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For automating decision-making systems, we need models that learn
from complex and dynamic macroeconomic factors. In this research, we
propose a hybrid forecasting framework, Bayes-Sarimax. This method
incorporates forecasts of dynamic time series probabili-ties. The aim is
to improve credit risk assessment accuracy and increase explainability.
The model includes linear dependencies between loan defaults and
macroeconomic factors. These factors include inflation, general citizen
income, salaries, rising GDP, and the relationship between private loans
and GDP.

The model was learned and validated using real macroeconomic data.
This data origi-nated from a bank portfolio and encompassed both
national and international sources. To rate macroeconomic stress due to
loan defaults, we used lagged correlations, causal dependency, and
impulse reactions. Bayesian layers improve the quality of models on
limited data. They include a priori distributions and quantify
uncertainty. Sarimax adds explainable time dynamics.

Experimental results show the hybrid model outperforms classical
SARIMAX and au-tonomous Bayesian models. It does better in both
forecasting accuracy and clarity of decision support. This environment
provides more reliable automation of cred-it-related decisions in
intelligent control systems. It supports the development of adap-tive,
data-driven financial control systems.
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daicTi i3geaix. bya egic guMHaMMKaABIK yaKbIT KaTapAapbIHBIH
BIKTMIMaAABIKTapBIHBIH 00/AKaMAapbIH OipikTipesi. MakcaT — Hecneaik
TayeKkeaAi OaraaayablH 49AAITH apTTHIPY >KoHe TYCiHIKTiAiriH apTThIPY.
Mogeasp Hecue AedoATTapbl MeH MaKpO®KOHOMUKAABIK (axropaap
apacBIHAAFBl CBISBIKTHIK ToyeaAaidikTi KaMTmawl. Bya ¢akropaapra
MHQAAINA, a3aMaTTapABIH >KaAIbl TaOBICH, >kaaakel, JKIO ecyi sxene
>Keke Hecreaep MeH JKIO apacslHAaFbI KaThIHAC SKaTajbl.

Mogeab HakThl MaKpPOSKOHOMMUKAABIK AepeKTep apKblabl 3epTreadi
JKoHe pacTaadbl. bya Aepekrep OaHK mopTdesiHeH aAblHFaH >KoHe
YATTHIK J>K9He XaABIKapaablk Kesjepai KamTmawl. Hecwme Oovipinia
AedoaTka HaitaaHBICTEl MaKPOYKOHOMMKAABIK KYTi3eAicTi 6araay yImiH
0i3 KelIikTipiareH KoppeasmusaapAbl, ceOelTiK ToyeaAiaikTi >KoHe
VMITyABCTIK peaKImsaAapAbl KoAAaHABIK. Baiiec xabaTTapsr Imexreyai
AepeKTepJeri yAaridepaiH camachlH >KakcapTagbl. Ozap ampuOpABIK
yAecTipyai KaMTHABL >KoHe OeAarici3gikTi —aHbIKTaligbl.  Sarimax
TYCiHAIpiA€eTiH yaKbIT AMHAMUKACBIH KOCaABbI.

DKCIIepMMEeHT HOTIDKeAepi rmOpuaTi yAriHiH kaaccukaablk, SARIMAX
>KoHe ayToHOMAbl bBaiiec yarisepinen acein TyceTiHiH kepceteai. Oa
Ooaxay J4dagiriHae ge, mlemiMAepAi KOAAayAblH aHBIKTBIFBIHAA Ad
JKaKCchIpaK >KYMBIC icreiigi. Bya opra wuHTeasextyaaspl Oackapy
Xylleaepinae KpeAuTKe KaTBICTBI mIemiMAaepai ceHiMAipeK
aBTOMaTTaHABIPYABl KaMTaMachl3 eTteai. Oa Oertimgearim, Aepekrepre
HeTizgeAreH Kap>KblAbIK Oakblaay KyliedepiHiH 4aMybIH KOAJaiAbL.

Karouessie caoBa:

AHHOTAILIVIS
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SARIMAX;
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Aast aBTOMaTM3aLMM CUCTeM MPUHATUSA peIleHUII HeoOXOAUMBI
Mogeayu, oOydaioliyMecs Ha OCHOBE CAOXHBIX M AMHaMMYECKMX
MaKpOSKOHOMIYeCKUX (PaKTOpPOoB. B 4zaHHOM 11ccAe40BaHNM MBI MICKAAN
rubpuaneiii - Metos, baiteca-Capumakc. DTOT MeToJ — BKAIOYaeT
IIPOTHO3MpPOBaHNe BePOITHOCTEN AMHAMUYECKMX BPEeMEHHBIX Ps40B.
Ileapio siBAsIeTCs MOBBIIIIEHNE TOYHOCTU OLIEHKU KPeAUTHOIO pUCKa U
TIOBBIIIIEHNe  OOBACHUMOCTH.  MoJeAb  yIUTBIBaeT  AVMHENHEBIE
3aBUCUMOCTU MeXAy Aedpoatamu o KpeauTam 178
MakposKoHoMmueckuMy ¢axropamu. K Takmm ¢akTopaM OTHOCATCS
nHQASIINS, OOIINII A0X04 I'pakAaH, 3apaboTHas IaaTa, poct BBII u
B3alIMOCBSI3b MEKAY YaCTHBIMU KpeauTtamu u BBIT.

Mogean Oblaa oOyueHa 1 BaAUAMPOBaHA C MCIIOAB30BAHIEM PeaabHBIX
MaKpODKOHOMMYECKMX JAHHBIX. DTN JaHHBe OBIAM TIOAYYeHBI U3
6GaHKOBCKOTO ToOpTdeas M OXBaThiBaAM KaK HaIlMOHaJbHBIE, TaK U
MeXAyHapOAHble VICTOYHUKN. AAd OIEHKM MaKpOSKOHOMIYECKOTO
cTpecca, BBI3BAHHOTO JdepoATaMM IO KpeAuTaM, MBI MUCIIOAb30BaAU
AaroBple  KOppeAslnuy, IPWIMHHO-CAeACTBEHHBIE 3aBUCUMOCTU U
VUMIIyAbCHBIE ~peakimi. baliecoBckme caom yAydmamoT —KadecTBO
MoOJeJell Ha OIpaHMYeHHBIX AaHHBIX. OHM BKAIOYAIOT alpUOpPHBIE
pacnpejeseHnss M KOAMIECTBEHHO OLIEHMBAIOT HeOIIpee]eHHOCTb.
Capumakc g06aBasieT OOBACHIMYIO BpeMeHHYIO AMTHAMUKY.
DKcrepuMeHTaAbHbIe pe3yAbTaThl HOKA3bIBAIOT, YTO IMOpUAHAs MOJeab
MIPeBOCXOAUT KaAaccumdeckylo Mogeab SARIMAX m  aBTOHOMHBIE
Oaitecobckme MoJean. OHa IOBBIIIAET TOYHOCTL ITPOTHO3UPOBAHMS U
MIPO3PavyHOCTh  TOAAEP>XKKM IPUHATUA — pelneHuii. DTa  cpeja
obecrieunBaeT 001ee Haje KHYIO aBTOMaTU3AIIUIO PeIlleHN i, CBs3aHHBIX
C KpeAuTOBaHMEM, B MHTeAAeKTyaAbHBIX CUCTeMax ynpabaeHus. OHa
rojJep>KMBaeT  pa3paboOTKy adallTUBHEIX —CHCTeM  (PUHAHCOBOTO
KOHTPOAS Ha OCHOBE JaHHBIX.
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INTRODUCTION

Developing the intelligent control system has become a key direction in science, modern
technology, and data control. Increasing the complexity of social, economic, and technical
systems necessitates an automated decision-making process that can adapt to rapidly changing
conditions. In the financial sector, this problem is particularly evident in the area of credit risk
management, where decisions must take into account uncertainty, macroeconomic shocks, and
delayed feedback between internal and external factors. The main component of digital
transformation is an intellectual system of forecasting that has the ability to explain those
relations and support automated decision-making.

Traditional time-series models, such as seasonal autoregressive integrated moving average
with exogenous factors (SARIMAX), are widely used for explaining and forecasting complex time
dynamics. The time series models demonstrated very good accuracy in different spheres,
including energy consumption(Kachhalla et al, 2025), demand for tourism (Lee, 2025),
monitoring temperature and environment(Shah et al, 2024), and short-term market
forecasting(Banas & Utnik-Banas$, 2021). Sarimax effectively includes exogenous variables, which
makes it suitable for modelling macroeconomic relations. However, this classical time-series
model's rate suggests constant parameters and can not probabilistically change the character of
the economic process. As a result, we can see the weak side of Sarimax, which is not reliable
enough for automated decision-making.

The scientific novelty of this research lies in integrating Bayesian probabilistic reasoning
into the structure of SARIMAX, thereby providing explainability and including an undefined
forecast within the range of intellectual control. The resulting model not only provides forecasts
but also presents information about changes in macroeconomic shocks. In practice, the model
would be realized in a composition of an automated module supporting intellectual system
control in a bank's risk management system, which involves dynamically adjusting loan
strategies in volatile economic conditions. The results have a significant impact on a wide range
of intellectual control, due to the expansion of the methodological base, in line with Kazakhstan's
national priority for digital economics and the global trend of explainable artificial intelligence in
the economic system.

MATERIALS AND METHODS

The proposed hybrid, known as the Bayes-Sarimax method, incorporates econometric
modeling with Bayesian probability learning to facilitate automated decision-making based on
forecast results within an intelligent control system. The working process of the model was
explained in Figure 1, which illustrates the integration of Sarimax time-series forecasting and
Bayesian a posteriori updating into an intelligent control loop.

Macroeconomic SARIMAX Bayesian

Inputs Fe L ay X
(CPI, Income, Wage, GDP) S Inference & Uncertainty Update

Decision Automation
(Control Module)

L J

Figure 1. Conceptual structure of the hybrid: Bayesian-SARIMAX model integrated
into an intelligent control system



@ EKTU JOURNAL OF 1-tom, 3-Hemip, KeIpKYyIiek, 2026.
INFORMATION AND
COMMUNICATION SCIENCES -194 - Tom 1, Ne 3, cents0pn 2026.

Vol.1, Issue 3, September 2026.

In this scheme, the data stream is illustrated: macroeconomic internal data, which is sent
to SARIMAX layers, then to Bayesian output and updating, and ultimately to automated decision
making.

Sarimax forecast model

The Sarimax model includes linear dynamics like seasonal effects between loan defaults
and exogenous macroeconomic indicators.

Models are defined with this formula:

p q K
Yi=p+ z biY, ;i + Z 0ig,; + Z BiXki-a, + € & ~ N (O, o?)
i=1 i=1 k=1

where: ¥; — loan delinquency value at time t;
M — constant intercept term;
¢; — autoregressive coefficients;
Y:_i — lagged values of the target variable;
0; — moving-average coefficients;
&;_; — lagged residual errors;
B i — coefficients of exogenous macroeconomic variables;
X kt-d, — €xogenous macroeconomic variables with lag d_k;
K — number of exogenous variables;
&; — white-noise error term distributed as N(0,0?);
N(0,0?) — normal (Gaussian) distribution;
mean = 0;
variance = o2.
The final forecasting model was specified as SARIMAX(1,1,1)(1,1,1,12), where:
- (1,1,1) represents non-seasonal autoregressive, differencing, and moving-average
components;
—(1,1,1,12) represents seasonal components with a 12-month seasonal period.
The model structure was selected based on autocorrelation function (ACF), partial
autocorrelation function (PACF), and Akaike Information Criterion (AIC).

00 ACF - Differenced Delinquency 00 PACF — Differenced Delinquency
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Figure 2. Residual diagnostics of the SARIMAX model, including ACF and PACF plots,
were used to select the model order

The ACF and PACF diagnostics confirmed the presence of autoregressive seasonal patterns
and justified the selected SARIMAX specification.

Residual diagnostics demonstrated the absence of significant autocorrelation, confirming
the adequacy of the selected model specification.
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The figure shows the autocorrelation function (ACF) and partial autocorrelation function
(PACEF) of the differential series for loan default.

This diagnostic is used for defining definite autoregression(p) and rolling mean(q) for the
model SARIMAX. According to ACF and PACEF, assume the structure of an AR with little effect
of rolling mean, which shows the process of loan default for the first time, because of its own lags,
not because of residual shocks. Absence of shocks outside of the lags proves that the residual
values behave like white noise, by proving that the chosen model is suitable for specification.

Updating Bayes parameters

Taking into account the parameters, the Sarimax parameters were modeled in a Bayesian
framework, where a posteriori, the bones are:

p(6.B1Y,X)xp(Y|X,0,8)p®) p(B)

where: p(0, B | Y, X) — posterior probability distribution of model parameters;

p(Y | X, 0, B) —likelihood function of observed data;

p(0) — prior distribution of SARIMAX parameters;

p(pB) — prior distribution of macroeconomic coefficients;

0 — vector of SARIMAX parameters;

B — vector of Bayesian regression coefficients;

Y — observed loan delinquency values;

X — matrix of exogenous macroeconomic variables.
with Gaussian aprior probability:

Br ~ N(O'Tz)' ¢; ~ N(0,1)
where: f;, — Bayesian coefficients of macroeconomic variables;
¢; — autoregressive SARIMAX parameters;

T2 — prior variance controlling parameter uncertainty.

Posterior inference was performed using Markov Chain Monte Carlo (MCMC) sampling
to estimate the probability distributions of macroeconomic coefficients under uncertainty.

A total of 5000 MCMC iterations were performed to ensure convergence stability of
posterior estimates.

8000 — B_CPI
—— PB_Income
7000 — B_Wage
6000
5000
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Z
3 4000
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2000 ‘ ‘
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|
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Figure 3. Posterior distributions of macrofactor coefficients

The figure shows the posterior distribution of the parameters 3_k coefficients, illustrating
uncertainty in macroeconomic effects.

Posterior distributions allow the model to quantify uncertainty in macroeconomic effects
and improve adaptive decision-making under volatile economic conditions.
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VAR and analysis of causal effects relations by Granger.

Within the hybrid architecture, the SARIMAX component captures temporal and seasonal
macroeconomic dynamics, while the Bayesian layer updates parameter uncertainty and improves
probabilistic interpretability under changing economic conditions.

We calculated a multidimensional model of vector autoregression(VAR) to establish causal
effects, relations, and dynamic interdependencies:

Zt = Ath_l + AzZt_z + .-+ ApZt—p + ut, ut ~ N(O,g)

where: Z, — vector of endogenous macroeconomic variables at time t;
Ay,..., Ay — coefficient matrices of lagged relationships;
Zi_1,..., Z;_p —lagged endogenous variables;
p - lag order of the VAR model;
u, — multivariate white-noise error vector distributed as N (0, X)
¢ — covariance matrix of residuals.

where

Z,=1Y, Xl,t' Xz,t: X3,t]T

where: Z, — vector of endogenous variables at time $t$;

Y, — loan delinquency indicator;

X1 — inflation indicator (CPI);

X, — real household income indicator;

X3 —real wage indicator;

T — transpose operator.
vector endogenous variables. The Granger test of causal effects was used to investigate whether
loan defaults have an influence on macroeconomic changes.
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Figure 4. Heat map of cross-correlation (overdue debt vs. macroeconomic factors)
based on lag correlation analysis

The heat map of mutual correlations displays the pairwise correlation coefficients between
loan delinquency and key macroeconomic variables across a range of delays, from -6 to +6
months. Heat colours show positive correlations(macroeconomic factor rising after growing loan
defaults), while cold colours show negative correlations. Strong positive lagged correlations exist
between inflation and real income, illustrating that rising loan delinquency is outpacing inflation
and decreasing the incomes of citizens for two to three months. This model shows that the time
distribution of financial stress from the credit sector influences the real sectors of the economy.
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Figure 5. Causal diagram showing the directional effects from arrears to CPI,
real income, and real wages, with spillovers to GDP

It is a network of cause and effect derived from the results of the Granger test. It shows a
one-directional causal effect, where shocks of loan delinquency come into macroeconomic
outcomes. Arrows from loan delinquency to inflation, real incomes, and salaries illustrate the
main channel of transferring, where the loan-giving conditions influence the price level and the
household income conditions. Secondary pathway from salaries to growth gdp shows influences
on the dynamics of salaries to the volume of manufacturing. In general, it demonstrates how the
microfinancial shocks propagate into macroeconomic fluctuations of the macrolevel.
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Figure 6. Impulse response functions (IRFs) illustrating the CPI inflation response to a one
standard deviation arrears shock
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IRF shows dynamic correction of inflation with exogenous rising by growing loan
delinquency to one standard deviation. Here, it shows a increase in loan delinquency credits
associated with inflation and tightening of conditions of credit loans, and an increase in risk
premiums. The next phase is about the stabilisation of the short-term acceleration of price before

returning to equilibrium.
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Figure 7. Overdue debt on population income
This image shows the lagged negative reaction of shocks of loan defaults. About two to
three months after the initial growth of defaults, the income of citizens is falling, because

household financial constraints intensify and unemployment in the employment sphere.
Recovery phase, observed in later periods, involves adaptive corrections of salaries or political

interference, which soften the lingering impact of financial difficulties.
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Figure 8. Loan delinquency in the wage index
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IRF for population illustrates a stable negative reaction to rising loan defaults, which shows

decreasing population salary and decreasing demand for the labor force after the tightening of
credit conditions.

Household_income

Real_&BYdnfitian

Delinquency

Figure 9. Variance decomposition of the forecast error (VED) of the variance
of overdue debt explained by macroeconomic shocks

In this figure, the variance decomposition of forecast error(FEVD) is shown, which was
taken based on vector autoregression(VAR), which shows the impact of each macroeconomic
factor on the dispersion of loan delinquency in a six-month forecast.

Intelligent control and automation level

Forecast results of Bayes-Sarimax transfer into the intellectual level of control, which
dynamically corrects risk thresholds and re-learning model in feedback mode.

This mechanism enables adaptive real-time decision-making through continuous model
updating and feedback learning.

e Ya Y D

Forecast Risk Evaluaton ‘ Decision Output
(Delinquency) > Module > (Control)

o AN J ‘\ e J

Figure 10. Updating the feedback model

This figure shows the cycle of automation of decision making: forming a forecast, rating
risks, then the result of control, and finally actualisation of feedback.
Rating and diagnostics of the model

The forecasting performance of the hybrid model was evaluated using standard statistical
accuracy metrics:



@ ﬁ;‘::n‘;:’:ﬂ"g;':q‘;l; 1-tom, 3-Hemip, KeIpKYyIiek, 2026.
COMMUNICATION SCIENCES -200 - Tom 1, No 3, centsabps 2026.

Vol.1, Issue 3, September 2026.

MAE = 1 Y ?|MAPE—1OO |Yt_?t|

(Y, — ¥,)?
XY, -1)?’

where: R? — coefficient of determination;

R* =

MAE — mean absolute error;

MAPE — mean absolute percentage error;

Y, — actual observed values at time $t$;

Y, — forecasted values generated by the model;

Y — mean value of observed data;

n - total number of observations.
Metrics are tested using the Durbin-Watson(autocorrelation) and Shapiro-Wilk(normality)

test to be sure on correctness on statistical reliability.
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Figure 11. Actual and forecasted overdue debt (six-month forecast horizon)

In this figure, we compare the facts of observed indicators of delinquency with forecast
indicators for the future into 6-month periods. The total coefficient of determination
(R?=0.92)shows proof of a high explanatory force, while narrow intervals of forecast show us that
the Bayesian component effectively understands uncertainty. This visualization demonstrates the
model's ability to provide reliable, interpretable predictions to automate decision-making in
intelligent control systems.

Robustness under structural shocks

The robustness of the proposed hybrid model was additionally evaluated under periods
of macroeconomic instability and structural fluctuations.

The Bayesian updating mechanism allowed the model to adapt to changes in
macroeconomic conditions by dynamically revising parameter uncertainty.

Results demonstrated stable forecasting performance under inflationary shocks, changes
in household income, and variations in credit market conditions.

RESULTS

Empirical realisation of the hybrid model: Bayes-Sarimax model shows us macrofinancial
mechanisms, which define the dynamics of loan delinquency of the loan portfolio. In this section,
quantitative results are presented, model diagnostics, and structure visualisation of relationships
between variables.
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Figure 12. Clustered map of macroeconomic indicators (PCA-K Means)

This figure illustrates the relationship and group between macroeconomic factors that
influence the dynamics of loan delinquency. By analyzing the main components and
clusterization, K-means and 9 indicators were reduced to two composite dimensions:

Real sector(green cluster): Inflation CPI, index of Real Wage, increasing income, and rising

GDP.

Financial sector(orange cluster): private credit to GDP and investment to GDP.

External sector/Labor sector(blue cluster): export, import, and unemployment rate.

The PCA card approves the risk of loan delinquency for the first time, influenced by stress
in the real sector, and the secondary influence is the financial and external sectors. This structure
provides the basis for the macrosensitivity forecast in the Bayes-Sarimax system.
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This visualisation compares forecast and fact metrics of checking periods, by
demonstrating the accuracy for different periods. The hybrid model achieves a high value of R?
and low metrics of MAE and MAPE, which support forecast reliability.
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DISCUSSION
Results show that the hybrid model Bayes-Sarimax gives a flexible structure for
forecasting, taking into account the intellectual automation of decision-making.

Risk Evaluation
Module

Forecast
(SARIMAX-Bayesian)

Decision Output
(Control Action)

Feedback & Threshold
Update

Figure 14. Intelligent decision feedback loop (connected and multi-level)

In this figure, the intellectual cycle of feedback is illustrated. mode for decision-making,
which includes modules for forecasting, rating, and adaptive control.

e Forecasting Layers (Bayesian-Sarimax): Generate probabilistic forecasts of loan
delinquency under macroeconomic uncertainty.

® Module of rating risks: quantitative rating approveness of portfolio and expected losses,
provision of interpretade results.

e Decision Output(Control Action): using conditions of policy, like correction or credit
tightening.

e Mechanism of feedback: trains the model by using the realized for providing self learning
and continuous calibration. This method not only increases the stability and accuracy of the
forecast but it also supports the control of macrorisks in financial organizations in real time.

CONCLUSIONS

The study showed that integration of the Bayes method with the Sarimax form is an
effective basis for the intellectual automatization process of forecasting and controlling credit
risks. The hybrid structure includes probability methods and dynamic modeling of time series,
which simultaneously take into account macroeconomic relations and stochastic uncertainty.
These methods provide a deeper understanding of the causal effects between the dynamics of
crime, inflation, real income, rising GDP, and macrofinancial indicators by forming a transparent
and explainable system of forecasting.

Intellectual contour of the feedback loop, which is realized through a hybrid system
architecture that provides adaptive control, learning, and continuous calibration of the forecast.
This structure corresponds to the principal intellectual system control, allowing the automation
process of decision-making, saving transparency and explainability of models. As a result, the
offer of the system of Bayesian SARIMAX can be used as a reliable tool for an adaptive platform
of financial control, increasing the stability of credit organizations and improving the
management of macroeconomic risks in uncertain conditions.
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	INTRODUCTION
	Developing the intelligent control system has become a key direction in science, modern technology, and data control. Increasing the complexity of social, economic, and technical systems necessitates an automated decision-making process that can adapt...
	Traditional time-series models, such as seasonal autoregressive integrated moving average with exogenous factors (SARIMAX), are widely used for explaining and forecasting complex time dynamics. The time series models demonstrated very good accuracy in...
	The scientific novelty of this research lies in integrating Bayesian probabilistic reasoning into the structure of SARIMAX, thereby providing explainability and including an undefined forecast within the range of intellectual control. The resulting mo...
	MATERIALS AND METHODS
	The proposed hybrid, known as the Bayes-Sarimax method, incorporates econometric modeling with Bayesian probability learning to facilitate automated decision-making based on forecast results within an intelligent control system. The working process of...
	Figure 1. Conceptual structure of the hybrid: Bayesian–SARIMAX model integrated
	into an intelligent control system
	In this scheme, the data stream is illustrated: macroeconomic internal data, which is sent to SARIMAX layers, then to Bayesian output and updating, and ultimately to automated decision making.
	Sarimax forecast model
	The Sarimax model includes linear dynamics like seasonal effects between loan defaults and exogenous macroeconomic indicators.
	Models are defined with this formula:
	,𝒀-𝒕.=𝝁+,𝒊=𝟏-𝒑-,𝝓-𝒊.,𝒀-𝒕−𝒊..+,𝒊=𝟏-𝒒-,𝜽-𝒊.,𝜺-𝒕−𝒊..+,𝒌=𝟏-𝑲-,𝜷-𝒌.,𝑿-𝒌,𝒕−,𝒅-𝒌...+,𝜺-𝒕.,,𝜺-𝒕.∼𝓝(𝟎,,𝝈-𝟐.)
	where: ,𝒀-𝒕. — loan delinquency value at time t;
	𝝁 — constant intercept term;
	,𝝓-𝒊. — autoregressive coefficients;
	,𝒀-𝒕−𝒊. — lagged values of the target variable;
	,𝜽-𝒊. — moving-average coefficients;
	,𝜺-𝒕−𝒊. — lagged residual errors;
	,𝜷-𝒌. — coefficients of exogenous macroeconomic variables;
	,𝑿-𝒌,𝒕−,𝒅-𝒌.. — exogenous macroeconomic variables with lag d_k;
	𝑲 — number of exogenous variables;
	,𝜺-𝒕. — white-noise error term distributed as N(0,σ²);
	N(0,σ²) – normal (Gaussian) distribution;
	mean = 0;
	variance = σ².
	The final forecasting model was specified as SARIMAX(1,1,1)(1,1,1,12), where:
	– (1,1,1) represents non-seasonal autoregressive, differencing, and moving-average components;
	– (1,1,1,12) represents seasonal components with a 12-month seasonal period.
	The model structure was selected based on autocorrelation function (ACF), partial autocorrelation function (PACF), and Akaike Information Criterion (AIC).
	Figure 2. Residual diagnostics of the SARIMAX model, including ACF and PACF plots,
	were used to select the model order
	The ACF and PACF diagnostics confirmed the presence of autoregressive seasonal patterns and justified the selected SARIMAX specification.
	Residual diagnostics demonstrated the absence of significant autocorrelation, confirming the adequacy of the selected model specification.
	The figure shows the autocorrelation function (ACF) and partial autocorrelation function (PACF) of the differential series for loan default.
	This diagnostic is used for defining definite autoregression(p) and rolling mean(q) for the model SARIMAX. According to ACF and PACF, assume the structure of an AR with little effect of rolling mean, which shows the process of loan default for the fir...
	Updating Bayes parameters
	Taking into account the parameters, the Sarimax parameters were modeled in a Bayesian framework, where a posteriori, the bones are:
	𝒑(𝜽,𝜷∣𝒀,𝑿)∝𝒑(𝒀∣𝑿,𝜽,𝜷) 𝒑(𝜽) 𝒑(𝜷)
	where: 𝒑(𝜽,𝜷∣𝒀,𝑿) – posterior probability distribution of model parameters;
	𝒑(𝒀∣𝑿,𝜽,𝜷) – likelihood function of observed data;
	𝒑(𝜽) – prior distribution of SARIMAX parameters;
	𝒑,𝜷. – prior distribution of macroeconomic coefficients;
	𝜽 – vector of SARIMAX parameters;
	𝜷 – vector of Bayesian regression coefficients;
	𝒀 – observed loan delinquency values;
	𝑿 – matrix of exogenous macroeconomic variables.
	with Gaussian aprior probability:
	,𝜷-𝒌.∼𝓝(𝟎,,𝝉-𝟐.),,𝝓-𝒊.∼𝓝(𝟎,𝟏)
	where: ,𝜷-𝒌. – Bayesian coefficients of macroeconomic variables;
	,𝝓-𝒊. – autoregressive SARIMAX parameters;
	τ² – prior variance controlling parameter uncertainty.
	Posterior inference was performed using Markov Chain Monte Carlo (MCMC) sampling to estimate the probability distributions of macroeconomic coefficients under uncertainty.
	A total of 5000 MCMC iterations were performed to ensure convergence stability of posterior estimates.
	Figure 3. Posterior distributions of macrofactor coefficients
	The figure shows the posterior distribution of the parameters β_k coefficients, illustrating uncertainty in macroeconomic effects.
	Posterior distributions allow the model to quantify uncertainty in macroeconomic effects and improve adaptive decision-making under volatile economic conditions.
	VAR and analysis of causal effects relations by Granger.
	Within the hybrid architecture, the SARIMAX component captures temporal and seasonal macroeconomic dynamics, while the Bayesian layer updates parameter uncertainty and improves probabilistic interpretability under changing economic conditions.
	We calculated a multidimensional model of vector autoregression(VAR) to establish causal effects, relations, and dynamic interdependencies:
	,𝒁-𝒕.=,𝑨-𝟏.,𝒁-𝒕−𝟏.+,𝑨-𝟐.,𝒁-𝒕−𝟐.+⋯+,𝑨-𝒑.,𝒁-𝒕−𝒑.+,𝒖-𝒕.,,𝒖-𝒕.∼𝓝(𝟎,( )
	where: ,𝒁-𝒕. – vector of endogenous macroeconomic variables at time t;
	,𝑨-𝟏.,..., ,𝑨-𝒑. – coefficient matrices of lagged relationships;
	,𝒁-𝒕−𝟏.,..., ,𝒁-𝒕−𝒑. – lagged endogenous variables;
	𝒑 – lag order of the VAR model;
	,𝒖-𝒕. – multivariate white-noise error vector distributed as 𝓝(𝟎,𝚺)
	( – covariance matrix of residuals.
	where
	,𝒁-𝒕.=[,𝒀-𝒕.,,𝑿-𝟏,𝒕.,,𝑿-𝟐,𝒕.,,𝑿-𝟑,𝒕.,]-⊤.
	where: ,𝒁-𝒕. – vector of endogenous variables at time $t$;
	,𝒀-𝒕. – loan delinquency indicator;
	,𝑿-𝟏,𝒕. – inflation indicator (CPI);
	,𝑿-𝟐,𝒕. – real household income indicator;
	,𝑿-𝟑,𝒕. – real wage indicator;
	⊤ – transpose operator.
	vector endogenous variables. The Granger test of causal effects was used to investigate whether loan defaults have an influence on macroeconomic changes.
	Figure 4. Heat map of cross-correlation (overdue debt vs. macroeconomic factors)
	based on lag correlation analysis
	The heat map of mutual correlations displays the pairwise correlation coefficients between loan delinquency and key macroeconomic variables across a range of delays, from -6 to +6 months. Heat colours show positive correlations(macroeconomic factor ri...
	Figure 5. Causal diagram showing the directional effects from arrears to CPI,
	real income, and real wages, with spillovers to GDP
	It is a network of cause and effect derived from the results of the Granger test. It shows a one-directional causal effect, where shocks of loan delinquency come into macroeconomic outcomes. Arrows from loan delinquency to inflation, real incomes, and...
	Figure 6. Impulse response functions (IRFs) illustrating the CPI inflation response to a one standard deviation arrears shock
	IRF shows dynamic correction of inflation with exogenous rising by growing loan delinquency to one standard deviation. Here, it shows a increase in loan delinquency credits associated with inflation and tightening of conditions of credit loans, and an...
	Figure 7. Overdue debt on population income
	This image shows the lagged negative reaction of shocks of loan defaults. About two to three months after the initial growth of defaults, the income of citizens is falling, because household financial constraints intensify and unemployment in the empl...
	Figure 8. Loan delinquency in the wage index
	IRF for population illustrates a stable negative reaction to rising loan defaults, which shows decreasing population salary and decreasing demand for the labor force after the tightening of credit conditions.
	Figure 9. Variance decomposition of the forecast error (VED) of the variance
	of overdue debt explained by macroeconomic shocks
	In this figure, the variance decomposition of forecast error(FEVD) is shown, which was taken based on vector autoregression(VAR), which shows the impact of each macroeconomic factor on the dispersion of loan delinquency in a six-month forecast.
	Intelligent control and automation level
	Forecast results of Bayes-Sarimax transfer into the intellectual level of control, which dynamically corrects risk thresholds and re-learning model in feedback mode.
	This mechanism enables adaptive real-time decision-making through continuous model updating and feedback learning.
	Figure 10. Updating the feedback model
	This figure shows the cycle of automation of decision making: forming a forecast, rating risks, then the result of control, and finally actualisation of feedback.
	Rating and diagnostics of the model
	The forecasting performance of the hybrid model was evaluated using standard statistical accuracy metrics:
	,𝑹-𝟐.=𝟏−,∑(,𝒀-𝒕.−,,𝒀.-𝒕.,)-𝟐.-∑(,𝒀-𝒕.−,𝒀.,)-𝟐..,𝑴𝑨𝑬=,𝟏-𝒏.∑∣,𝒀-𝒕.−,,𝒀.-𝒕.∣,𝑴𝑨𝑷𝑬=,𝟏𝟎𝟎-𝒏.∑∣,,𝒀-𝒕.−,,𝒀.-𝒕.-,𝒀-𝒕..∣
	where: ,𝑹-𝟐. – coefficient of determination;
	𝑴𝑨𝑬 – mean absolute error;
	𝑴𝑨𝑷𝑬 – mean absolute percentage error;
	,𝒀-𝒕. – actual observed values at time $t$;
	,,𝒀.-𝒕. – forecasted values generated by the model;
	,𝒀. – mean value of observed data;
	𝒏 – total number of observations.
	Metrics are tested using the Durbin-Watson(autocorrelation) and Shapiro-Wilk(normality) test to be sure on correctness on statistical reliability.
	Figure 11. Actual and forecasted overdue debt (six-month forecast horizon)
	In this figure, we compare the facts of observed indicators of delinquency with forecast indicators for the future into 6-month periods. The total coefficient of determination (R²=0.92)shows proof of a high explanatory force, while narrow intervals of...
	Robustness under structural shocks
	The robustness of the proposed hybrid model was additionally evaluated under periods of macroeconomic instability and structural fluctuations.
	The Bayesian updating mechanism allowed the model to adapt to changes in macroeconomic conditions by dynamically revising parameter uncertainty.
	Results demonstrated stable forecasting performance under inflationary shocks, changes in household income, and variations in credit market conditions.
	RESULTS
	Empirical realisation of the hybrid model: Bayes-Sarimax model shows us macrofinancial mechanisms, which define the dynamics of loan delinquency of the loan portfolio. In this section, quantitative results are presented, model diagnostics, and structu...
	Figure 12. Clustered map of macroeconomic indicators (PCA–K Means)
	This figure illustrates the relationship and group between macroeconomic factors that influence the dynamics of loan delinquency. By analyzing the main components and clusterization, K-means and 9 indicators were reduced to two composite dimensions:
	Real sector(green cluster): Inflation CPI, index of Real Wage, increasing income, and rising GDP.
	Financial sector(orange cluster): private credit to GDP and investment to GDP.
	External sector/Labor sector(blue cluster): export, import, and unemployment rate.
	The PCA card approves the risk of loan delinquency for the first time, influenced by stress in the real sector, and the secondary influence is the financial and external sectors. This structure provides the basis for the macrosensitivity forecast in t...
	Figure 13. Actual and projected overdue debt
	This visualisation compares forecast and fact metrics of checking periods, by demonstrating the accuracy for different periods. The hybrid model achieves a high value of R² and low metrics of MAE and MAPE, which support forecast reliability.
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  𝒑 ( 𝜽 , 𝜷 ∣ 𝒀 , 𝑿 )


  𝒑 ( 𝒀 ∣ 𝑿 , 𝜽 , 𝜷 )  –


  𝒑 ( 𝜽 )  –


  𝒑  ( 𝜷 )  


  𝜽


  𝜷


  𝒀


  𝑿


    𝜷  𝒌 ∼ 𝓝 ( 𝟎 ,   𝝉  𝟐 ) ,   𝝓  𝒊 ∼ 𝓝 ( 𝟎 , 𝟏 )


    𝜷  𝒌


    𝝓  𝒊


    𝒁  𝒕 =   𝑨  𝟏   𝒁  𝒕 − 𝟏 +   𝑨  𝟐   𝒁  𝒕 − 𝟐 + ⋯ +   𝑨  𝒑   𝒁  𝒕 − 𝒑 +   𝒖  𝒕 ,   𝒖  𝒕 ∼ 𝓝 ( 𝟎 , (   )


    𝒁  𝒕


    𝑨  𝟏


    𝑨  𝒑


    𝒁  𝒕 − 𝟏


    𝒁  𝒕 − 𝒑


  𝒑


    𝒖  𝒕


  𝓝 ( 𝟎 , 𝚺 )


  (  


    𝒁  𝒕 = [   𝒀  𝒕 ,   𝑿  𝟏 , 𝒕 ,   𝑿  𝟐 , 𝒕 ,   𝑿  𝟑 , 𝒕  ] ⊤


    𝒁  𝒕


    𝒀  𝒕


    𝑿  𝟏 , 𝒕


    𝑿  𝟐 , 𝒕


    𝑿  𝟑 , 𝒕


  ⊤


    𝑹  𝟐 = 𝟏 −   ∑ (   𝒀  𝒕 −     𝒀 ^  𝒕  )  𝟐  ∑ (   𝒀  𝒕 −   𝒀 ˉ  )  𝟐 , 𝑴 𝑨 𝑬 =   𝟏  𝒏 ∑ ∣   𝒀  𝒕 −     𝒀 ^  𝒕 ∣ , 𝑴 𝑨 𝑷 𝑬 =   𝟏 𝟎 𝟎  𝒏 ∑ ∣     𝒀  𝒕 −     𝒀 ^  𝒕    𝒀  𝒕 ∣


    𝑹  𝟐


  𝑴 𝑨 𝑬


  𝑴 𝑨 𝑷 𝑬


    𝒀  𝒕


      𝒀 ^  𝒕


    𝒀 ˉ


  𝒏

