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This study focuses on climate-dependent
production processes, in particular grain
crop yields, under conditions of climatic
variability and uncertainty in Northern
Kazakhstan. The problem addressed is the
low effectiveness of deterministic risk mon-
itoring approaches due to limited predictive
power and the lack of formalized risk crite-
ria, which leads to unreliable decision-mak-
ing under uncertainty.

The results include the development of
a three-state hidden Markov model (Sy-S>)
and a TO-BE architecture for continu-
ous risk monitoring and decision support.
The model enabled the identification of
latent climatic regimes and probabilistic
assessment of risk states for 2025. The high-
est probability of an unfavorable regime
was observed in Korgalzhyn (61.2%) and
Ereymentau (58.8%), while Arshaly (42.9%)
and Zhaksy (38.1%) showed moderate
risk levels. The Brier score ranged from
0.106 to 0.199, confirming acceptable cali-
bration of probabilistic estimates.

The key feature of the approach is the
representation of climate-dependent pro-
cesses as transitions between latent proba-
bilistic states, allowing the capture of tem-
poral dependencies (climate memory) and
the persistence of unfavorable conditions.
Unlike deterministic models, the proposed
framework enables dynamic risk tracking
through continuously updated probability
estimates integrated into a monitoring loop.

The advantage of the approach lies in
combining probabilistic modelling with an
operational architecture, where risk prob-
abilities serve as formalized decision-sup-
port signals. The results can be applied in
early warning systems and digital monitor-
ing platforms using remote sensing and IoT
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1. Introduction

Climate-dependent production processes in the Republic
of Kazakhstan are largely determined by natural conditions
and exhibit interannual variability [1, 2].

Under conditions of increasing climate instability, the
timely identification of potential deviations from target indi-
cators becomes critical for effective decision-making and loss
minimization [3, 4].

However, such approaches often rely on deterministic,
non-probabilistic models that are sensitive to the quality of
input data and are limited in their ability to account for the
uncertainty of dynamic processes [5, 6].
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This shift from deterministic forecasting to probabilistic
modelling moves the focus from point prediction to moni-
toring risk dynamics and supporting decision-making under
uncertainty [4, 7].

In practical terms, this requires the development of tools
capable of providing early warning signals and supporting
continuous risk monitoring in climate-dependent systems.

Traditional approaches to monitoring and forecasting
are often based on deterministic models, which are limited
in their ability to account for uncertainty and dynamic
changes in climatic conditions. As a result, they do not pro-
vide sufficient support for adaptive decision-making under
uncertainty.




In practice, this leads to delays in risk identification, re-
duced reliability of forecasts, and limited ability to respond to
rapidly changing climatic conditions, which negatively affects
the efficiency of climate-dependent production systems.

Therefore, study devoted to the development of probabi-
listic approaches for monitoring and managing climate-de-
pendent process risks under conditions of uncertainty is rele-
vant, as it enables more reliable decision-making and supports
effective management of climate-dependent processes.

2. Literature review and problem statement

Despite the growing interest in probabilistic methods for
yield prediction and risk assessment, most existing studies [3, 6]
are focused on specific application domains or particular mod-
elling techniques. In paper [3], a systematic review of yield
forecasting approaches is presented, highlighting the diversity
of data sources and models used; however, the integration of
these approaches into continuous risk monitoring systems re-
mains unaddressed. In paper [6], the main data and modelling
bottlenecks for yield prediction are analyzed, including limita-
tions related to data availability and model generalization, but
the issue of combining probabilistic modelling with operational
decision-support mechanisms is not resolved.

The studies [8, 9] further demonstrate that standard ap-
proaches to evaluating forecast skill and digitalization of
yield prediction may be insufficiently robust under real-world
conditions. In particular, [8] shows that conventional forecast
skill assessments can be misleading, while [9] highlights lim-
itations in fully digitalizing yield prediction systems. These
findings indicate that the reproducibility and reliability of
such models in practical applications may be limited. This
limitation can be explained by the sensitivity of models to
data quality, regional variability and the absence of integrated
monitoring frameworks.

In this context, the study [10] confirms the feasibility of
yield forecasting for Kazakhstan using statistical models, but
does not address the integration of probabilistic estimates
into a continuous monitoring and risk management system.
Therefore, there remains a need for approaches that not only
model yield variability, but also incorporate probabilistic
risk assessment into an operational monitoring framework
adapted to regional conditions.

The study shows that early monitoring of climate-depen-
dent production risks can be based on climatic and seasonal
predictors [11, 12]. In paper [11], global crop yield forecast-
ing is considered using seasonal climate information from
a multi-model ensemble. The benefit of this approach is the
possibility of obtaining early predictive signals before the end
of the production cycle. However, the study is mainly focused
on yield forecasting accuracy and does not address the trans-
formation of probabilistic information into an operational
risk monitoring mechanism. This limitation can be explained
by the complexity of integrating large-scale seasonal forecasts
into local decision-support processes.

In paper [12], seasonal predictability of major crop yields
is analyzed using a hybrid system that combines dynamical
climate prediction and crop-growth simulation. The advan-
tage of this approach lies in combining climate information
with crop development mechanisms. At the same time, the
study remains focused on yield prediction and does not for-
malize risk states or decision triggers for continuous monitor-
ing. This unresolved aspect may be related to methodological

difficulties in linking crop simulation outputs with operation-
al risk management procedures.

The possibility of obtaining early signals several months be-
fore the end of the production cycle is also confirmed in [7, 13].
These studies demonstrate that seasonal climate information
and large-scale climate indices can support early assessment of
yield anomalies. Their practical benefit is the extension of the
decision-making horizon. However, the problem of dynamic
risk tracking remains insufficiently developed, because the
main result is still a forecast of the target indicator rather than
a continuously updated assessment of risk states.

The works [4, 14-16] further develop early-season and
preseason forecasting approaches, including the use of proba-
bilistic seasonal climate forecasts and ocean anomaly indices
such as the El Nifio-Southern Oscillation (ENSO). Their ad-
vantage is the possibility of assessing crop yield risks before
harvesting and comparing persistence-based and dynamical
forecasts. Nevertheless, these studies mainly consider fore-
casting as a predictive task and do not provide a unified ar-
chitecture in which uncertainty estimates are integrated into
a continuous monitoring and decision-support loop. This gap
may be caused by the objective difficulty of combining climate
forecast uncertainty, regional agricultural specificity and op-
erational management requirements in one framework.

For the Republic of Kazakhstan, the relevance of such ap-
proaches requires separate verification. The study [10] demon-
strates that wheat yields in Republic of Kazakhstan can be
forecasted using statistical crop modelling, which confirms the
practical feasibility of climate-based yield prediction for this
region. However, it does not solve the problem of continuous
probabilistic risk monitoring. In addition, [8, 17] show that the
stability and skill of climate forecasts may vary across periods
and conditions, which limits the direct transfer of forecasting
approaches between regions. Therefore, for Northern Kazakh-
stan, it is necessary not only to estimate yield-related risks but
also to account for uncertainty, regional variability and the
need for operational interpretation of risk signals.

Thus, the analyzed studies confirm the practical value of
early forecasting based on climatic predictors. However, their
common unresolved issue is that they mainly focus on pre-
dicting target indicators, while the problem of continuous risk
monitoring, formalized risk states and integration of prob-
abilistic outputs into decision-support procedures remains
insufficiently addressed.

Within the probabilistic paradigm, a number of studies
analyze climate-dependent processes as sequences of regimes
characterized by temporal dependence. In paper [18], the
concept of soil moisture memory is investigated, demonstrat-
ing that climatic variables retain information about previous
states over time. The advantage of this approach lies in
explaining the persistence of climatic conditions; however,
the study focuses on physical processes and does not provide
a formal mechanism for integrating this property into risk
monitoring systems.

Similarly, [19] analyses long-term persistence in precipi-
tation data and shows that climatic series exhibit significant
temporal dependence. While this work provides a theoretical
basis for understanding climate memory, it does not address
how these dependencies can be used for operational risk as-
sessment or decision-making.

The study [20] examines the evolution of wet and dry
spells and confirms that climatic regimes tend to persist over
time. This supports the assumption of inertia in climate-de-
pendent processes. However, the work is primarily descriptive



and does not formalize risk states or provide probabilistic
monitoring tools.

The work [21, 22] demonstrates the phenomenon of syn-
chronized failures in global crop production, highlighting the
systemic nature of climate risks. Its strength lies in showing
large-scale dependencies between climatic conditions and
production outcomes. At the same time, the study does not
consider the modelling of latent states or the integration of
such knowledge into operational monitoring frameworks.

The papers [4,20] present the use of hidden Markov
models for analyzing sequential climatic data and identifying
latent regimes. These models allow climatic dynamics to be
represented as transitions between states and provide prob-
abilistic estimates of favorable and unfavorable conditions.
Their key advantage is the ability to explicitly model temporal
dependencies and latent structures. However, in these studies
the application of hidden Markov models is mainly limited to
analytical tasks and does not extend to integration into contin-
uous monitoring systems or decision-support architectures.

Thus, although the analyzed studies provide a theoretical
and methodological basis for modelling climatic regimes and
their temporal dependencies, they do not offer integrated
solutions that combine probabilistic modelling with continu-
ous monitoring and operational risk management. This gap is
due to methodological difficulties related to the formalization
of risk states, the integration of heterogeneous data, and the
translation of probabilistic estimates into actionable deci-
sion-support signals.

Thus, the analysis of the literature shows that:

- existing approaches provide early forecasting capabili-
ties but are mainly limited to point estimation;

— probabilistic models, including hidden Markov models,
allow the representation of climatic dynamics and uncertainty,
but are rarely embedded into continuous monitoring processes;

—there is a lack of integrated solutions that combine
probabilistic modelling, dynamic updating, and operational
decision support within a unified framework.

Therefore, the key unresolved problem is the absence of
an integrated framework that combines probabilistic model-
ling of climate regimes with continuous monitoring and risk
management under conditions of uncertainty. This problem
determines the need to develop an approach that not only
models climatic regimes probabilistically, but also ensures
their integration into an operational monitoring architecture
capable of supporting adaptive decision-making.

Thus, there is a clear need to develop an integrated prob-
abilistic system for monitoring and managing climate-depen-
dent process risks.

3. The aim and objectives of the study

The aim of this study is to develop a system for monitor-
ing and managing climate-dependent process risks based on
a hidden Markov model, which enables the identification of
adverse conditions, generation of early warning signals, and
support for decision-making under uncertainty. This will
enable more effective risk monitoring under conditions of
uncertainty in climate-dependent systems and support the
implementation of continuous risk-oriented decision-making
in practical applications.

To achieve the aim, the following objectives were set:

-to analyze the limitations of the current analytical
framework (AS-IS) for yield prediction;

- to estimate transition probabilities between regimes and
identify risk states;

- to validate the model using calibration and stability
metrics;

- to design a TO-BE (target) architecture for risk monitor-
ing and decision support.

4. Materials and methods

4. 1. The object and hypothesis of the study

The object of the study is the climate-dependent produc-
tion processes, in particular grain crop yields, under condi-
tions of climatic variability and uncertainty.

The main hypothesis of the study is that probabilistic
modelling of climatic regimes using a hidden Markov model
allows more effective identification of risk states and im-
proves the reliability of risk monitoring compared to deter-
ministic approaches.

The study assumes that climatic processes exhibit tempo-
ral dependence (inertia) and can be represented as transitions
between latent states characterized by different risk levels.

The following simplifications were adopted: the transition
probabilities between states are assumed to be stationary over
time; the climatic variables are sufficient to characterize the
system without explicitly incorporating additional agronomic
or soil-related factors; and the analysis is performed at the
district level using aggregated annual data.

4. 2. Initial data and test objects

The initial information for the analytical model was based
on climate predictors from the Kazhydromet State Meteo-
rological Service and official statistics on target indicators
for 2004-2024.

The study analysed the districts of Korgalzhyn, Zhaksy,
Ereymentau, and Arshaly in the Akmola region of the Repub-
lic of Kazakhstan. Multivariate climatic characteristics (air
temperature, precipitation, humidity, pressure, wind parame-
ters, etc.) and annual grain crop yields in centners per hectare
were used for each district.

4.3. Regression analysis in the current analytical
framework (AS-IS)

In the current analytical framework (AS-IS), climatic
features were used to evaluate target indicators using regres-
sion models. The relationships between the features were
evaluated using Spearman’s coefficient [23]. Features with
high mutual correlation were excluded, as were features
without a statistically significant relationship with the target
indicators.

The selection was performed at each time step using only
the training data for that step, thereby preventing information
leakage from the test set [22].

For comparison, models of different architectures were
used that accounted for the possible nonlinearity of the cli-
matic influence [24].

Equation (1) presents a basic multiple linear regression
model [10]

p
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Equation (2) defines the estimation of Ridge regression
parameters [13]
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In the above formulas: Y; — the target indicator in year f;
X, - the value of predictor j in year ¢; p — the number of pre-
dictors after selection; £, 5 — the model parameters (intercept
and coefficients for the predictors); & — the error term; n — the
number of years in the training sample; 1 > 0 - the regulariza-
tion coefficient and S represents the estimates of the model
parameters obtained by minimizing the regularized functional.

Since linear models may not capture nonlinear effects,
Random Forest and Gradient Boosting ensemble algorithms
were additionally applied. Model quality was assessed using
RMSE and R2 metrics.

4. 4. Probabilistic modelling of risk states using a hid-
den Markov model

A hidden Markov model with three states was used to prob-
abilistically detect risk states in the TO-BE monitoring archi-
tecture. Equation (3) defines the hidden state at time ¢

S, €{S0,51,5, }.- (3

Here, Sy, S1, S, are three latent states that may correspond
to unfavorable, transitional, or favorable conditions. Their
interpretation is empirically determined based on the distri-
butions of target indicators and climatic characteristics, and
may vary across objects of analysis [25].

Equation (4) defines the transition matrix

A={ay}, = P(S..1=5)|S=5,), 4

where the elements of the matrix satisfy >;a; =1 for each i
and are assumed to be stationary over time.

Equation (5) introduces the vector of observed climatic
characteristics in year ¢

X, eRY, ©)

where d - the number of climatic characteristics after selection.
Equation (6) specifies the distribution of observations in
each state [25]

X|S, =S ~N(u, ). (6)

The parameters {7, 14, 2, a;;} were estimated by maximum
likelihood using the iterative Baum-Welch algorithm, where
x; denotes the initial state probabilities, z4; — the mean vector,
2 - the covariance matrix, and a;; - the transition probabilities.

Based on the estimated parameters, the Viterbi algorithm
was used to reconstruct the most probable state sequence. For
each year, the probabilities of belonging to states were also
calculated and interpreted as quantitative risk signals [20].
A model with k =3 states was used, as it distinguishes three
levels of risk and remains interpretable. The choice of k was
verified using Akaike information criterion (AIC) and Bayes-
ian information criterion (BIC) criteria, as well as through
analysis of the stability of the labelling and metric values.

4. 5. Quality assessment and validation

The verification scheme replicated the cycle of updating
the risk assessment for the following year. At step t the model
was trained on the years 2004, ..., t - 1.

The verification was performed at time ¢.

The quality of the probabilistic forecast of states was
assessed using the Brier score, which is calculated according
to eq. (7)

1 Y3 2
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where p;r — the predicted probability of state k in year ¢,
Yik — the indicator of the actual state k in year ¢t according
to the restored labelling (1 if state k occurred, 0 otherwise),
N - the number of years in the estimation sample.

Additionally, a binary form was used for the ‘unfavorable
conditions’ event, where the state with the minimum target
indicator was considered a positive class, and the rest were
aggregated.

The stability of the results was verified in several ways. First,
repeated runs were performed with different initializations.
Second, a leave-one-year-out (LOYO) test was applied, excluding
one year. Third, the state labels were reconciled between runs.
The comparison was performed based on the proximity of the z4
vectors. After that, the adjusted Rand index (ARI) was calculated.

The implementation of the proposed models and ex-
periments was carried out using standard data analysis and
machine learning tools within a unified computational envi-
ronment, ensuring reproducibility of the results. The experi-
mental setup does not require specialized high-performance
computing resources, which confirms the practical applica-
bility of the proposed approach in typical analytical settings.

The choice of methods is justified by the need to account
for uncertainty and temporal dependencies in climate-de-
pendent processes. Traditional regression models were used
as a baseline to evaluate the limitations of deterministic ap-
proaches, while the hidden Markov model was selected due
to its ability to represent the system as transitions between
latent states and to provide probabilistic estimates of risk.
This makes it particularly suitable for modelling processes
with inherent variability and incomplete observability, such
as climatic dynamics affecting crop yields.

The initial dataset includes multivariate climatic indica-
tors and yield data for the period 2004-2024 at the district
level. The use of aggregated annual data allows for a consis-
tent comparison across regions; however, it introduces certain
limitations related to spatial and temporal resolution, which
are taken into account when interpreting the results.

5. Results of the proposed probabilistic
risk monitoring framework

5. 1. Analysis of the limitations of the current analyt-
ical framework (AS-IS)

Quantitative assessment within the current analytical
framework (AS-IS), with strict rolling validation, showed
marked heterogeneity in the quality of regression estimates
for target indicators across districts (Table 1). The best result
was obtained for Arshaly.

For grains, the Random Forest model achieved the best
results in Arshaly: R2 =0.512 and RMSE = 1.612. For Kor-
galzhyn, the R2 values were negative, indicating the absence
of a reproducible signal for the selected predictors and vali-
dation scheme.

Regression experiments revealed limitations of the cur-
rent analytical framework (Fig. 1).



Regression quality in the AS-IS framework (rolling validation)

Table 1

Fig. 1. Diagram of the current (AS-IS) analytical framework

The main barriers are delays in the
publication of meteorological data and
the lack of convenient mechanisms for
bulk data download. The current mon-
itoring process mainly provides refer-
ence information and final reports, so
forecasting calculations are performed
sporadically and manually. Taking these
limitations into account, the analysis was
shifted from point estimation to probabi-
listic monitoring of risk states based on
hidden Markov models (HMM).

5. 2. Estimation of transition prob-
abilities and identification of risk
states

Based on the estimated transition
matrix, probabilistic estimates of the
states for 2025 were obtained, from
which the risk of an unfavorable state
was then interpreted (Fig. 2).
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District Crop Model R2 RMSE
Arshaly Grain Random forest 0.512 1.612
Arshaly Wheat Random forest 0.468 1.635
Ereymentau Grain Ridge 0.130 2.449
Ereymentau Wheat Ridge 0.209 2.363
Zhaksy Grain Ridge 0.235 2.733
Zhaksy Wheat Lasso 0.345 2.528
Korgalzhyn Grain Linear regression -0.347 2.483
Korgalzhyn Wheat Linear regression -0.418 2.433
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Fig. 2. Diagram of hidden Markov models:
a — in Zhaksy; b — in Arshaly; ¢ — in Korgalzhyn; d — in Ereymentau



In the Korgalzhyn district, the probability of transition to  have average BS values of 0.147 and 0.139, respectively, at sig-
the unfavorable state Sy is highest, reaching 61.2%. In Erey-  nificant risk levels (42.9%, 61.2%).
mentau, the risk is also high (58.8%), while the probability of The semantic meaning of states S-S, is revealed through
remaining in state S; is practically zero. In Arshaly, the situ-  the median values of the target indicator and climate (Fig. 4).
ation is characterized by uncertainty,

as the probabilities of transition to T _ :
So and remaining in S; are equiva- Korgalzhyn Median Brier (0.143)
lent (42.9% each). For Zhaksy, where @
S is the unfavorable regime, the risk o 0607 .Ereymentau i
of transition is estimated at 38.1%, ~§0 i
while the probability of remaining in _g i
the current state Sy is zero. S 0.55 i
Analysis of transition dynam- ; |
ics allows to identify stable cycles T: i
and quantitatively estimate the fre- = 0,50
quency of their preservation or g i
change [20]. g
E :
5.3.Validation of the model 2 0451
using calibration and stability = i gfrshaly
metrics —§ i
The reliability of these estimatesis & (40 i
confirmed by the Brier score (Fig. 3). i .Zhaksy
In Fig. 3, Ereymentau demon- i
strates the best calibration of the
three states (BS=0.119) at high risk 0.1 0.12 0.13 0.14 0.15 0.16 0.17
(58.8%), while Zhaksy demonstrates Mean Brier score (lower is better)
the worst (BS=0.168) at moderate
risk (38.1%). Arshaly and Korgalzhyn Fig. 3. Risk of transition to an unfavorable regime and calibration quality
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Fig. 4. Median values of indicators by hidden Markov model states:
a — yield median; b — temperature median; ¢ — precipitation median; d — moisture median



In all districts, the unfavorable regime (Sj,,) correlates
with precipitation deficit and increased moisture deficit,
confirming the physically meaningful interpretation of
HMM regimes.

Based on median values and the Viterbi algorithm, the
dynamics of state changes for 2004-2024 have been recon-
structed (Fig. 5).

Analysis of Fig. 5 shows that the Korgalzhyn and Zhaksy
districts have experienced high climate volatility with an
increase in arid (D) periods in recent years. Arshaly is char-
acterized by stable alternating regimes, while Ereymentau is
dominated by a transitional regime (N).

To confirm the reliability of the dynamics of state chang-
es, an analysis of the stability of the models (Fig. 6) with
respect to initialization parameters, feature composition, and
verification schemes was carried out [16].

In 50 independent runs, the adjusted Rand index (ARI) re-
vealed interregional differences. The Arshaly district showed
the highest stability of labelling (ARI=0.68), followed by
Zhaksy (0.52), Ereymentau (0.33), and Korgalzhyn (0.16). The
LOYO test showed moderate model sensitivity.

In the LOYO test, the median ARI values range from
0.41 to 0.58, with the highest stability observed for the Erey-
mentau district. The analysis of feature significance using the
exclusion method supports the physical interpretation of regimes
as states of water stress. In Arshaly, excluding temperature has
almost no effect on stability (ARI = 0.87). When precipitation is
excluded, stability drops sharply (ARI = 0.19). A similar decrease
(ARI=0.21) is observed when moisture deficit is excluded.

For the Korgalzhyn district, precipitation is the key factor.
Its exclusion leads to a drop in stability to ARI = 0.06.

AIC supports the selection of a three-state model (AIC =
=169.5 at k = 3 versus 174.7 at k = 2). The selection of k=3 is
justified by the high stability of state labelling (ARI = 0.68),

Arshaly

Ereymentau

Zhaksy

Korgalzhyn

2012 2013 2014 2015 2016 2017 2018 2019 2020 2021
N = Normal/Intermediate

acceptable LOYO results, and the physical interpretability of
the states as water-stress conditions.

Although BIC prefers k = 2, in all districts, the three-state
model better fits the objective and maintains stability in terms
of ARI and LOYO.

5. 4. Design of a TO-BE architecture for risk monitor-
ing and decision support

Additionally, based on the restored sequence of states
(Viterbi algorithm), the empirical probability of maintaining
a dry regime agp,qy = P(Si41 = dry|S; = dry) was estimated for
a 10-year sliding window (Fig. 7).

Over the last 10 years (2014-2024), there has been a sharp
increase in the coefficient (agy,dy)-

The most pronounced increase in this coefficient is ob-
served in the Zhaksy district, from virtually zero to 0.75 in
2020-2022, indicating the formation of the strongest inertia
of arid conditions. In the Korgalzhyn district, a steady upward
trend to 0.50 has been observed since 2016, indicating a system-
atic increase in the duration of drought periods. The Arshaly
district is characterized by non-linear dynamics, with a peak of
0.60 in 2018 and a subsequent decline to 0.33, reflecting the ep-
isodic nature of the inertia. In Ereymentau, the values remain
close to zero, confirming the relative stability of climatic condi-
tions and the weak manifestation of prolonged drought cycles.
At the same time, it is important to note that for Ereymentau,
the high final risk may not be due to inertia, but rather to the
high probability of transitioning to an unfavorable regime.

Overall, the identified trends confirm the existence of
the climate memory effect and justify the use of probabilistic
models to assess the risks of deviation from target indicators,
using the example of grain crop yields [18, 20].

Generalizing the modelling results enabled differentiation of
districts by risk type and the creation of a final 2025 map (Fig. 8).

2022 2023 2024
I F = Favorable

Fig. 5. Dynamics of hidden Markov model states by districts

2004 2005 2006 2007 2008 2009 2010 2011
I D=Dry
L0 Model Stability by District
Measure
081 I HMM ARI
0.68 8 LOYOARI

ARI

Arshaly  Ereymentau

Zhaksy  Korgalzhyn

a

Impact of Excluding Features on ARI

0.87 Feature
081 BN Temperature
W Precipitation/Moisture

ARI

Arshaly  Ereymentau
b

Zhaksy  Korgalzhyn

Fig. 6. Stability of state change dynamics:
a — model stability by district; b6 — impact of excluding features on the adjusted rand index
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As shown in Fig. 8, the assess-
ments for the Korgalzhyn and Erey-
mentau districts are characterized
by consistently high risk, and the
quality of the probabilistic assess-
ment is confirmed by the Brier
score values.

Zhaksy stands out in this re-
spect. Despite a moderate proba-
bility of unfavorable conditions,
it shows a high level of climatic
inertia (0.75), which should be tak-
en into account when interpreting
the forecast for 2025. In contrast,
Arshaly is characterized by less
pronounced inertia and more fre-
quent regime changes, which re-
quire adaptive monitoring under
uncertainty.

Based on the results obtained,
a target architecture for risk moni-
toring and management (TO-BE) is
proposed, as shown in Fig. 9.

The architecture shown in Fig. 9
outlines the sequence of stages,
from data collection and integra-
tion through to risk assessment,
validation and the formulation of
management decisions.
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Fig. 9. TO-BE architecture of the risk monitoring and control process



A comparison of the AS-IS, HMM and TO-BE approaches is
presented in Table 2.

The comparison presented in Table 2 demonstrates clear
differences in the functional roles of the considered ap-
proaches within the risk monitoring process. The AS-IS
framework is limited to retrospective evaluation of target
indicators and does not support continuous monitoring. The
HMM approach enables the identification of latent climatic
states and provides probabilistic estimates of their occur-
rence, thereby introducing a mechanism for detecting risk
dynamics.

ability matrix demonstrates a pronounced persistence of re-
gimes, indicating that the current state is strongly dependent
on the previous one. In particular, the probability of remain-
ing in the same state is significantly higher than transitioning
to other states, especially for the unfavorable regime, which
reflects the tendency of adverse climatic conditions to persist
over time.

The probabilistic state estimates enable the dynamic as-
sessment of risk levels across different districts. Regions can
be differentiated based on the probability of belonging to un-
favorable or moderate regimes. For example, higher probabil-

ities of unfavorable conditions are

_ ' ) o Table 2 observed in districts such as Kor-
Comparison of risk forecasting and monitoring models galzhyn and Ereymentau, while
Ap- Monitoring Model Uncertain Dynamics Quality Operational Arshaly an'd Zhaksy demonstrate
proach | objective Y | consideration check limitations moderate risk levels.
Significant spatial heterogene-
. Generally not . . . .
Point Usually not - ity has been identified (Fig. 8). The
. e modelled; Sensitivity to o
AS-IS estimate explicitly reflected data shifts: Korgalzhyn and Zhaksy districts
(POtI.nt .Og Farfet P(EID;SSU- fePresef]l:ed indirectly 1\1}2’1};]31{/2 limited inter- | are characterized by persistent
esti- | indicators | mate Y=f(X) | (no proba- through pretability of | drought sequences, reflected in
mate) based on bilities or . . -
: . seasonal regimes an increased probability of per-
predictors intervals) . X
aggregates sistence over a 10-year period. The
] o Climate only; | Ereymentau district shows low
Identifica- Latent State prob- | Explicitly, Calibration sensitivity to | drought inertia with a persistently
tion of cli- s (Brier score), | . f . . .
. states S,and | abilities, | through the o time-series high risk of returning to an unfa-
HMM | matic states .. . . . stability X
and their | (ransitions | including | transition checks lengthand | vorable state. Arshaly is character-
changes P(S14]S) P(Siow) matrix |\ r1/LOYO) tra:psmo.n ized by changing regimes without
stationarity | pronounced, prolonged unfavor-
HMM-based I Requires able phases. These differences are
. . Calibration o X R s
TO-BE risk assess- | Risk proba- control updating in- illustrated in Fig. 5, 7 and indicate
(risk Operational | ment with | bilities over | Explicitly, up- (Brier score frastructure; the necessity of region-specific
moni- risk moni- updle.l];e apd tl?.l;: w1.th dating bgsed over time), rlilkfof da;a risk management strategies. Con-
toring) toring recalibration | calibration | ‘on new data | o0 shifts an sequently, a unified risk-oriented
based on new control validation | SOUrce incon- ¢ strat Fig. 9
data sistency management strategy (Fig. 9) re-
quires adaptation to local dy-

The TO-BE framework integrates these probabilistic out-
puts into an operational context, ensuring their use within
a continuous monitoring cycle with periodic updates and
recalibration. This integration transforms probabilistic es-
timates into actionable signals, linking model outputs with
decision-making procedures.

Thus, Table 2 confirms that the proposed framework
not only improves the representation of uncertainty, but
also extends the functionality of monitoring systems by
incorporating dynamic risk tracking and operational ap-
plicability.

6. Discussion of results of probabilistic
risk monitoring

The results indicate the inertia of climatic regimes, in
which unfavorable periods tend to form sequences, increasing
the probability of their continuation [18,19]. This is con-
firmed by the transition probabilities and state dynamics pre-
sented in Fig. 5, 7, where prolonged dry regimes are observed.
This justifies the use of an early warning system, in which the
probability of an unfavorable regime is refined as new data
become available [4].

The obtained results show that climatic processes can be
effectively represented as transitions between latent states
with distinct characteristics. The estimated transition prob-

namics [7].

A comparison of the approaches reveals differences in
problem formulation and uncertainty representation (Table 2).
The AS-IS control loop focuses on point estimates of yield and
does not typically formalize uncertainty. The HMM frame-
work (Fig. 1) provides probabilistic estimates of regimes,
enables the use of warning thresholds at P(Sj,,) > 0.40, and
allows calibration to be assessed using the Brier score. The
TO-BE control loop translates probabilistic estimates into
a regular monitoring cycle through updated input data and
model recalibration, and, where infrastructure is available,
can be extended with operational data sources such as remote
sensing and IoT.

Unlike traditional regression-based approaches, which
provide only point estimates without explicit representation
of uncertainty, the proposed HMM-based framework enables
probabilistic interpretation of climatic regimes and supports
continuous risk monitoring through dynamic updating of
state probabilities (Fig. 2). This advantage is achieved through
the use of latent state modelling and transition matrices,
which explicitly capture temporal dependencies in climatic
processes.

In contrast to existing studies focused on early yield
forecasting using climatic predictors [4, 15], where the main
objective is to improve predictive accuracy at a fixed time
horizon, the proposed approach shifts the emphasis towards
continuous monitoring of risk dynamics. This allows not only
the prediction of outcomes, but also the tracking of transitions



between risk states over time, which is not explicitly ad-
dressed in traditional forecasting frameworks.

Interpretability is ensured by comparing the unfavorable
Siow regime with historically low target values and corre-
sponding climatic conditions while controlling the model cal-
ibration using the Brier score [26] (Fig. 3). In practice, P(Sj,)
serves as a formalized signal in the risk management loop,
including changes in crop rotation structure and the use of
insurance mechanisms, especially in areas prone to prolonged
adverse series [6, 7].

Compared to studies applying hidden Markov models for
the analysis of climatic sequences [4, 20], where the focus is
primarily on identifying latent regimes and describing their
statistical properties, the proposed framework extends this
approach by embedding probabilistic state estimation into
a decision-support architecture. This integration enables the
transformation of model outputs into operational risk signals,
which can be directly used in management processes.

The obtained results demonstrate that probabilistic mod-
elling of climatic regimes can be effectively combined with
continuous monitoring, enabling the identification of risk
states and their use in operational decision-making.

Thus, the main contribution of this study, in comparison
with the analyzed literature, lies in the integration of proba-
bilistic modelling, temporal dynamics, and operational imple-
mentation within a unified framework, which bridges the gap
between analytical modelling and practical risk management
in climate-dependent systems.

The proposed architecture can be adapted to other cli-
mate-dependent processes that require early detection of
adverse conditions. This extends the applicability of the ap-
proach beyond grain crop yields and highlights its potential
for use in broader climate-sensitive domains.

The limitations of the study include data aggregation at
the district level, the relatively short time series (21 years),
the focus on climatic predictors without accounting for soil,
technological, and management factors, and the assumption
of stationary transitions. The disadvantages of the study are
related to the dependence of the model on the quality and
availability of input data, as well as its sensitivity to structural
changes in climate patterns. These disadvantages can be miti-
gated by incorporating additional data sources and extending
the modelling framework. In addition, the proposed approach
may be sensitive to structural changes in climate patterns
and data availability constraints, which should be considered
when applying the model in different regions or under rapidly
changing environmental conditions.

Further study may include updating risk monitoring using
satellite data [27-30]. In addition, it is advisable to expand the
geographical coverage of the analysis [3]. Mandatory indepen-
dent verification in subsequent seasons is also important [10].

However, this development may involve methodological
and computational difficulties related to data heterogeneity,
model scalability, and validation under changing environmen-
tal conditions.

7. Conclusion

1. The analysis of the current analytical framework (AS-IS)
revealed its limitations, including low predictive performance
in several districts (R? < 0 for Korgalzhyn) and sensitivity to
data variability, which confirms the lack of a stable and re-
producible signal. This result explains the need to shift from

deterministic point estimation to probabilistic approaches for
risk monitoring.

2. The estimation of transition probabilities made it possi-
ble to identify risk states and quantify the inertia of unfavorable
conditions, with the probability of maintaining a dry regime
over a 10-year sliding window ranging from 0.57 to 0.76. This
result confirms the presence of climate memory and explains
the persistence of adverse conditions in specific regions.

3. The validation of the model demonstrated acceptable
calibration and stability, with Brier scores in the range of
0.106-0.199 and ARI values from 0.16 to 0.68, while LOYO
cross-validation showed median values of 0.41-0.58. These
results indicate reliable probabilistic estimates and robustness
of state identification under different validation conditions.

4. A system for risk monitoring and decision support was
proposed, including a TO-BE architecture that integrates
probabilistic estimates into a continuous monitoring loop.
The practical significance of this result lies in the use of the
probability of an unfavorable regime as a formalized control
signal, based on the estimated persistence of climatic states. In
particular, the results show that the probability of maintain-
ing an unfavorable (dry) regime reaches 0.75 in the Zhaksy
district, while a steady increase to 0.50 is observed in Korgalz-
hyn, and non-linear dynamics ranging from 0.60 to 0.33 are
characteristic of Arshaly. These quantitative indicators reflect
the variability of climatic inertia across regions and enable
adaptive management decisions and timely implementation
of preventive measures under conditions of uncertainty.
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