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A MECHANISM FOR CYCLIC-DYNAMIC
SCREENING OF PRIMARY FINANCIAL
MONITORING ENTITIES UNDER WARTIME
CONDITIONS

ABSTRACT

This study aims to develop a mechanism for cyclic-dynamic screening of the activities
of primary financial monitoring entities (PFMEs) under wartime conditions. The pro-
posed mechanism identifies atypical behavioural patterns, enhances responsiveness to
rapidly evolving risks, and improves the quality of financial offence detection. The study
constructed additive time series models for two distinct periods: pre-war (2011-2019)
and wartime (2021-2024). Smoothing techniques, time series decomposition, seasonal
component estimation, and analytical trend modelling were applied. In the first period,
the model demonstrated high accuracy (coefficient of determination R2 = 90,87%),
while in the second period, the accuracy remained acceptable (R2 = 65,80%), reflecting
increased volatility in the financial environment. The results highlight the importance of
analyzing fluctuations and trends to detect suspicious financial transactions on time and
to improve the effectiveness of primary financial monitoring procedures during wartime.
The proposed mechanism enhances the accuracy of identifying anomalous operations,
enables adaptive risk response, and strengthens the monitoring and control of financial
flows. The practical implementation of this methodology contributes to ensuring national
financial stability and security, which is critically important for maintaining the integrity
of the state's financial system under wartime conditions.

Keywords: financial monitoring, wartime economy, primary financial monitoring
entities (PFMES), suspicious transactions, cyclic-dynamic screening, time series analysis,
financial security

JEL Classification: G28, G18, C22, H56

INTRODUCTION

The intensification of economic crime, the expansion of illicit financial flows, attempts
to launder proceeds of crime, and the escalation of cyber threats in the context of
modern economic turbulence have contributed to the emergence of a new problematic
environment for primary financial monitoring (PFMESs) entities (Sigetova et al., 2022).
The uneven development of cybersecurity and information and communication technol-
ogies in different countries exacerbates the imbalance in financial control processes at
different levels, creating new challenges for the PFMEs (Dobrovolska & Rozhkova, 2024;
Vyas-Doorgapersad, 2024). In Ukraine, such challenges are exacerbated by a full-scale
war (Zozulinskyy, 2024; Lavreniuk et al., 2023), and the lack of significant positive
trends in reducing corruption risks (Kovbasyuk et al., 2024), which leads to the need to
find new tools for implementing such monitoring.

Most of the analytical tools for primary financial monitoring today are inert and do not
consider the cyclical variability of indicators and the impact of crisis events on the be-
haviour of economic agents. This highlights a complex scientific problem - the develop-
ment of a mechanism that allows for a more flexible, cyclical assessment of the activities
of enterprises engaged in financial transactions to improve the quality of risk identifica-
tion and strengthen national financial security. In the scientific discourse, increasing
attention is paid to the search for adaptive mechanisms and conceptual approaches
capable of detecting suspicious financial transactions in real-time, responding to non-
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standard patterns (Tertychnyi et al., 2022; Yarovenko et al., 2023), and taking into account various factors of the occur-
rence of such illegal actions (Pulungan et al., 2024; Morin & Burrell, 2024). Thus, the relevance of this study lies in the
urgent need to increase the efficiency of the activities of SPFM by responding to atypical customer behaviour, as well as
taking into account the unstable and dynamic conditions that characterize the financial system during armed conflict.

LITERATURE REVIEW

Periodic crises and wartime conditions have historically coincided with surges in illicit financial activity. Armed conflicts, in
particular, create economic turmoil often exploited by criminals through fraud, corruption, money laundering, and sanctions
evasion—activities pose serious threats to national security and financial stability (Hock & Quenivet, 2024; Zamek &
Zakharkina, 2024; Tu et al., 2023). For example, the ongoing Russo-Ukrainian war has not only spurred traditional war
profiteering but also introduced unprecedented flows of military and humanitarian aid, which carry major risks of diversion,
embezzlement, and other internal economic crimes (Hock & Quenivet, 2024; Kupenko et al., 2023; Filatova et al., 2022;
Vasylyeva et al., 2013; Vasylyeva et al.,2014).

The academic community increasingly emphasizes the need for enhanced financial monitoring mechanisms in response to
these risks (Hock & Quenivet, 2024; Tertychnyi et al., 2022). Effective oversight becomes especially critical when geopo-
litical and economic disruptions enable atypical financial behaviour. However, systemic crises also weaken the institutional
capacity of banks and regulators to perform timely detection of illicit transactions. For example, during the COVID-19
pandemic, the reallocation of resources toward core operations led to lapses in AML/CFT enforcement (Financial Action
Task Force, 2020). As a result, recent studies (Yarovenko et al., 2023; Dobrovolska & Rozhkova, 2024; Dobrovolska et al.,
2024; Sidii, 2024; Wright, 2023) advocate for developing mechanisms that combine proactive identification of financial
risks with the ability to function effectively under crisis conditions.

Studies on post-2022 sanctions evasion have further highlighted the complexity of modern financial crimes. According to
the U.S. Financial Crimes Enforcement Network (2023), financial institutions reported billions in suspicious transactions
tied to export-control violations and illicit cross-border flows. These incidents often involved shell companies and complex
transaction layering, reinforcing the need for robust real-time monitoring. In this context, timely and accurate Suspicious
Activity Reports (SARSs) serve as regulatory requirements and a foundation for enforcement actions, indicating the pivotal
role of primary financial monitoring entities (PFMEs).

Despite their importance, traditional AML systems are criticized for their limited effectiveness. Scholars (Morris, 2020;
Denman et al., 2023) point to structural inefficiencies, including over-reliance on rule-based scenarios and high false-
positive rates, which dilute the quality of AML alerts. Recent reporting trends illustrate the urgency of reform. SAR filings
surged to record levels in the United States after pandemic-era fraud waves (Thomson Reuters, 2023). One special review
attributed a spike in fraud-related SARs to the extensive abuse of COVID-19 relief programs, which generated suspicious
transactions linked to stimulus funds (Denman et al., 2023). While this increase in reporting reflects real growth in illicit
activity, experts caution that it contains many redundant or low-value alerts. Indeed, regulators observed that a significant
share of the pandemic-related SAR uptick was due to multiple institutions flagging the same well-publicized frauds or
simply erring on the side of over-reporting. Such patterns reaffirm that quantity does not equal quality in AML reporting.
The core challenge is improving the precision and proactivity of financial monitoring — especially in crisis scenarios — so
that truly suspicious activities are detected early without overwhelming analysts with noise. This has driven researchers
and practitioners to explore more dynamic and data-driven screening mechanisms that can adapt to emerging risks while
filtering out normal fluctuations.

In response to traditional approaches' inefficiencies in detecting suspicious financial transactions, recent studies increas-
ingly focus on applying advanced analytics, machine learning (ML), and adaptive systems. These approaches aim to shift
from static, rule-based monitoring to systems capable of learning from behavioural patterns, adapting to emerging threats,
and highlighting the most high-risk anomalies. Notably, the ML-based monitoring system proposed by Tertychnyi et al.
(2022) enhances the accuracy and relevance of alerts by training classification models on rolling snapshots of customer
transaction histories and implementing flexible alert thresholds. A key advantage of this model is its explainability. Each
alert is accompanied by risk estimates and interpretability features based on probability calibration and Shapley value
techniques, strengthening trust among compliance officers and regulators. Initial testing on real financial data demon-
strated the system’s effectiveness—particularly its improved detection accuracy enabled by an iterative feedback loop from
industry experts.

Another promising direction in contemporary research is the application of network and graph analytics to identify complex
money laundering schemes that are not detectable through traditional isolated transaction monitoring. Unlike one-off
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fraudulent acts, money laundering typically involves interconnected accounts and transactional flows that reveal suspicious
patterns only when analyzed in aggregate. Leveraging the topological structure of financial networks, recent studies by Lu
and Wang (2024) demonstrate the effectiveness of graph modelling and graph neural networks (GNNs) in enhancing the
detection of such schemes. Their research shows that GNN-based approaches can more accurately classify transactions or
entities as high-risk by incorporating link analysis and examining relationships among customers, intermediaries, and
counterparties—alongside individual transaction behaviour. This methodology enables the identification of hidden struc-
tures, such as circular flows or layered transfers, that may escape detection under conventional, rule-based models. Thus,
graph-driven systems offer a more dynamic and context-sensitive approach to financial monitoring, aligning with modern
expectations of adaptive and continuous surveillance mechanisms.

A qualitative study of AML compliance professionals in 2024 reinforces this direction, noting that experts see entity reso-
lution, machine learning, and network analytics as vital tools to overcome current monitoring inefficiencies (Oztas et al.,
2024).

In practice, incorporating these tools means that primary monitoring entities continuously update their detection models
as new typologies emerge, creating a cycle of screening, feedback, and model refinement — a concept at the heart of the
cyclic-dynamic mechanism pursued in this research.

Importantly, real-world pressures have significantly accelerated the urgency to adopt advanced analytics in anti-money
laundering (AML), particularly in regions affected by geopolitical conflicts. For instance, in response to war-related risks
and sanctions regimes, financial institutions in Ukraine, Poland, and Estonia rapidly integrated AI/ML-based monitoring
tools into their operations, often bypassing intermediate stages of technological development (Turksen et al., 2024). While
this leap toward innovation has enhanced their capacity to detect complex laundering schemes, it has also exposed critical
challenges—namely, regulatory scepticism toward opaque models, high implementation costs, and the burden of meeting
evolving compliance requirements. Thus, as Turksen et al. (2024) argue, the effectiveness of cutting-edge technologies
depends not only on their technical sophistication but also on their transparency, explainability, and alignment with legal
frameworks. These findings underscore the broader consensus in the literature: any dynamic screening mechanism must
strike a careful balance between agility and accountability, ensuring that financial institutions can adapt rapidly without
compromising trust, compliance, or operational resilience.

Beyond technological innovations, recent studies highlight the need for systemic coordination and integrated governance,
especially under socioeconomic stress. Effective financial monitoring depends on analytical tools and strong institutional
frameworks that reduce information asymmetry and enhance cooperation (Ivashchenko et al., 2017). Strengthening gov-
ernance and counteracting the shadow economy is essential for building financial resilience during wartime (Bilan et al.,
2019; Ntshangase et al., 2024).

The reviewed literature reveals a growing recognition of the limitations of traditional AML systems, particularly during
periods of systemic shock such as armed conflict. The convergence of rising financial crime risks and the reduced capacity
of institutions to monitor them effectively calls for fundamentally new approaches. Against this backdrop, a cyclic-dynamic
screening mechanism emerges as a timely and necessary innovation, especially for PFMEs operating under wartime con-
ditions. By incorporating elements of time series analysis, behavioural adaptation, and real-time responsiveness, such a
mechanism holds promise for enhancing the precision, agility, and transparency of suspicious transaction detection. Amid
the war-driven challenges facing Ukraine’s financial system and the pressing demand for resilient monitoring infrastructure,
this research bridges the gap between theoretical advancements and practical tools needed to protect financial security in
times of crisis.

AIMS AND OBIJECTIVES

The objectives of the study are to critically analyze and synthesize current scientific approaches to the detection of suspi-
cious financial transactions under crisis and wartime conditions, to compile and preprocess a comprehensive time series
dataset reflecting the activities of primary financial monitoring entities for the periods of 2011-2019 and 2021-2024, and
to develop additive time series models that capture the seasonal, trend, and random components of financial monitoring
dynamics. The study further seeks to perform a comparative assessment of changes in financial monitoring activities before
and during wartime, to evaluate the predictive performance and robustness of the constructed models, and to substantiate
a cyclic-dynamic screening mechanism aimed at enhancing the adaptability, precision, and effectiveness of primary finan-
cial monitoring entities in conditions of heightened financial volatility and systemic risk.
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METHODS

The mechanism of cyclic-dynamic screening of the activities of PFMEs under wartime conditions involves the analysis of
time series statistical data and sequential observations of PFMEs activities to identify key trends in their dynamics during
both the pre-war and wartime periods, as well as to project these trends into the future. The purpose is to assess potential
trajectories, forecast performance characteristics, and develop alternative strategic pathways. The input data for the anal-
ysis consists of a time series derived from the statistical reports of the State Financial Monitoring Service of Ukraine (State
Financial Monitoring Service of Ukraine, 2024a, 2024b, 2024c), which include quarterly indicators of PFMEs activity span-
ning from the first quarter of 2011 through the third quarter of 2024. This dataset encompasses both peacetime and
wartime periods, enabling the analysis of dynamic changes over time. The research methodology is based on a sequence
of analytical procedures carried out using MS Excel tools.

The first step entails the construction of the input database using a time series of indicators—denoted as M—represent-
ing the number of financial transaction reports officially registered by the State Financial Monitoring Service. Visual pre-
liminary analysis is conducted to detect anomalies and reduce Type II errors, followed by dividing the time series into pre-
war and wartime periods.

The second step involves the decomposition of the time series. Each series component is modeled and forecasted indi-
vidually, and the final prediction is obtained through additive recombination of the individual components. This decompo-
sition into trend, seasonal, and irregular elements allows for a deeper understanding of institutional activity patterns,
detect behavioural anomalies, and identify key influencing factors. This approach provides critical insights for improving
the responsiveness of financial monitoring systems, optimizing resource allocation, and enhancing the timely detection of
suspicious transactions.

To achieve high model accuracy, the time series is decomposed using standard additive methods (Formula 1) (Kozmenko
& Kuzmenko, 2014):

M, =T, +S;+E; (1)

where M, — the level of the time series representing the number of financial transaction reports subject to financial
monitoring and registered by the State Financial Monitoring Service of Ukraine at a given point in time t; T, — the trend
component of the time series at time t; S, — the seasonal component of the time series at time t; E, — the random (or
Irregular) component of the time serfes at time t.

The decomposition of the time series into seasonal and trend components with the construction of an additive model
includes the following stages:

Step 1 — Smoothing the input data on the number of financial transaction reports subject to financial monitoring and
registered by the State Financial Monitoring Service of Ukraine using the moving average method (Formula 2) and aligning
them with actual time points through the application of the centred moving average method (Formula 3).

M= (5 M/ (2)

where M{ — the moving average, i.e., the smoothed values of the time series with the seasonal component removed; M;
— the level of the time series (the number of financial transaction reports subject to financial monitoring and registered by
the State Financial Monitoring Service of Ukraine) at time t; Y. M, — the conditional annual number of reports, calculated
as the sum of time series levels for each quarter with a one-period shift; m' — the length of the moving window (for
quarterly datam' =4).

M = X(M{_1 + M¢)/2 (3

where M{' — the centred moving average, calculated as the average of two consecutive moving averages; M{_,, M| —
consecutive moving averages; Y.(M;_, + M{)/2 — the sum of the averaged values of two consecutive moving averages.

Step 2 — Calculation of the seasonal factor, i.e., the estimates of the seasonal component of the time series (Formula 4),
and the adjusted estimates of the seasonal component (Formula 5).

S = Mt—M{’ (4)
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where S, - estimates of the seasonal component of the time series of the analyzed data on PFMEs; M, — the observed
values of the time series representing financial transaction reports submitted to and recorded by the State Financial
Monitoring Service of Ukraine at time t;

M{' — centered moving averages.

Sq=8,-kX85,=0

Sq=CZS0/aq
k=S/q
§=X8, (5)

where S, — adjusted estimates of the seasonal component of the time series represent the number of financial transaction
reports subject to financial monitoring and registered by the State Financial Monitoring Service of Ukraine, k — adjustment
coefficient for the seasonal component of the time series; S, — average estimated value of the seasonal component for
each guarter; S — overall average seasonal value of the time series; S, - estimates of the seasonal component of the time
serfes of the studied data related to PFMEs; Y. S, — the sum of average seasonal component estimates for each quarter; g
—quarters (1,2,3,4).

Step 3 — Construction of the deseasonalized time series of PFMEs activity indicators by removing the identified seasonal
component from the original time series. As a result, the resulting series will contain the trend and random components,
which can be derived mathematically from Formula 1 and expressed in Formula 6.

Mt_gt: T: + E; (6)

Step 4 - Identification of the trend component of the time series representing the activity characteristics of PFMEs, based
on analytical smoothing of the deseasonalized time series using both a linear trend and a second-degree polynomial trend.

Step 5 — Calculation of the non-random component of the time series using the additive model. This involves summing the
trend component and the corresponding quarterly seasonal components of the time series, i.e., computing the values
(S; + T,). This enables the construction of the forecast (theoretical) additive model of PFMEs activity.

The next step involves visualizing the actual and theoretical values of the time series levels for financial transaction
reports subject to financial monitoring and registered by the State Financial Monitoring Service of Ukraine, followed by an
analysis of discrepancies, fluctuations, and trends.

The final step assesses the quality of the additive model of PFMEs activity based on the coefficient of determination,
which is calculated using Formula 7.
R* = (1 (R E?/ X(M; — Mgy)?)) * 100%, @)

E=M,— (S, +T)

where R? — coefficient of determination; Y, E*> — the sum of squared residuals (random) components of the time series; M,
— actual levels of the time series (i.e., the number of financial transaction reports subject to financial monitoring and
registered by the State Financial Monitoring Service of Ukraine) at time t; M,, — mean value of the actual levels of the
time series.

RESULTS

In Step 1, a table of input data was compiled containing the activity indicators of PFMEs in terms of the number of financial
transaction reports subject to financial monitoring and registered by the State Financial Monitoring Service of Ukraine
(Table 1).
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Table 1. Input data for the analysis of PFMEs activities. Notes: M, - number of financial transaction reports subject to financial monitoring and
registered by the State Financial Monitoring Service of Ukraine. (Source: compiled by the authors based on State Financial Monitoring Service of Ukraine
(2024a, 2024b, 2024c)

year quarter t Mt year quarter t Mt
1 1 172538 1 29 2144711
2 2 274797 2 30 2266532
2011 2018
3 3 331572 3 31 2688583
4 4 300544 4 32 2870036
1 5 226475 1 33 2556759
2 24232 2 4 2 7
2012 6 325 2019 3 65399
3 7 248021 3 35 3032677
4 8 251000 4 36 3193941
1 9 217322 1 37 2913101
2 10 221249 2 38 1033787
2013 2020
3 11 258319 3 39 379338
4 12 285251 4 40 399311
1 13 235308 1 41 346609
2 14 269730 2 42 398513
2014 2021
3 15 339413 3 43 445353
4 16 443045 4 44 469460
1 17 673817 1 45 318524
2 18 956463 2 46 226757
2015 2022
3 19 1219269 3 47 308193
4 20 1507568 4 48 325927
1 21 1261927 1 49 311141
2 22 1468197 2 50 348400
2016 2023
3 23 1680106 3 51 366216
4 24 1909647 4 52 403837
1 25 1740844 1 53 377503
2017 2 26 1852430 2024 2 54 436480
3 27 2093939 3 55 488070
4 28 2326287

According to the preliminary visual analysis of the input time series (Figure 1), an anomalous decline in the sample data
is observed from Q1 2020 to Q1 2021. In 2020, a “break point of the first kind” was detected when the continuity conditions
of the function with a finite break were violated. An in-depth analysis of 2020 indicates that this period reflects the objective
development of the economic process. However, it significantly deviates from the general trend. It can be considered a
“second-order error,” which is explained by the adoption of the Law of Ukraine No. 361-IX of 06.12.2019 “On Prevention
and Counteraction to the Legalization (Laundering) of Proceeds of Crime, Financing of Terrorism and Financing of the
Proliferation of Weapons of Mass Destruction” (Verkhovna Rada of Ukraine, 2019), which introduces changes to the finan-
cial monitoring methodology, therefore, the data for 2020 - the period of adaptation to the changes, are anomalous levels.
As a result, according to the methodology proposed by the authors, the input time series was divided into 2-time series
for further analysis: the first quarter of 2011 - the fourth quarter of 2019 (period 1, pre-war period) and the first quarter
of 2021 - the third quarter of 2024 (period 2, includes the pre-war and war periods).

3500000

3000000

2500000

2000000

1500000

1000000

500000

0
1 5 9 13 17 21 25 29 33 37 41 45 49 53

Figure 1. Scatter plot of the input time series data on PFMEs activity.
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The results of Step 2 of the study present the time series decomposition into seasonal and trend components, with the
construction of an additive model.

The intermediate results of the calculations include the smoothed input indicators of the number of financial transaction
reports subject to financial monitoring and registered by the State Financial Monitoring Service of Ukraine, as well as the
estimated seasonal components of the time series for the two time periods. These results are presented in Table 2 and Ta-
ble 3.

Table 2. Results of calculations for smoothed input indicators and estimated seasonal components for period 1 (Q1 2011 — Q4 2019).
Notes: M, - number of financial transaction reports subject to financial monitoring and registered by the State Financial Monitoring Service of Ukraine; M{
— moving average; M{’ — centred moving average; S, - estimated values of the seasonal component.

t Mt Amc:::lr;t I‘::::sfour M, My s,

1 172538

2 274797 1079451 269862.75

3 331572 1133388 283347.00 276604.88 54967.13
4 300544 1100916 275229.00 279288.00 21256.00
5 226475 1017365 254341.25 264785.13 -38310.13
6 242325 967821 241955.25 248148.25 -5823.25
7 248021 958668 239667.00 240811.13 7209.88
8 251000 937592 234398.00 237032.50 13967.50
9 217322 947890 236972.50 235685.25 -18363.25
10 221249 982141 245535.25 241253.88 -20004.88
11 258319 1000127 250031.75 247783.50 10535.50
12 285251 1048608 262152.00 256091.88 29159.13
13 235308 1129702 282425.50 272288.75 -36980.75
14 269730 1287496 321874.00 302149.75 -32419.75
15 339413 1726005 431501.25 376687.63 -37274.63
16 443045 2412738 603184.50 517342.88 -74297.88
17 673817 3292594 823148.50 713166.50 -39349.50
18 956463 4357117 1089279.25 956213.88 249.13
19 1219269 4945227 1236306.75 1162793.00 56476.00
20 1507568 5456961 1364240.25 1300273.50 207294.50
21 1261927 5917798 1479449.50 1421844.88 -159917.88
22 1468197 6319877 1579969.25 1529709.38 -61512.38
23 1680106 6798794 1699698.50 1639833.88 40272.13
24 1909647 7183027 1795756.75 1747727.63 161919.38
25 1740844 7596860 1899215.00 1847485.88 -106641.88
26 1852430 8013500 2003375.00 1951295.00 -98865.00
27 2093939 8417367 2104341.75 2053858.38 40080.63
28 2326287 8831469 2207867.25 2156104.50 170182.50
29 2144711 9426113 2356528.25 2282197.75 -137486.75
30 2266532 9969862 2492465.50 2424496.88 -157964.88
31 2688583 10381910 2595477.50 2543971.50 144611.50
32 2870036 10769375 2692343.75 2643910.63 226125.38
33 2556759 11113469 2778367.25 2735355.50 -178596.50
34 2653997 11437374 2859343.50 2818855.38 -164858.38
35 3032677
36 3193941
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Table 3. Results of calculations for smoothed input indicators and estimated seasonal components for period 2 (Q1 2021 — Q3 2024).

t o | e | " .

1 346609

2 398513 1659935 414983.75

3 445353 1631850 407962.50 411473.13 33879.88
4 469460 1460094 365023.50 386493.00 82967.00
5 318524 1322934 330733.50 347878.50 -29354.50
6 226757 1179401 294850.25 312791.88 -86034.88
7 308193 1172018 293004.50 293927.38 14265.63
8 325927 1293661 323415.25 308209.88 17717.13
9 311141 1351684 337921.00 330668.13 -19527.13
10 348400 1429594 357398.50 347659.75 740.25
1 366216 1495956 373989.00 365693.75 522.25
12 403837 1584036 396009.00 384999.00 18838.00
13 377503 1705890 426472.50 411240.75 -33737.75
14 436480

15 488070

The intermediate results of the calculation of the adjusted estimates of the seasonal component of the time series related
to PFMEs activity are presented in Table 4 and Table 5.

Table 4. Results of calculations for adjusted estimates of the seasonal component for period 1 (Q1 2011 — Q4 2019). Notes: S, - estimated
values of the seasonal component of the time series based on the analyzed PFMEs data; Y S, — sum of the average seasonal component estimates for
each quarter; q — quarters (1,2,3,4); S, — average estimated value of the seasonal component for each quarter; S — overall average seasonal value of the

time series; k — adjustment coefficient for the seasonal component of the time series; §q — adjusted estimates of the seasonal component of the time

series.
Year Quarter
1 2 3 4
2011 54967.13 21256.00
2012 -38310.13 -5823.25 7209.88 13967.50
2013 -18363.25 -20004.88 10535.50 29159.13
St 2014 -36980.75 -32419.75 -37274.63 -74297.88
2015 -39349.50 249.13 56476.00 207294.50
2016 -159917.88 -61512.38 40272.13 161919.38
2017 -106641.88 -98865.00 40080.63 170182.50
2018 -137486.75 -157964.88 144611.50 226125.38
2019 -178596.50 -164858.38
Z St -715646.63 -541199.38 316878.13 755606.50
Sq -89455.83 -67649.92 39609.77 94450.81
S -23045.17
k -5761.29
S, -83694.54 -61888.63 ‘ 45371.06 100212.11
s, 0.00

The seasonal components for the first, pre-war, study period related to PFMEs activity show a quarterly upward trend and
are as follows: —83694,54 units for the first quarter, -61888,63 units for the second quarter, 45371,06 units for the third
quarter, and 100212,11 units for the fourth quarter.
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Table 5. Results of calculations for adjusted estimates of the seasonal component for period 2 (Q1 2021 — Q3 2024). Notes: S, - estimated
values of the seasonal component of the time series based on the analyzed PFMEs data; Y; S, — sum of the average seasonal component estimates for
each quarter; g — quarters (1,2,3,4); S, — average estimated value of the seasonal component for each quarter; S — overall average seasonal value of the
time series; k — adjustment coefficient for the seasonal component of the time series; S, — adjusted estimates of the seasonal component of the time
series.

Year Quarter
1 2 3 4
s 2021 33879.88 82967.00
t
2022 -29354.50 -86034.88 14265.63 17717.13
2023 -19527.13 740.25 522.25 18838.00
2024 -33737.75
Z Sy -82619.38 -85294.63 48667.75 119522.13
_q -27539.79 -42647.31 16222.58 39840.71
S -14123.81
k -3530.95
S, -24008.84 -39116.36 19753.54 43371.66
D5 0.00

The seasonal components for the second period, which also reflects wartime statistical data, differ from those of the first
period in relation to the time series of PFMEs activity. The values are as follows: —24008,84 units for the first quarter,
decreasing further to —39116,36 units in the second quarter, followed by an increase to 19753,54 and 43371,66 units in
the third and fourth quarters, respectively.

The deseasonalized time series of the number of financial transaction reports subject to financial monitoring and registered
by the State Financial Monitoring Service of Ukraine—under both pre-war and wartime conditions—along with the linear
regression equation (for Period 1), the second-degree polynomial equation (for Period 2, reflecting wartime dynamics),
and the computed trend component of PFMEs activity are presented in Tables 6 and 7, and in Figures 2 and 3.

Table 6. Results of deseasonalized time series construction and trend analysis of PFMEs for period 1. Notes: S, — adjusted estimates of the
seasonal component of the time series; Mt-St=Tt+Et — deseasonalized time series; T, — trend component of the time series.

t Mt St Mt-St=Tt+Et Tt

1 172538 -83694.54 256232.54 -359935.00
2 274797 -61888.63 336685.63 -268868.00
3 331572 45371.06 286200.94 -177801.00
4 300544 100212.11 200331.89 -86734.00
5 226475 -83694.54 310169.54 4333.00
6 242325 -61888.63 304213.63 95400.00
7 248021 45371.06 202649.94 186467.00
8 251000 100212.11 150787.89 277534.00
9 217322 -83694.54 301016.54 368601.00
10 221249 -61888.63 283137.63 459668.00
11 258319 45371.06 212947.94 550735.00
12 285251 100212.11 185038.89 641802.00
13 235308 -83694.54 319002.54 732869.00
14 269730 -61888.63 331618.63 823936.00
15 339413 45371.06 294041.94 915003.00
16 443045 100212.11 342832.89 1006070.00
17 673817 -83694.54 757511.54 1097137.00
18 956463 -61888.63 1018351.63 1188204.00
19 1219269 45371.06 1173897.94 1279271.00
20 1507568 100212.11 1407355.89 1370338.00
21 1261927 -83694.54 1345621.54 1461405.00

(continued on next page)
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Table 6. Continued.

t Mt St Mt-St=Tt+Et Tt
22 1468197 -61888.63 1530085.63 1552472.00
23 1680106 45371.06 1634734.94 1643539.00
24 1909647 100212.11 1809434.89 1734606.00
25 1740844 -83694.54 1824538.54 1825673.00
26 1852430 -61888.63 1914318.63 1916740.00
27 2093939 45371.06 2048567.94 2007807.00
28 2326287 100212.11 2226074.89 2098874.00
29 2144711 -83694.54 2228405.54 2189941.00
30 2266532 -61888.63 2328420.63 2281008.00
31 2688583 45371.06 2643211.94 2372075.00
32 2870036 100212.11 2769823.89 2463142.00
33 2556759 -83694.54 2640453.54 2554209.00
34 2653997 -61888.63 2715885.63 2645276.00
35 3032677 45371.06 2987305.94 2736343.00
36 3193941 100212.11 3093728.89 2827410.00
3500000
3000000
2500000
2000000
1500000
1000000
500000
0 .
500000 27 5 9 13 17 21 25 29 33
-1000000 . -
—@— Mt-St=Tt+Et  +e++e+ee Linear (Mt-St=Tt+Et)

Figure 2. Linear regression construction (period 1) for the formation of the trend component of PFMEs activity.

The linear regression equation for the trend component of the time series of PFMEs activity during the period from Q1
2011 to Q4 2019 is presented in Formula 7. The coefficient of determination R2=0,9069 indicates a high level of model

quality.

y = —451002 + 91067 * x

™)

Table 7. Results of deseasonalized time series construction and trend analysis of PFMEs for period 2. Notes: S, — adjusted estimates of the
seasonal component of the time series; Mt-St=Tt+Et — deseasonalized time series; T, — trend component of the time series.

t Mt St Mt-St=Tt+Et Tt

1 346609 -24008.84 370617.84 440904.60
2 398513 -39116.36 437629.36 406423.40
3 445353 19753.54 425599.46 377703.40
4 469460 43371.66 426088.34 354744.60
5 318524 -24008.84 342532.84 337547.00
6 226757 -39116.36 265873.36 326110.60
7 308193 19753.54 288439.46 320435.40
8 325927 43371.66 282555.34 320521.40
9 311141 -24008.84 335149.84 326368.60
10 348400 -39116.36 387516.36 337977.00
11 366216 19753.54 346462.46 355346.60
12 403837 43371.66 360465.34 378477.40
13 377503 -24008.84 401511.84 407369.40
14 436480 -39116.36 475596.36 442022.60
15 488070 19753.54 468316.46 482437.00
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Figure 3. Construction of a second-degree polynomial equation (period 2, reflecting wartime conditions) for the formation of the trend
component of PFMEs activity.

The second-degree polynomial equation for the trend component of the time series of PFMEs activity during the period
from Q1 2021 to Q3 2024 is presented in Formula 8. The coefficient of determination R2=0,6075 indicates an acceptable
level of model quality.

y = 481147 — 43123 * x + 2880,6 * x2 (8)
The forecast (theoretical) time series of the number of financial transaction reports subject to financial monitoring and

registered by the State Financial Monitoring Service of Ukraine, constructed using the additive model for two time periods
of PFMEs activity, is presented in Tables 8 and 9.

Table 8. Forecast (theoretical) time series of PFMEs activity based on the additive model for period 1 (Q1 2011 — Q4 2019). Notes: S, + T,
— non-random component of the time series of PFMEs activity based on the additive model.

t St Tt St+Tt t St Tt St+Tt

1 -83695 -359935 -443629.54 19 45371.1 1279271 1324642
2 -61889 -268868 -330756.63 20 100212 1370338 1470550
3 45371.1 -177801 -132429.94 21 -83695 1461405 1377710
4 100212 -86734 13478.1055 22 -61889 1552472 1490583
5 -83695 4333 -79361.535 23 45371.1 1643539 1688910
6 -61889 95400 33511.3711 24 100212 1734606 1834818
7 45371.1 186467 231838.059 25 -83695 1825673 1741978
8 100212 277534 377746.105 26 -61889 1916740 1854851
9 -83695 368601 284906.465 27 45371.1 2007807 2053178
10 -61889 459668 397779.371 28 100212 2098874 2199086
11 45371.1 550735 596106.059 29 -83695 2189941 2106246
12 100212 641802 742014.105 30 -61889 2281008 2219119
13 -83695 732869 649174.465 31 45371.1 2372075 2417446
14 -61889 823936 762047.371 32 100212 2463142 2563354
15 45371.1 915003 960374.059 33 -83695 2554209 2470514
16 100212 1006070 1106282.11 34 -61889 2645276 2583387
17 -83695 1097137 1013442.46 35 45371.1 2736343 2781714
18 -61889 1188204 1126315.37 36 100212 2827410 2927622
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Thus, for the first study period, which covers the pre-war conditions, the model can be expressed as follows (Formula 9):
y = —451002 + 91067 *x + § 9)

where —451002 + 91067 * x — is the trend component, S — is the seasonal component.

Table 9. Forecast (theoretical) time series of PFMEs activity based on the additive model for period 2 (Q1 2021 — Q3 2024). Notes: S + T,
— non-random component of the time series of PFMEs activity based on the additive model.

t St Tt St+Tt t St Tt St+Tt
1 -24009 440905 416896 9 -24009 326369 302360
2 -39116 406423 367307 10 -39116 337977 298861
3 19753.5 377703 397457 11 19753.5 355347 375100
4 43371.7 354745 398116 12 43371.7 378477 421849
5 -24009 337547 313538 13 -24009 407369 383361
6 -39116 326111 286994 14 -39116 442023 402906
7 19753.5 320435 340189 15 19753.5 482437 502191
8 43371.7 320521 363893

Accordingly, for the second study period, which includes both pre-war and wartime conditions, the model can be expressed
as follows (Formula 10):

y =481147 — 43123 *x + 2880,6 xx2 + S (10)

where 481147 — 43123 = x + 2880,6 = x> — [s the trend component, and S — is the seasonal component.

The next step involves the graphical visualization of the actual and theoretical time series levels, obtained using the additive
model, for financial transaction reports subject to financial monitoring and registered by the State Financial Monitoring
Service of Ukraine. These visualizations cover pre-war and wartime periods (Figures 4, 5).
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3000000
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2000000

1500000

1000000

500000

-500000

-1000000

—— Mt —@®—St+Tt

Figure 4. Graphs of actual and theoretical time series levels obtained using the additive model for PFMEs activity in the first (pre-war)
period. Notes: M, — actual number of financial transaction reports subject to financial monitoring and registered by the State Financial Monitoring Service
of Ukraine; S, + T, — theoretical (forecasted) number of financial transaction reports subject to financial monitoring and registered by the State Financial
Monitoring Service of Ukraine, based on the additive model.
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In the first, pre-war period, the actual number of financial transaction reports increased over time (from 172538 reports
in Q1 2011 to 3193941 reports in Q4 2019), indicating a rise in PFMEs activity, as well as improvements in the registration
and monitoring of such transactions. Theoretical (forecasted) values exhibit fluctuations: in the early periods, they are
negative, but they increase over time, reflecting a projected growth in PFMEs activity. Notable discrepancies are also
observed: for most periods, the actual number of reports is lower than the theoretical estimate; however, beginning in Q4
2016, the actual values exceed the forecasted ones (e.g., 1909647 actual reports vs. 1834818 forecasted). The theoretical
and actual time series analysis reveals a sustained upward trend with a widening gap between the two. Both series reflect
increasing activity, which indicates the improving effectiveness of financial monitoring processes and the growing volume
of financial flows. In the most recent periods, the difference between actual and forecasted values has narrowed, confirm-
ing the improved accuracy of the predictive model and suggesting that financial transactions are becoming more transpar-
ent and predictable.
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400000 / 4 /\/ /
300000 s - : /

200000
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1 5 9 13
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Figure 5. Graphs of actual and theoretical time series levels obtained using the additive model for PFMEs activity during the second
(pre-war and wartime) periods. Notes: M, — actual number of financial transaction reports subject to financial monitoring and registered by the State
Financial Monitoring Service of Ukraine; S, + T, — theoretical (forecasted) number of financial transaction reports subject to financial monitoring and regis-

tered by the State Financial Monitoring Service of Ukraine, based on the additive model.

In the second period, which includes both pre-war and wartime conditions, the actual number of financial transaction
reports fluctuated over time—ranging from a minimum of 226757 reports in Q2 2022 to a maximum of 488070 reports in
Q3 2024—indicating increased PFMEs activity. The theoretical (forecasted) number of reports also exhibited similar fluc-
tuations, with a minimum of 286994 reports in Q2 2022 and a maximum of 502191 reports in Q3 2024. Several key
patterns can be observed: during the initial phase (Q2 2021 to Q1 2022), the actual values most exceeded the theoretical
ones, reflecting positive momentum. In the middle of the period (Q2 2022 to Q2 2023), actual values were generally lower
than the forecasts. Starting from Q2 2023, actual levels more frequently began to surpass the theoretical ones again. The
analysis of the actual and forecasted time series revealed a pattern of positive dynamics with a temporary fluctuation in
the middle of the period. The growth in actual figures indicates heightened financial activity, while the mid-period gap—
where actual values occasionally fall below projections—may reflect the influence of economic and regulatory changes.

The final step presents the evaluation of the quality of the additive model of PFMEs activity based on the coefficient of
determination (Tables 10, 11).

222 DOI: 10.55643/fcaptp.3.62.2025.4809


https://fkd.net.ua/
https://www.fta.org.ua/

FINANCIAL AND CREDIT ACTIVITY: PROBLEMS OF THEORY AND PRACTICE
Volume 3 (62), 2025

Table 10. Evaluation of the quality of the additive model of PFMEs Activity for period 1. Notes: R? — coefficient of determination; E? — squared
values of the random components of the time series; M, — actual levels of the time series (i.e., the number of financial transaction reports subject to fi-
nancial monitoring and registered by the State Financial Monitoring Service of Ukraine) at time t; M,, — average value of the actual time series levels.

t Mt (Mt-Mav)2 Et=Mt-(St+Tt) (Et)2
1 172538 1.13E+12 616168 3.8E+11
2 274797 9.2E+11 605554 3.67E+11
3 331572 8.14E+11 464002 2.15E+11
4 300544 8.71E+11 287066 8.24E+10
5 226475 1.01E+12 305837 9.35E+10
6 242325 9.83E+11 208814 4.36E+10
7 248021 9.72E+11 16182.9 2.62E+08
8 251000 9.66E+11 -126746 1.61E+10
9 217322 1.03E+12 -67584 4.57E+09
10 221249 1.03E+12 -176530 3.12E+10
11 258319 9.51E+11 -337787 1.14E+11
12 285251 9E+11 -456763 2.09E+11
13 235308 9.97E+11 -413866 1.71E+11
14 269730 9.29E+11 -492317 2.42E+11
15 339413 8E+11 -620961 3.86E+11
16 443045 6.25E+11 -663237 4.4E+11
17 673817 3.14E+11 -339625 1.15E+11
18 956463 7.69E+10 -169852 2.88E+10
19 1219269 2.09E+08 -105373 1.11E+10
20 1507568 7.5E+10 37017.9 1.37E+09
21 1261927 7.95E+08 -115783 1.34E+10
22 1468197 5.5E+10 -22386 5.01E+08
23 1680106 1.99E+11 -8804.1 77511448
24 1909647 4.57E+11 74828.9 5.6E+09
25 1740844 2.57E+11 -1134.5 1287010
26 1852430 3.83E+11 -2421.4 5863038
27 2093939 7.4E+11 40760.9 1.66E+09
28 2326287 1.19E+12 127201 1.62E+10
29 2144711 8.3E+11 38464.5 1.48E+09
30 2266532 1.07E+12 47412.6 2.25E+09
31 2688583 2.12E+12 271137 7.35E+10
32 2870036 2.68E+12 306682 9.41E+10
33 2556759 1.75E+12 86244.5 7.44E+09
34 2653997 2.02E+12 70609.6 4.99E+09
35 3032677 3.24E+12 250963 6.3E+10
36 3193941 3.84E+12 266319 7.09E+10
Sum 3.62E+13 Sum 3.31E+12
Mav 1233740 R2 90.86844
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In the first period, the coefficient of determination is 90.87%, indicating a high-quality model. The additive model explains
90.87% of the total variation in the input time series levels of financial transaction reports subject to financial monitoring
and registered by the State Financial Monitoring Service of Ukraine.

Table 11. Evaluation of the quality of the additive model of PFMEs activity for period 2. Notes: R? — coefficient of determination; E? — squared
values of the random components of the time series; M, — actual levels of the time series (i.e., the number of financial transaction reports subject to fi-
nancial monitoring and registered by the State Financial Monitoring Service of Ukraine) at time t; M,, — average value of the actual time series levels.

t Mt (Mt-Mav)?2 Et=Mt-St-Tt (Et)?
1 346609 614537489.4 -70287 4940228836
2 398513 735176226.4 31206 973811900.5
3 445353 5469213837 47896.1 2294032903
4 469460 9615985871 71343.7 5089929029
5 318524 2795751525 4985.84 24858585.96
6 226757 20921269593 -60237 3628525158
7 308193 3994981581 -31996 1023739950
8 325927 2067690658 -37966 1441421823
9 311141 3631010495 8781.24 77110150.33
10 348400 528947868 49539.4 2454148127
11 366216 26862106.88 -8884.1 78927880.61
12 403837 1052232494 -18012 324434358
13 377503 37260443.75 -5857.6 34311026.24
14 436480 4235553916 33573.8 1127197319
15 488070 13612153353 -14121 199389549.9
Sum 69338627458 Sum 23712066596
Mav 371399 R2 65.80251518

In the second period, the coefficient of determination is 65.80%, indicating an acceptable level of model quality. The
additive model explains 65.80% of the total variation in the input time series levels of financial transaction reports subject
to financial monitoring and registered by the State Financial Monitoring Service of Ukraine.

DISCUSSION

The study's results confirm the relevance of using an additive model with time series decomposition to assess the activity
of PFMEs under instability caused by war. The division of the analysis into pre-war and wartime periods made it possible
to better account for structural shifts in Ukraine’s financial environment. Similar methodological approaches have been
used in international research, particularly in studies examining changes in financial behaviour during pandemics or political
crises (Denman et al., 2023; Tertychnyi et al., 2022).

The high coefficient of determination obtained for the first period (R2 = 90.87%) demonstrates the constructed model's
quality and ability to adequately reflect trends in PFMEs activity in a stable regulatory environment. This level of accuracy
confirms the reliability of traditional trend analysis models in forecasting under conditions of relative macroeconomic sta-
bility. These findings are consistent with the conclusions of Morris (2020) and Kozmenko & Kuzmenko (2014), who em-
phasize the effectiveness of linear models in identifying fundamental trends in controlled environments.

In contrast, during the second period (covering both pre-war and wartime conditions), the coefficient of determination
decreased to 65.80%, indicating an acceptable but lower level of model precision under high volatility. This decline can be
attributed to external shocks, such as the imposition of new sanctions, adaptation of financial institutions to updated
regulatory frameworks, shifts in client behaviour, and the rise of cyber threats. Notably, Financial Crimes Enforcement
Network (2023) and Hock & Quenivet (2024) highlight that sanction-evasion schemes become more prevalent during
armed conflicts, complicating the identification of typical transaction patterns.
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The shift in seasonal fluctuations observed in the second period compared to the first indicates a transformation in financial
dynamics. The reduction in negative seasonal effects in the first two quarters and the increase in the third and fourth
quarters may result from PFMEs adjusting to reporting regime changes, an expansion in the scope of reporting entities, or
seasonal intensification of fraudulent activities during martial law. This hypothesis aligns with the position of Turksen et
al. (2024), who stress the need for dynamic adaptation of control tools to real-time changes.

The visual interpretation of discrepancies between actual and theoretical levels also supports the assumption of cyclical
and adaptive behaviour among PFMEs. The observed increase in model accuracy toward the end of each period suggests
potential for further model refinement. This could involve integrating classical additive models with advanced machine
learning and network analysis tools, as proposed by Lu & Wang (2024) and Oztas et al. (2024).

Therefore, the findings of this study contribute to the broader scientific discussion on the effectiveness of financial moni-
toring during crisis periods. The proposed cyclic-dynamic screening mechanism is a relevant practical tool for detecting
irregularities and risk signals. However, the limitations of the applied methodology—such as the limited number of variables
and the focus solely on quantitative indicators without accounting for the quality or content of the reports—require further
scholarly consideration.

Future research should focus on integrating qualitative characteristics of suspicious transaction reports and developing
hybrid models utilizing ML/AI for real-time risk analysis.

CONCLUSIONS

The study results confirm the effectiveness of the developed cyclic-dynamic screening mechanism for the activities of
primary financial monitoring entities under wartime conditions. The constructed additive models of time series decompo-
sition for two distinct periods — pre-war and wartime — demonstrated that cyclic behavioural patterns and structural shifts
in financial monitoring dynamics can be effectively captured and forecasted despite increased environmental volatility. A
high level of predictive accuracy during the pre-war period (R2 = 90.87%) and an acceptable accuracy during the wartime
period (R2 = 65.80%) validate the relevance of this approach for enhancing risk detection capabilities under crisis condi-
tions.

The time series decomposition into trend and seasonal components allowed for identifying critical points of fluctuation and
adaptation in financial monitoring activities, reflecting changes in client behaviour and institutional responsiveness to reg-
ulatory reforms and external shocks. The results showed a substantial shift in seasonal dynamics during wartime, with a
reduced negative impact in the year's first half. They intensified financial activity in the second half, indicating adaptive
responses of primary financial monitoring entities to emerging risks.

The theoretical models revealed consistent upward trends in the volume of suspicious financial transaction reports. They
highlighted periods of underperformance and overperformance relative to the projected levels, providing a basis for tar-
geted analytical interventions. The findings suggest that dynamic screening mechanisms, based on statistical and cyclic
sensitivity, significantly enhance the responsiveness and precision of financial monitoring systems in detecting atypical
transaction behaviours under conditions of systemic instability.

Future research should focus on expanding the methodological framework by integrating qualitative indicators of suspicious
activity reports, applying machine learning and graph-based network analytics, and developing hybrid screening models
that combine statistical rigour with adaptive learning capabilities. Additionally, special attention should be given to ensuring
the regulatory explainability and trustworthiness of advanced analytical models to support their practical implementation
within national financial monitoring systems during and after periods of conflict.
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Kpasunk 4., 3apyuska O., 3axapkira /1., Kpiwkosa [1., Bakynbank O., fouyeHko T.

MEXAHI3M UWMKNIYHO-AUHAMIYHOIO CKPUHIHIY AIAJIbHOCTI CYB'EKTIB NEPBUHHOIO
®IHAHCOBOIO MOHITOPUHIY B YMOBAX BINHMU

MeTol AOCNIMKEHHS € PO3pOBAEHHS MEXaHI3MY LMKNIYHO-AMHAMIYHOMO CKPUHIHMY AisSfIbHOCTI Cy6'exTiB nepBuHHOrO oi-
HaHCOBOro MOHITOpUHry (CM®M) B yMOBaXx BiliHW, 3aCTOCYBaHHSI IKOrO AO3BOJISIE BUSIBNISITU HETUMOBI MOBEAIHKOBI NaTe-
PHUW, MIABAWMTY aAaNTUBHICTb A0 LWBMAKO3MIHHMX PU3MKIB | CNPUSITU NIABULLEHHIO SIKOCTi BUSIBNIEHHS (PiHAHCOBUX NpaBo-
nopyweHb. OCHOBHI pe3ynbTaTtu. Y gocnigpkeHHi nobyaoBaHO aaMTMBHI MOAENi YacoBUX PSAIB AN ABOX OKPEMUX NEPIOAiB:
poBoeHHOoro (2011-2019) Ta nepioay, WO BK/OYAE BOEHHI ymMoBM (2021-2024). 3aCTOCOBAHO METOAMN 3rNaKyBaHHS, Ae-
KOMMO3ULii YaCOBUX psafiB, pO3paxyHKY CE30HHMX CKNAA0BMX Ta aHaNiTUYHOMO BUPIBHIOBaHHS TpeHAiB. Y nepluoMy nepiogi
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®IHAHCOBO-KPEAUTHA AIAMbHICTb: MPOBSIEMW TEOPIT TA MPAKTUKM
Tom 3 (62), 2025

mMozaenb 3abe3neumnna BUCOKY TOUHICTb (koedilieHT aeTepmiHauii 90,87%), BoaHOYaC y ApyroMy nepioai — NpUNRHSTHUNA
piBeHb TOYHOCTI (65,80%), Wo 06yMOBNEHO NiABMLLEHOK BONATUMBHICTIO Y (DiHAHCOBOMY CepefoBULLI.

OCHOBHI BMCHOBKW. Pe3ynbTaTi JOCNIMKEHHS NiAKPECIOTb BAX/MBICTb aHanisy KONMBaHb i TPeHAIB AN CBOEYACHOro
BUSIB/IEHHS MNifo3pinux (iHaHCOBMX TpaH3aKLUil, a TakoxX MiaBULLEHHS echeKTUBHOCTI npoueayp NepBUHHOroO iHAaHCOBOro
MOHITOPMHIY B YMOBAX BilHW. 3anpOnOHOBaHMWI MEXaHI3M A03BOJISIE HE SIMLLE NiABULIMTY TOUYHICTb BUSIBNIEHHS! aHOMaJTbHUX
oriepaLiit i afanTUBHO pearyBaTV Ha puU3WKW, a U MIACUAUTY MOHITOPUHI OBiry KOWTIB i KOHTPO/b 3a HUM. MpakTUYHe
BMNPOBaPKEHHS LLiEl METOAMKM CnpusiTMe 3abe3neyeHHio HauioHanbHOI hiHaHCOBOI CTabinbHOCTI Ta 6e3neku, Wo € Kpu-
TUYHO BaXXIMBUM Ans NiATPUMAHHSA LiNICHOCTI (PiHaHCOBOI CUCTEMW AepXXaBu B YMOBaX BOEHHOrO 4vacy.

KnrouoBi cnoBa: iHaHCOBUIA MOHITOPUHI, BOEHHA EKOHOMIKa, CY6'EKTM NEPBMHHOMO (hiHaHCOBOro MOHITOpUHrYy (CMOM),
nifao3pini TpaH3akwii, UMKNIYHO-ANHAMIYHWUIA CKPUHIHT, aHani3 YyacoBux paaiB, diHaHcoBa 6e3neka

JEL Knacudikauis: G28, G18, C22, H56
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