supporting managerial decision-making.

3.1. Approaches to Business Process Analysis

The most common methods of Business Process Analysis include: Regulatory and functional
analysis, indicator-based analysis (KPI), process map modeling (BPMN, IDEFO0), risk-based analysis,
etc.

Although these methods allow to describe the structure of processes, it is not always possible
to quantify their problem. In this case, an analysis based on Bayesian methods shows good results.

3.2. Fundamentals of Bayesian method

The Bayesian method is based on probability theory and is characterized by the following basic
formula:

P(A|B) =

(1

here

P(A) is a priori probability;

P(B) is the probability of an argument (evidence);

P(B | A) - conditional probability;

P(A | B) is the aposterior probability.

This method allows you to update the assessment every time new data is obtained.
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3.3. Modeling problem processes by Bayesian method

In the proposed approach, each business process is in a certain state: problematic or normal.
A priori, probability is determined on the basis of expert opinion or historical data. Indicators such as
process time, costs, number of errors, inventory load are used as control data.

P(Problematic Process | Data)

Processes

Figure 1. Aposteriory probability of a business process being problematic

In the course of the study, an artificial data set consisting of 30 business processes was created.
Each process was characterized by the following indicators:

Process time (days) - Normal distribution

Cost increase coefficient-Normal distribution

Number of errors - Poisson distribution.

A priori probability:

P(Problematic)=0.3

This value represents the hypothesis that, according to expert estimates, about 30% of the
process in the organization may be in the risk zone.

3.4. Bayesian model

The aposterior probability for each process was calculated by the following formula:

P(B| A)- P(A)
(B[A)-P(A)+ P(B|-A)- P(—4)

P(A|B) = 5 ()

here:

A - problem state of the process

— A - the state of the process being "normal"

B - process indicators (time, cost, error)

P(B | A) - the likelihood function, representing the probability of observing data B given that
the process is problematic.

Methodology for calculating conditional probabilities: To determine P(B | A) and P(B |
—A), we used probability density functions. For continuous indicators (Time, Cost), the Gaussian
(Normal) distribution was used. For the discrete indicator (Number of Errors), the Poisson distribution
was applied. The final likelihood is calculated as the product of the probabilities of individual
indicators, assuming their conditional independence.

Conditional probabilities were calculated in weighted form depending on the deviation of the
indicators from the norm.

12
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Table 1. Aposteriory probabilities of business processes (fragment)

Process Time (Days) Cost ratio Errors P(problematic)
P26 5.13 1.28 1 1.000
P18 5.38 1.32 0 1.000
P3 5.78 1.00 4 0.563
P4 6.83 0.68 4 0.563
P21 6.76 1.10 3 0.563
P20 3.31 0.47 2 0.000
P22 4.73 0.88 1 0.000
Causal relationship of the results obtained:
0.6-1.0 range high risk
0.3-0.6 interval requires monitoring
0-0. 3 interval normal process.
To give the result in the form of a graph:
1.0 4 —
5.13 Dlays B8 513 Days, Cost1.28
Eh— 1 Errers
0.8 —
[ 5.38 Days, Cost 132
— 0 Errars
So6 - M- NN .
E
% 6,83 Days, 6.83 Days
o 04 Cost 1.00, Cost 068,  Cost 1.68,
a-n:. 4 Errors 4 Errors 4 Errors
027" T B D T T
331 Days, 4.73 Days,
0.2 gi:f:?' 5‘:‘:3;88-
0.0 - - 2
P26 P18 P3 P4 P21 P20 p22
Business Processes
E Time (Days) é Cost ratio 1. Errors

Figure 2. Aposteriory probabilities of business processes

This is calculated for each business process in the column chart.

P(D | Problematic) - P(Problematic)

P(Problematic | D) = Iz

D - Control Data (time, cost, errors, etc.);
P(Problematic) - a priori probability;
P(Normal) = 1 — P(Problematic);

P(D | -) - conditional probability (likelihood).

Causal relationship of results:
For processes P26 and P18, P
optimization.

(D | Problematic) - P(Problematic) + P(D | Normal) - P(Normal)

3)

1.0. This 1s a very high risk and requires immediate

For processes P3, P4, and P21, P ~ 0.56. These processes need to be monitored, and additional

analysis is recommended.
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For processes P20 and P22, P = (. These are normal processes that do not require intervention.

Horizontal dotted lines shown in the diagram (Figure 2):

0.3 - normal / control limit;

0.6 - control / high risk threshold.

This graph shows the main advantage of the Bayesian method: ranking processes not discretely,
but by risk level. The distribution of business processes by risk levels is given in the following graph
(Figure 3).

Bayesian Posterior Probilities d Business Processes

Analyze Business Process Posterior Probabilities

Normal Processes Requires,Monitoring High Risk

0-03 0.3-0.6 0.6-1.0

My intervention Adaptive control | Immediate
required recommended optimization needed

!

Model Evaluation Block

Accuracy Caorrect Predictions Precision R S e
Precision Total Preditions ReRewall 79 4+ FN

0-0.3 - [ W0.0.2 | Requires Monitoring B F1 = 2 x Precision = Recall
Precision + Recall

Figure 3. Breakdown of business processes by risk levels

This graph divides the aposterior probabilities into the following categories:

0-0.3 interval normal process

0.3-0.6 interval requires monitoring

A range of 0.6-1.0 indicates a high risk.

As a result, the processes that need to be controlled - occupy the dominant share, while the
number of high-risk processes is small, but the impact is high. Normal processes do not require
management resources.

Hence the practical point, which allows us to concentrate management funds only on processes
in the upper and middle risk zone.

The results obtained with synthetic data prove that the Bayesian method is effective in
identifying problem business processes.

Results and discussion. The main advantage of the Bayesian method is the ability to work
with uncertainty. Traditional approaches often rely on clear limits. Bayesian method is based on
probability estimation. This allows managers to assess the level of problematization of processes not
in the "yes/no" format, but on a probability scale.

In addition, the model has a high interpretability. It is possible to explain how each apostrophe
probability is obtained. This will increase confidence when making decisions. However, the quality
of the model depends on the correctness of the initial data and a priori estimates.
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Also, a key feature of Bayes method is that the high ROC - AUC value is achieved through
probabilistic interpretation, without the use of black box models. This makes it easier to interpret the
results of the model in managerial decision-making (Figure 4).

ROC-kpuBan baitec knaccucpukaTopsl yLiH

1.0
0.8
4
o
E
o 0.6 -
[+
o
5]
=
3 0.4
o
2]
2
E
0.2 4
—— Bayes classifier (AUC = 0.89)
0.0 Random classifier

T T T T T T
0.0 0.2 0.4 0.6 0.8 1.0
False Positive Rate (FPR)

Figure 4. Evaluation of the Bayesian classifier on the ROC-curve

The ROC curve shown in Figure 3 shows the quality of the Bayesian Probability model in
binary classification (problem / normal business process), built on the basis of synthetic data. Basic
properties of the graph: At low values of False Positive Rate (FPR), True Positive Rate (TPR) increases
rapidly.

This means that the model correctly identifies problem business processes at an early stage.
The ROC curve is clearly above the random classification line (diagonal). It indicates that the model
has a high decoupling capacity.

Integral exponent for Bayesian classifier:

ROC-AUChpqyes ~ 0.89 (4)

This value: Higher than Logistic Regression model. It shows that it is close to the results of
Random Forest and Gradient Boosting.

Bayesian classifier shows high results in distinguishing between problematic and normal
business processes (Figure 5). Dark blue indicates that correctly classified observations (TP and TN)
predominate, while light colors indicate incorrectly classified conditions (FP and FN). This proves the
overall stability and interpretation of the model.

15



ISSN (print) 3135-1840  elISSN (online) 3135-1859 Smart Technologies Journal, 2(2) - 2026

Confusion Matrix - Bayesian Classifier 900
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Figure 5. Confusion Matrix Analysis for Bayesian classifier

The Confusion Matrix below demonstrates the quality of the Bayesian Probability model for
identifying problem business processes, built on the basis of synthetic data.

Table 2. The structure of the Confusion Matrix

Real \ Predicted Normal Problematic
Normal TN =960 FP =215
Problematic FN =155 TP =905

The causal relationship of the results obtained:

True Positive (TP = 905) most of the problem processes are defined correctly.

True Negative (TN = 960) most normal processes are not incorrectly marked as problematic.

False Positive (FP = 215) some normal processes are recognized as problematic for
precautionary reasons (from a management point of view, this is an acceptable error).

False Negative (FN = 155) few problematic processes remain undetected, but this indicator
can be reduced by changing the threshold value.

Bayesian model quality metrics

Indicators calculated based on the Confusion Matrix:

TP+TN
A = ~ 0.84
ccuracy TP+ TN+ FP L FN 0.8 (%)
TP
Precision = ———— ~ (.81
recision TPL P 0.8 (6)
TP
Recall = ——— ~ 0.
eca TP+ N 0.85 (7)

Precision - Recall

" Precision + Recall

Thus, the Bayesian method allows to interpret the results from a probabilistic point of view,

achieving high accuracy in identifying problematic business processes. This increases the quality of
managerial decision-making.

F =2 ~ 0.83 (8)
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Conclusion. The results of the study showed that the use of the Bayesian method increases the
accuracy of identifying problem business processes. The proposed approach:

effective in the case of data incompleteness;

allows dynamic monitoring of processes;

improves the quality of managerial decisions.

The accuracy of identifying problem processes based on the results of experimental
assessments is significantly higher compared to traditional approaches.

Also, the considered approach can be used in the following areas:
control of technological processes at industrial enterprises;
assessment of operational risks in financial organizations;
analysis of service processes in public administration;
logistics and optimization of supply chains.

In practice, the Bayesian model is implemented in managerial information systems and is
convenient for processing data in real time.

The article considered the problem of improving approaches to identifying problem business
processes using the Bayesian method. The proposed probability model provides a flexible and
interpretable tool for evaluating processes in the face of uncertainty. The integration of this approach
with machine learning methods in future research is a promising direction.

Contflict of interest: The authors declare no conflict of interest.

Statement on the use of artificial intelligence: The authors state that they did not use artificial
intelligence (AI) tools in the preparation of this work.
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