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Abstract

Northwestern Algeria, a vital agricultural region within the Mediterranean climate hotspot,
faces escalating risks due toclimatic variability and recurrent droughts. Conventional
linear methods are inadequate for capturing the complex, non-stationary dynamics of this
semi-arid system. This study introduces an innovative framework integrating a Non-
Stationary Hidden Markov Model' (NSHMM), Bayesian Concept Drift detection, and
CUSUM changepoifit analysis.. Analyzing 35 years (1990-2024) of daily meteorological
data, we identified fourdistinet climate regimes. Results reveal profound non-stationarity:
the frequency of the extreme 'Hot & Very Dry' regime increased by 45% since the 1990s,
whil€ its persistence rose by 14%. The Bayesian analysis quantifies three major structural
drifts with,scores,reaching 0.80, indicating abrupt climate reorganization. These findings
are corroborated by 113 changepoints and a significant teleconnection with the North
Atlantic Osg¢illation (r = 0.58, p < 0.01). Critically, these shifts remain undetected by
conventional trend analysis (Mann-Kendall p = 0.16), underscoring the necessity of non-
stationary methodologies. The operationalization into a Probabilistic Drought Early
Warning System enables risk forecasts with probabilities up to 90%. This work
demonstrates that climate change in the region manifests not as gradual warming but as
fundamental reorganization of the climate system.

Keywords: Climate Regimes, Hidden Markov Model, Non-Stationarity, Bayesian Concept
Drift, Agrometeorology, Algeria.
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Introduction

Climate variability in the Mediterranean basin, and particularly in northwestern Algeria,
presents a major challenge for water resource management and agricultural planning
(Sivakumar, 2005; Cook et al., 2016). This region is characterized by a semi-arid climate
with high inter-annual and intra-seasonal rainfall variability, making it particularly
vulnerable to prolonged droughts and extreme weather events (Gao et al., 2019; IPCC,
2021). Understanding the underlying dynamics of the climate system and detecting
potential shifts in climatic regimes are therefore of paramount importance. for developing
effective adaptation strategies (Hulme, 2001).

Traditional methods for climate analysis often rely on linear statistical approaches that fail
to capture the non-stationary and non-linear nature of climatic procésses. (Franzke et al.,
2008; Ryan et al., 2025). These methods, such as linear regression or Mann-Kendall tests,
are designed to detect gradual, monotonic trends but are blind to abrupt.shifts, changes in
volatility, or the restructuring of climate patterns. In a system as complex as the climate,
assuming stationarity the idea that the statistical properties of the system do not change
over time is not only a simplification but a potentially dangerous misrepresentation of
reality (Cohn & Lins, 2005). This is particularly true in "hotspot" regions like the
Mediterranean, where climate change is expeeted to manifest not just as a gradual warming
but as a fundamental alteration of weather patterns (Diffenbaugh & Giorgi, 2012). Recent
studies have established strong teleconnections between Mediterranean climate variability
and large-scale atmospheric cireulation patterns, particularly the North Atlantic Oscillation

(NAO), which modulates winter precipitation and temperature extremes across the region
(Hurrell & Deser, 2009; Trigo et al.,.2004):

Hidden Markov Models (HMMs) have emerged as a powerful tool for modeling and
analyzing complex time series by identifying a finite number of hidden states, or "regimes,"
that govern the observed variables (Bracken et al., 2014; Zucchini et al., 2016). This
approach allows for a more nuanced view of the climate, where the system is understood
to switch between a set of distinct, quasi-stable states (e.g., 'Hot & Dry', 'Cool & Wet'),
each with.its own statistical properties. However, standard HMMs assume that the model
parameters the transition probabilities between states and the emission probabilities within
each state are constant over time. This assumption of stationarity is a major limitation when
dealing with a changing climate (Rand et al., 2024; Hughes & Guttorp, 1994).

This study addresses this gap by proposing an innovative and sophisticated approach that
combines a Non-Stationary Hidden Markov Model (NSHMM) with Bayesian Concept
Drift Detection and CUSUM changepoint analysis. This integrated framework allows for
the identification of climate regimes with time-varying parameters, the detection of abrupt
changes in the underlying climate dynamics (concept drifts), and the precise localization
of temporal rupture points. By applying this methodology to a comprehensive dataset of
daily meteorological observations from eight representative grid points in northwestern
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Algeria over a 35-year period (1990-2024), this study aims to provide a detailed and robust
characterization of the regional climate dynamics, revealing changes that remain invisible
to traditional linear methods.

2. Materials and Methods

2.1. Study Area and Data

The study focuses on the northwestern region of Algeria, a key agricultural zone
characterized by a semi-arid Mediterranean climate. Daily climate data were obtained from
the ERA5-Land dataset, the latest generation of atmospheric reanalysis produced by the
European Centre for Medium-Range Weather Forecasts (ECMWE), which combines
historical observations from multiple sources with numerical weather prediction models to
produce spatially and temporally consistent climate records‘@at:a‘high spatial resolution of
0.1° x 0.1° (~9 km) (Hersbach et al., 2020). Data were downleaded directly from the
Copernicus Climate Data Store (https://cds.climate.copernicus.eu ) for eight representative
grid points strategically selected to capture the regional climatic gradient: from the coastal
zone (Oran: 35.63°N, 0.60°W; Mostaganem: 35.93°N, 0.09°E) through the interior
agricultural plains (Chlef: 36.21°N, 1.33°E; Relizane:35.73°N, 0:56°E; Mascara: 35.40°N,
0.14°E; Sidi Bel Abbes: 35.19°N, 0.63°W) to the semi=arid highlands (Tlemcen: 34.88°N,
1.32°W; Tiaret: 35.37°N, 1.32°E). The dataset compfises a continuous 35-year daily record
from January 1, 1990, to December 31, 2024 (n = 12,784 days), with hourly estimates
aggregated to daily values duting pest-processing. The extracted variables include 2-meter
mean, maximum, and minimum temperature (°C), total precipitation (mm), potential
evapotranspiration (mm), and mean relative humidity (%). A key advantage of using
reanalysis data over conventional station observations is the complete spatial and temporal
coverage without missing values, thereby eliminating the need for gap-filling or
interpolation procedures that can introduce uncertainty in station-based analyses. The study
area and grid point locations are presented in Figure 1.

To isolate the underlying climate dynamics from the strong, predictable seasonal cycle, the
daily data were first aggregated into monthly values (n=420 months). Subsequently, these
monthly time series were standardized. For each month of the year (e.g., all Januaries), we
calculated the long-term mean and standard deviation over the 35-year period. The monthly
values were then transformed into Z-score anomalies by subtracting the corresponding
monthly mean and dividing by the standard deviation. This process yields dimensionless
time series of temperature and precipitation anomalies, where positive values indicate
warmer/wetter than average conditions and negative values indicate cooler/drier than
average conditions for that specific month.



Study Area: Northwestern Algeria
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Figure 1. Study area and station network i

2.2. Methodological Framewo
Our analysis is built
characterize non-stati ity in the climate system, as illustrated in Figure 2. This
integrated framew;
time-varying natu



INPUT DATA

* Daily Data 1990-2024 (35 years)
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FIGURE 2: Methodological Framework

2.2.1. Pillar' 1: Non-Stationary Hidden Markov Model (NSHMM)

A Hidden Markov Model is a powerful statistical tool for modeling time series that are
governed by an unobserved underlying process. It assumes that the system transitions
between a finite number of unobserved 'hidden states' (the climate regimes), and that the

observations generated by the system depend on the current hidden state. The complete set
of parameters to be modeled, A = (A, B, m), defines the HMM:

* The initial state distribution, 7w: A vector where m; = P(q: = S) is the probability that the
first observation in the time series belongs to state S;.



* The transition probability matrix, A: An N x N matrix where each element a;; = P(q; =
Si | g1 = Si) represents the probability of transitioning from climate state S; at time t-1 to
state S; at time t. The diagonal elements, a;;, represent the persistence of each state.

* The emission probability distribution, B: A set of probability distributions, one for each
state, that defines the statistical properties of the observations generated within that state.
For continuous data, this is typically a multivariate Gaussian distribution:

bi(0) =N(O¢ w;, &) (Equation 1)

Justification of Temporal Segmentation: While endogenous changepoint detection
methods exist (e.g., Bayesian Online Changepoint Detection), a piecewise stationary
approach with decadal segmentation was deliberately chosen /for this  study. This
methodological choice offers several advantages: (1) it allows'fora direct and.interpretable
comparison of climate dynamics across periods that align with international climate
assessment cycles (e.g., [PCC Assessment Reports publishéd approximately every decade).
It should be noted that the standard reference period for, climate averaging, as
recommended by the World Meteorological Organization (WMO), is 30 years. However,
a 10-year segmentation was deliberately adopted hereto increase temporal resolution and
capture decadal-scale shifts that would be’ smoothed out in 30-year averages; (2) it
facilitates the comparison of our results with the, broader scientific literature, which
commonly reports climate statistics on decadal timescales; and (3) it provides a clear,
structured narrative of climate, evolution that is accessible to policymakers and
stakeholders. Furthermore, a preliminary analysis using the Pettitt test (Pettitt, 1979)
confirmed that the major changepoints in our data occur near the decadal boundaries (1998,
2009, 2018), validating the appropriateness of this segmentation approach.

To explicitly models non-stationarity, we implement a piecewise stationary HMM
(NSHMM). This approach relaxes the core HMM assumption that the parameters A are
constant over time. We divide the 35-year period into four distinct, consecutive sub-periods
(1990-1999, 2000-2009, 2010-2019, 2020-2024). A separate HMM, A, = (A,, B,, m), is
trained for.each period p using the Baum-Welch algorithm (Rabiner, 1989). This iterative
algorithm, a special case of the Expectation-Maximization (EM) algorithm, finds the model
parameters<that locally maximize the likelihood P(O[L). By comparing the estimated
parameters (A,, Bp) across periods, we can directly track the evolution of the climate
regimes' characteristics, such as their frequency, persistence, and mean
temperature/precipitation.

2.2.2. Pillar 2: Bayesian Concept Drift Detection

To formally quantify the magnitude of the shifts between consecutive periods, we calculate
a composite concept drift score (D). This score provides a single, interpretable metric of
the dissimilarity between the HMM parameters of two adjacent models, A, and A,+1. The
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score is a weighted sum of three components, each capturing a different dimension of
model change:

D=o0a-'D freq+ p-D_mean +y-D trans (Equation 2)

Where:

* D_freq (Frequency Drift) measures the change in the stationary distribution of the states,
calculated as the sum of absolute differences in state frequencies.
* D _mean (Mean Drift) quantifies the change in the central tendency, of the states,
calculated as the average Euclidean distance between the mean vectors (p) of
corresponding states.
* D_trans (Transition Drift) captures the change in the system's dynamics, calculated as
the Frobenius norm of the difference between the two transition matrices (A).

Parameter Justification and Sensitivity Analysis: The weights o, B, and y were set to
0.4, 0.3, and 0.3, respectively. This weighting scheme prioritizes changés in state frequency
(0=0.4), reflecting our primary focus on the occurrence‘of extreme climate regimes, which
has direct agronomic implications. A comprehensivesensitivity-analysis was conducted by
varying each weight within +0.1 of its nominal value while maintaining the constraint
a+P+y=1. The results (Table S1 in Supplementary Material) confirmed that the detection
of major shifts (D > 0.4) is robust to these variations, with all tested parameter
combinations identifying the same three major transition periods. The classification of drift
magnitude (Minor: D<0.2, Modezate: 0.2<D<0.4, Major: D>0.4) follows the thresholds
proposed by Gama et al. (2014) for coneept drift detection in environmental time series.

2.2.3. Pillar 3: CUSUM Changepoint Detection

To independently validate the timing of shifts in the climate series, we use the Cumulative
Sum (CUSUM) algorithm (Page, 1954). This non-parametric method is highly effective at
identifying small but.petsistent shifts in the mean of a time series. For a time series x; with
a long-term mean p, the CUSUM algorithm calculates two cumulative sums:

S¢ = max(0, Se¢a” + (X¢ - p)) (Equation 3)
S¢ = min(0, S¢-~ + (x¢ - p)) (Equation 4)

A changepoint is flagged whenever either cumulative sum exceeds a predefined threshold,
H = k-c. Threshold Selection: The parameter k was determined through an optimization
procedure that balances sensitivity (detection of true changes) and specificity (rejection of
false alarms). We tested k values ranging from 3 to 5 in increments of 0.5. For each k, we
calculated the Average Run Length (ARL) under the null hypothesis of no change and
compared it to the expected number of changepoints based on the NSHMM results. The
value k=4 was selected as it provided the optimal balance, yielding an ARLo of
approximately 370 observations (equivalent to ~31 years under the null hypothesis) while
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successfully detecting the major shifts identified by the NSHMM. This choice is consistent
with the recommendations of Montgomery (2009) for environmental monitoring
applications.

2.2.4. Model Selection and Validation

A critical step in HMM analysis is selecting the optimal number of hidden states (N). We
determined the optimal N by comparing the Bayesian Information Criterion (BIC;
Schwarz, 1978) for models with N ranging from 2 to 8:

BIC =-2:In(L) + k'In(n) (Equation 5)

Where L is the maximized value of the likelithood function, k is the ‘number of free
parameters in the model, and n is the number of observations. The BIC values for different
numbers of states were: N=2 (BIC=1847.3), N=3 (BIC=1623:5),N=4 (BIC=1489.2), N=5
(BIC=1512.8), N=6 (BIC=1567.4). The model with N=4 states showed a distinct minimum
in BIC, with a ABIC of 23.6 compared to N=5, indicating strong evidence (Kass & Raftery,
1995) that a four-state model is the most parsimonious representation of the data. The
Akaike Information Criterion (AIC) confirmedinthis selection (AICs=1456.7 vs
AICs=1492.3).

2.2.5. Pillar 4: Probabilistic Drought Early Warning System (DEWS)

The ultimate goal of our analytical framework is.to translate the complex findings of the
NSHMM into an actionablendecision-support tool. To this end, we developed a
Probabilistic Drought Early Warning System (DEWS). The core of the DEWS lies in
leveraging the seasonally-dependenttransition matrices (A) estimated by the NSHMM for
the most recent period,(2020-2024).

Spatialization Methodology: For the generation of spatially continuous risk maps from
the four point-based station estimates, we employed an Inverse Distance Weighting (IDW)
interpolation method with a power parameter of 2. While more sophisticated geostatistical
methods such as Kriging are available, IDW was deliberately chosen for several reasons:
(1) with enly eight grid points, the estimation of a reliable variogram for kriging is not
statistically robust; (2) IDW provides a transparent, deterministic, and easily reproducible
interpolation that is appropriate for strategic-level visualization; (3) the method effectively
highlights local hotspots without introducing spurious spatial patterns. We acknowledge
that the resulting maps should be interpreted as indicative of spatial risk gradients rather
than precise point estimates, and we recommend that future work incorporate additional
station data to enable more sophisticated spatial modeling.

3. Results
The integrated analysis reveals a complex pattern of non-stationary climate change, with
the four methodological pillars providing a consistent and mutually reinforcing narrative.
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The results demonstrate not only a directional trend towards warmer and drier conditions
but, more importantly, a fundamental restructuring of the climate system's internal
dynamics.

3.1. The Failure of Linearity: A Deceptive Signal of Stability

A preliminary analysis using conventional statistical methods paints a misleading picture
of climatic stability in Northwestern Algeria. Standard linear trend analysis via the Mann-
Kendall test on the aggregated monthly temperature and precipitation time series yields
non-significant results (Z = 1.40, p = 0.16 for temperature; Z = -0.95, p = 0.34 for
precipitation). Similarly, an Analysis of Variance (ANOVA) comparing the mean
temperature and precipitation across the four decades (1990s, 2000s, 2010s, 2020s).shows
no statistically significant difference between the groups (F(3, 416)= 0.60, p.= 0.61 for
temperature; F(3,416) =0.45, p=0.72 for precipitation). These results, taken at face value,
would suggest that the regional climate has remained largely unchanged. over the past 35
years.

This conclusion is dangerously deceptive, as it masks the profound underlying shifts in
climatic dynamics that our non-stationary approach reveals. The illusion of stability is a
classic pitfall of linear methods when applied to complex, non-linear systems like climate.
These tests are designed to detect gradual, monotoni¢ changes, but they are blind to the
more abrupt, state-based reorganizationsithat characterize the region's recent climatic
evolution. For instance, while the overall mean temperature may not have shifted
significantly, the frequency and intensity of extreme events have changed dramatically.
Our analysis shows that the proportion of months classified as 'very hot' (exceeding the
90th percentile) has more than doubled, from 7.5% in the 1990s to 16.7% in the 2020s.
Concurrently, the frequéncy of 'very dry' months (less than 10mm of precipitation) has
increased from 32.5% to 40.0% over the same period. These critical changes in the tails of
the distribution are not captured by standard linear trend tests when applied to mean values
of temperature'and precipitation. It is important to note that linear models can, in principle,
detectitrends)in extreme values when the appropriate statistics are selected (e.g., quantile
regression on the 90th or 10th percentiles). However, when applied to central tendency
measures, as\is most commonly done, they mask the significant changes occurring in the
tails of the_distribution. This does not diminish the utility of linear methods per se, but
rather underscores the importance of selecting the proper statistical framework depending
on whether one is interested in changes in mean values or in extreme events (Figure 3,
Figure 4).
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THE FAILURE OF LINEAR METHODS: Mann-Kendall and ANOVA Tests
Both Tests Show Non-Significant Results, Masking Underlying Climate Shifts

(a) Temperature Time Series with Linear Trend (b) Precipitation Time Series with Linear Trend
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FIGURE 3: Mann-Kendall
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WHAT LINEAR TESTS CANNOT SEE: The Hidden Climate Shift
Changes in Extremes and Variability Masked by Stable Means
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CONCLUSION: "No significant change detected”
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CONCLUSION: "Profound reorganization of climate dynamics"
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FIGURE 4: What linear tests miss: changes in extremes and variability
3.2. Deconstructing €limate: The Four Hidden Regimes

The NSHMM successfully deconstructs the complex climatic variability into four distinct,
meteorologically interpretable hidden regimes. These states represent recurrent patterns of
temperature and precipitation anomalies that define the region's climate dynamics:

State 0:.'Cool & Wet' (47.4% frequency). This is the most dominant and persistent
regime, representing the region's baseline winter climate. It is characterized by slightly
below-average temperatures (T anomaly = -0.58c) and significantly above-average
precipitation (P_anomaly = +1.255), with an average of 65.4 mm/month. Its high
persistence of 0.82 indicates that once the climate enters this state, it is likely to remain
there for an average duration of 5.6 months, sustaining the region's water resources. A
seasonal decomposition of state occurrences confirms that State 0 is predominantly a
winter regime: 72% of its occurrences fall within the November—March period, with a peak
frequency in January (85% of January months classified as State 0). Conversely, its
occurrence drops to less than 10% during the June—August period. The seasonal
distribution of all four states is summarized in Table S2 (Supplementary Material),
providing quantitative support for the seasonal characterization of each regime.
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State 1: 'Hot & Very Dry' (20.5% frequency). This is the most extreme and
agronomically dangerous state. It is defined by extreme positive temperature anomalies
(T anomaly = +1.360) and a catastrophic lack of rainfall (P_anomaly = -0.99c), with a
negligible average of only 1.2 mm/month. Although it is the second most frequent state, its
persistence of 0.65 is lower than the 'Cool & Wet' state, with an average duration of 2.9
months. However, as we will show, the frequency and persistence of this state have
dramatically increased in recent years.

State 2: "'Warm & Dry' (14.5% frequency). This transitional state represents a milder
form of drought, with moderately warm temperatures (T _anomaly = +0.45¢) and below-
average precipitation (P_anomaly = -0.65c). With a low persistence of 0.46, it is a highly
transient state, often acting as a bridge between the wetter and more€xtreme dry regimes.

State 3: 'Hot & Dry' (17.6% frequency). This regime représents a more established
summer drought condition, with high temperatures (T ‘anomaly = +0.950) and
significantly reduced rainfall (P_anomaly = -0.850). Its/persistence of 0.53 is moderate,
indicating a relatively stable summer pattern. The distinction between State 1 and State 3
is crucial: State 1 represents an extreme, often unseasonal, heatwave and drought, while
State 3 represents the expected, albeit intense, summer dryness. The temporal evolution of
these regimes is illustrated in Figure 5, while the state space representation is presented
in Figure 6.
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3.3. Non-Stationary Dynamics of Climate Regimes

The power of the NSHMM approach is its ability to reveal how the behavior of these four
regimes has changed over time. The analysis shows a dramatic restructuring of the regional
climate:

The Rise of the Hot.& Dry Regime: The most striking change is the increase in the
frequency of the Hot & Very Dry state (State 1). In the 1990s, this state occurred 27.5% of
the time. This jumped to 40.0% in the 2000s and has remained high, at 36.7% in the 2020s.
This represents a relative increase of 33% in the occurrence of the most extreme drought
conditions.

Increased Persistence of Extremes: Not only is State 1 more frequent, but it has also
become more persistent. The probability of staying in State 1 from one month to the next
increased from 0.686 in the 1990s to 0.782 in the 2000s. This translates to longer and more
sustained periods of drought and heat, with the average duration increasing from 3.2
months to 4.6 months.
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Concept Drift Quantification: These changes are quantified by the Bayesian Concept
Drift analysis, which identifies three major shifts in the climate system. The transition from
the 1990s to the 2000s registered a total drift score of D = 0.5175, categorized as a 'Major
Shift'. An even larger shift occurred between the 2000s and the 2010s, with a staggering
drift score of D = 0.8010, driven by a radical change in the mean characteristics of the
states (D_mean = 2.0307). The most recent transition (2010s to 2020s) also constitutes a
'Major Shift' with a score of D = 0.4684. It should be noted that the D values reported here
represent the weighted composite scores calculated using Equation 2 (0=0.4, $=0.3, y=0.3),
whereas Figure 8 displays the individual component scores (D freq, D
separately. The composite D is not a simple average of these components
sum, which accounts for the apparent numerical differences between the te
These scores provide statistical proof that the underlying generatin
has fundamentally changed. (Figure 7, Figure 8), *
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3.4. CUSUM Changepoint Analysis: Quantifying emporal Structure of Climate
Shifts
The CUSUM (Cumulative is provides an independent, non-parametric
validation of the climate shi i e NSHMM and Concept Drift analyses
(Lobell et al., 2008; Olesen 02). Unlike these model-based approaches,
CUSUM operates di time series data, detecting specific points in time
where the statistical data undergo abrupt changes. This methodological

triangulation stre stness of our findings (Figure 9).

3.4.1. Tempe epoint Analysis

The the temperature time series, using a threshold parameter k=4
(corre 3.74°C), detected a total of 66 changepoints over the 35-year study

0 an average of 1.89 changepoints per year. It is important to clarify
M-detected changepoints are fundamentally different from the HMM state
transitions described in Section 3.2. While HMM state transitions represent switches
between the four identified climate regimes (which occur routinely as part of the seasonal
cycle), CUSUM changepoints identify statistically significant shifts in the cumulative
mean of the raw temperature time series, independent of the HMM framework. A CUSUM
changepoint is flagged only when the cumulative deviation from the long-term mean
exceeds the threshold H = 23.74°C (k=4), indicating a persistent and substantial shift in the
underlying temperature level rather than a routine seasonal fluctuation. This high frequency
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of detected shifts confirms that the regional temperature regime is in a state of continuous
flux rather than gradual, monotonic change.

The directional analysis of these changepoints reveals a critical asymmetry. Of the 66
detected shifts, 34 (51.5%) correspond to positive shifts (warming events), while 32
(48.5%) correspond to negative shifts (cooling events). This results in a positive-to-
negative ratio of 1.06. While this ratio may appear close to unity, its persistence over 35
years has profound cumulative implications. A simple calculation demonstrates this: if
each positive shift represents an average anomaly of +0.8°C and each negative shift -0.8°C,
the net cumulative effect over 35 years is (34 - 32) x 0.8 = +1.6°C of net warming, which
aligns closely with observed regional warming trends reported in the literature.
Specifically, Hamlaoui-Moulai et al. (2013) documented a¢ warming  rate of
+0.28°C/decade in Western Algeria, while the IPCC Sixth. Assessment Report (IPCC,
2021) estimates a regional warming of +1.2 to +1.8°C over the Mediterranéan basin since
the pre-industrial period. Taibi et al. (2017) further confirmed accelerated warming trends
across the Maghreb region.

Table 1. The decadal distribution of temperature changepoints provides further insight into
the temporal dynamics of warming:

Decade Positive Shifts | Negative Shifts, | Ratio Interpretation

1990-1999 9 9 1.00 Balanced
period

2000-2009 10 10 1.00 Balanced
period

2010-2019 10 10 1.00 Balanced
period

2020-2024 5 3 1.67 Accelerated
warming

TOTAL 34 32 1.06 Net warming
signal

The most striking finding is the clear asymmetry in the most recent period (2020-2024),
where the ratio of positive to negative shifts reaches 1.67. Despite representing only 5 years
of data, this period shows a disproportionate dominance of warming events, suggesting an
acceleration of the warming trend in the most recent years.
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3.4.2. Precipitation Changepoint Analysis

The CUSUM analysis of precipitation, using a threshold of H =97.66 mm (k=4), detected
47 changepoints over the study period, corresponding to 1.34 changepoints per year. The
lower frequency compared to temperature reflects the higher natural variability of
precipitation in semi-arid climates.

The directional analysis reveals a drying signal: 22 (46.8%) of the changepoints
correspond to positive shifts (wetting events), while 25 (53.2%) correspond to negative
shifts (drying events). The resulting positive-to-negative ratio of 0.88 indicates a systematic
imbalance towards drying conditions.

Table 2. The decadal distribution of precipitation changepoints is particularly revealing:

Decade Positive Shifts | Negative Shifts | Ratio Interpretation

1990-1999 6 5 120 Slightly wetter

2000-2009 7 8 0.88 Transition to
drying

2010-2019 7 7 1.00 Balanced period

2020-2024 2 5 0.40 Strong drying
signal

TOTAL 22 25 0.88 Net drying
signal

The 2020-2024 period shows a dramatic shift, with a ratio of only 0.40, meaning that drying
events outnumber wetting events by a factor of 2.5. This provides strong, independent
evidence that the region is experiencing an accelerated drying trend in the most recent
years, corroborating the increased frequency of the 'Hot & Very Dry' regime identified by
the NSHMM.

3.4.3. Converging Evidence of Accelerated Climate Change

The combined CUSUM analysis of temperature and precipitation provides converging,
independent evidence of accelerated climate change in northwestern Algeria. This
synthesis reveals a coherent pattern of climate system reorganization that is quantitatively
consistent across all three analytical pillars of our framework.
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Quantitative Convergence of Evidence

The simultaneous increase in warming shifts (ratio 1.67) and drying shifts (ratio 0.40)
during the 2020-2024 period represents a compound climate signal of exceptional
magnitude. To quantify this compound effect, we computed a Combined Climate Stress
Index (CCSI) defined as the product of the warming ratio and the inverse of the drying
ratio:

CCSI = Warming Ratio x (1 / Drying Ratio) = 1.67 x (1/0.40) =1.67 x 2.50 = 4.18

This CCSI value of 4.18 for the 2020-2024 period contrasts sharply with the baseline period
(1990-1999), where CCSI = 1.00 x (1 / 1.20) = 0.83. The ratio between these values
indicates that the compound climate stress has increased by a factor.of 5.0 (4.18 /0.83)
over the 35-year study period.

Cross-Validation with Concept Drift Scores

The CUSUM findings are quantitatively consistent with the Bayesian Concept Drift
analysis. The concept drift score for the 2010s—2020s'transition,was 0.47, classified as a
"Major Shift".

Table 3. The CUSUM analysis independently-eonfirms this classification:

Metric 2010s—2020s Change Interpretation
Temperature warming ratio | 1.00 — 1.67 +67% increase
Precipitation drying ratio 1.00. — 0.40 -60% decrease
Concept Drift Score 0.47 Major Shift confirmed
CUSUM Changepoints (T) | 20->8 Concentrated shifts
CUSUM Changepoints (P) | 14 =7 Concentrated shifts

Implications for Agricultural Systems
The compound nature of this climate signal poses significant risks for agricultural systems.
A warming ratio of 1.67 combined with a drying ratio of 0.40 means that for every 5
climate events in the 2020-2024 period:

e 3.3 events are warming events (vs. 2.5 expected under balance)

e 3.6 events are drying events (vs. 2.5 expected under balance)

This asymmetry translates into a 32% higher probability of experiencing simultaneous
heat and drought stress during critical crop growth stages. For durum wheat, the dominant
crop in the region, this compound stress during the grain-filling period (April-May) can
reduce yields by 25-40% compared to single-stress conditions (Lobell et al., 2008).
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Temporal Acceleration Pattern

Table 4. The decadal analysis reveals a clear temporal acceleration pattern:

Period Temperature Precipitation CCSI Trend
Ratio Ratio

1990-1999 1.00 1.20 0.83 Baseline

2000-2009 1.00 0.88 1.14 +37% s
baseline

2010-2019 1.00 1.00 1.00 Stable

2020-2024 1.67 0.40 4.18 +404%  vs
baseline

The CCSI increased by 404% between the 1990s and 2020s, with the most dramatic
acceleration occurring in the most recent 5-year period/ However, this result should be
interpreted with caution, as the 2020-2024 period represents only half the duration of the
baseline and other sub-periods (5 years vs. 10 years), andra’ 10-year window is itself
relatively short for robustly assessing climate change signals. The bootstrap analysis
presented in Section 4.4 provides some reassurance that the observed changes are not
artifacts of the shorter time window (94% ‘of bootstrap iterations confirming a ‘Major
Shift’), but longer observational records will be necessary to confirm whether this
acceleration represents a sustained trendor a transient anomaly. Notwithstanding this
caveat, the non-linear acceleration pattern is consistent with the hypothesis that the climate
system may be approaching or has ¢rossed a critical threshold.

The convergence of evidence from CUSUM changepoint analysis, Bayesian Concept Drift
detection, and, NSHMM regime characterization provides robust, multi-method
confirmation that the climate of northwestern Algeria is undergoing accelerated change.
The ‘compound warming-drying signal detected in the 2020-2024 period, with a CCSI of
4.18 (5* baseline), represents a fundamental reorganization of the regional climate system
with profound implications for water resources, agricultural productivity, and food
security.
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FIGURE 9: CUSUM changepoint detection for temperature and precipitation.

3.5. Operationalizing the Findings: The Probabilistic Drought Early Warning System
(DEWS)

The ultimate goal of our analytical framework is to translate the complex findings of the
NSHMM into an actionable decision-support tool. To this end, we developed a dynamic,
probabilistic Drought Early Warning System (DEWS). This system represents a paradigm
shift from reactive crisis management to proactive, risk-based planning. The core of the
DEWS lies in leveraging the seasonally-dependent transition matrices (A) estimated by the
NSHMM for the most recent climate period (2020-2024), which encapsulate the most up-
to-date understanding of the regional climate dynamics.

The Forecasting Procedure: From HMM States to Risk Maps
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The generation of the probabilistic forecast maps (Figure 10) illustrating the temporal
evolution of drought risk from May to September 2025 follows a rigorous, multi-step
procedure.

Step 1: Determination of the Initial State. For each forecast period, the most likely current
climate state for each of the eight grid points (Oran, Mostaganem, Chlef, Relizane,
Mascara, Sidi Bel Abbes, Tlemcen, and Tiaret) is determined by feeding the most recent
observational data into the trained HMM and applying the Viterbi algorithm to identify the
most probable hidden state.

Step 2: Extraction of Transition Probabilities. Once the current state is/established, the
corresponding row in the monthly transition probability matrix (A).is consulted. For
instance, if Relizane is determined to be in State 0 ('Cool & Wet') at the end of April, the
value aoi from the May transition matrix provides the probability of transitioning to State
1 ('Hot & Very Dry'), yielding the initial 65% drought probability observed in the May
forecast map.

Step 3: Iterative Forecasting for Seasonal Projection: This process is iterated sequentially
across the five-month period: the forecasted probability distribution for May becomes the
input for June, June for July, and so forth, ehabling the system to project the progressive
intensification of drought risk—from moderate levels (45-65%) in May through the
extreme peak (75-90%) in August, and the subsequent decline (65-80%) in September.
Step 4: Spatial Interpolation @nd:Mapping. The point-based probability values calculated
for each station are spatially interpolated using an Inverse Distance Weighting (IDW)
method to create a continuous tisK surface across Northwestern Algeria. This method
effectively highlightsthednland hotspot gradient, where interior grid points (Relizane 90%,
Mascara 88%) consisténtly.exhibit higher probabilities than coastal locations (Mostaganem
79%., Oran 85%), without requiring a dense station network. The resulting grids are color-
coded according to predefined alert levels Green for Low (<40%), Yellow for Moderate
(40-60%), Orange for High (60-80%), and Pink/Magenta for Extreme (>80%) producing
the final series of easily interpretable risk maps that clearly visualize the spatio-temporal
evolution of drought across the agricultural season.

Post-hoc Vetification of the May—September 2025 Forecast: The severe drought conditions
forecasted by the DEWS for northwestern Algeria during the May—September 2025 period
were subsequently corroborated by multiple independent observational datasets. Satellite
monitoring and agricultural reports confirmed persistent precipitation deficits and
degraded crop health across western Algeria, resulting in below-average cereal yields
(USDA-FAS, 2025; Biavetti et al., 2025; Ben Aoun et al., 2025). The JRC Global Drought
Observatory documented significant vegetation stress and yield reductions specifically in
the western wilayas (European Commission, 2025), consistent with broader
macroeconomic assessments of the 2024-2025 agricultural season (World Bank, 2025;
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FAO, 2026). Mechanistically, this drought episode coincided with a strongly positive
North Atlantic Oscillation (NAO) index during the preceding winter (DJF mean: +0.76)
that persisted throughout the summer of 2025 (NOAA, 2026). This synoptic configuration
induces anomalous subsidence and dry northerly advection over the western Mediterranean
(Seager et al., 2026), providing robust physical validation of the NAO-driven drought
teleconnection captured by the DEWS model.

TEMPORAL EVOLUTION OF DROUGHT RISK - NORTHWESTERN ALGERIA (MAY-SEPTEMBER 2025)
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4. Discussion
4.1. Beyond Linearity: A New Paradigm for Climate Change Detection

The most significant and arguably most critical finding of this study is the profound
methodological divergence between the conclusions drawn from traditional linear
statistical tests and those from our non-stationary, regime-based approach. The non-
significant results of the Mann-Kendall test for both temperature (Z = 1.40, p = 0.16) and
precipitation (Z = -0.95, p = 0.34), as well as the ANOVA tests for decadal means (p >
0.60 in all cases), paint a dangerously misleading picture of a stable climate. If one were to
rely solely on these conventional methods, the conclusion would be that the climate of
northwestern Algeria has not undergone any statistically significant change over the past
35 years.

This finding is not merely an academic curiosity; it has profound implications for policy
and adaptation planning, as it would suggest that existing water’ management and
agricultural strategies remain adequate. Our analysis, however, demonstrates that this
apparent stability is an artifact of the methodological limitations of linear analysis. The
climate of northwestern Algeria has not been stable; it has undergone a profound, non-
linear restructuring. The system is not just gradually warming; it is fundamentally
reorganizing itself. The key insight provided by the NSHMM is that climate change is not
manifesting as a smooth, monotonic trend, but'as'a change in the underlying “rules of the
game.” The ‘Hot & Very Dry’ regime, which was a relatively infrequent occurrence in the
1990s (27.5% of the time), has become a much more dominant feature of the climate
system, occurring 40.0% of the time in the 2000s and remaining high since. This is a 45%
relative increase in the frequency of the most extreme drought conditions. Furthermore, the
persistence of this state has increased, with the average duration of a ‘Hot & Very Dry’
event lengthening/from 3.2 months to 4.6 months. This means that droughts are not only
more frequent but also longer-lasting.

This‘dramatic shift is,quantified by the Bayesian Concept Drift analysis, which identified
three major structural breaks in the climate system, with drift scores reaching as high as
0.80. This provides robust, quantitative evidence that the underlying statistical properties
of the climate have changed. The CUSUM analysis further corroborates this by identifying
66 changepoints in temperature and 47 in precipitation, demonstrating that the system is in
a constant state of flux. This highlights a critical limitation of linear analysis carried out
using mean values of temperature and precipitation in the context of climate change
analysis and underscores the necessity of employing more sophisticated models that can
account for non-stationarity and regime-like behavior (Franzke et al., 2008; Cohn & Lins,
2005). Our study serves as a powerful case study for why climate impact assessments must
move beyond simple trend analysis and embrace the complexity of non-linear dynamics.
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4.2. Teleconnections with Large-Scale Atmospheric Circulation

A key question arising from our findings concerns the physical drivers of the observed
regime shifts. To investigate this, we examined the relationship between the identified
climate regimes and major modes of atmospheric variability. Our analysis reveals a
significant correlation (r = 0.58, p < 0.01) between the frequency of the 'Hot & Very Dry'
regime and the positive phase of the North Atlantic Oscillation (NAO) during winter
months (December-February). This seasonal specificity is supported by the seasonal
decomposition of state occurrences presented in Table S2 (Supplementary Material), which
demonstrates that the ‘Hot & Very Dry’ regime exhibits a statistically significant inverse
relationship with the NAO index specifically during the December—February window,
when the NAO exerts its strongest influence on Mediterranean precipitation patterns. The
NAO is the dominant mode of atmospheric variability in the North/Atlantic region and is
known to strongly influence Mediterranean climate (Hurrell &Deser; 2009). A positive
NAO phase is associated with a northward shift of the Atlantie, storm track, leading to
reduced precipitation and warmer temperatures in the Mediterranean' basin (Trigo et al.,
2004). Furthermore, we found a weaker but still significant correlation (r = 0.42, p < 0.05)
with the Atlantic Multidecadal Oscillation (AMO), suggesting that multi-decadal
variability in North Atlantic sea surface temperatures.may also contribute to the long-term
shifts observed in our data. These teleconnections provide a physical mechanism for the
observed changes and suggest that the regime shiftsidetected in Northwestern Algeria are
part of a broader pattern of climate reorganization across the Mediterranean region.

4.3. Comparison with National and International Studies

Our results are not only internally consistent but also align with, and significantly deepen,
the findings of previousresearch at both national and international scales. At the national
level, our work moyes beyond the linear trend analyses that have characterized most prior
studies in Algeria. For instance, while Ghenim & Megnounif (2017) reported a statistically
significant linéar decrease in annual rainfall of approximately -18 mm/decade in the Macta
watershedy our regime-based analysis reframes this finding. We demonstrate that this
aggregate trend is not a gradual, uniform decline but is primarily driven by a 45% increase
in the frequency of the 'Hot & Very Dry' regime, which is characterized by a catastrophic
precipitation deficit of nearly -45 mm/month compared to the long-term average. Similarly,
Hamlaoui-Moulai et al. (2013) identified a warming trend of +0.28°C/decade in Western
Algeria. Our NSHMM provides a mechanistic explanation for this trend, showing that it is
largely attributable to the increased prevalence of the 'Hot & Very Dry' and 'Hot & Dry'
states, which have temperature anomalies of +1.36c (+2.8°C) and +0.95¢ (+2.0°C)
respectively. Our work, therefore, does not contradict these valuable national studies (Taibi
et al., 2017) but provides a much deeper, mechanistic insight into the non-linear processes
driving the observed linear trends. On an international scale, our findings provide a high-
resolution, regional-scale validation of broader Mediterranean-wide analyses. Cook et al.
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(2016), in their landmark 900-year drought atlas, identified the recent period as the most
severe and widespread drought episode in the last millennium. Our analysis provides a
granular view of how this macro-regional trend is manifesting in Northwestern Algeria:
through the near-complete dominance of the 'Hot & Very Dry' regime during the summer
months and its increasing encroachment into the spring and autumn shoulder seasons.

Furthermore, our finding of a strong link between the 'Hot & Very Dry' regime and the
positive phase of the North Atlantic Oscillation (r = 0.58, p < 0.01) provides a direct
regional manifestation of the large-scale circulation changes highlighted by Ben-Ari et al.
(2018) as the primary driver of recent extreme droughts in the Western Mediterranean. Our
regime-based analysis thus serves as a crucial bridge, connecting | the large-scale
atmospheric drivers identified in international studies to specific, obsérvable, and recurrent
weather patterns at the regional level, a connection that is essential for déveloping credible
local adaptation strategies.

4.4. Methodological Considerations and Robustness

It is important to acknowledge the methodological choices made in this study and their
implications. The parameters for the concept drift score (0=0.4, p=0.3, y=0.3) were
weighted to prioritize changes in state frequency, reflécting our focus on the occurrence of
extreme regimes. A comprehensive sensitivity analysis confirmed that the detection of
major shifts is robust to moderate variations.(£0:1) in these weights. Similarly, the CUSUM
threshold (k=4) was selected after testing a range of values (k=3 to 5), with k=4 providing
the best balance between signal detection andmnoise rejection for this specific dataset. The
choice of four hidden states was strongly.supported by the BIC, which showed a distinct
minimum at N=4 (ABIC = 23.6 compared to N=5), indicating that a more complex model
was not justified by the data.

Regarding the last period (2020-2024): We acknowledge that this period contains only 5
years of data compared to 10 years for the other periods. To assess whether this asymmetry
biases our sesults, we eonducted a bootstrap analysis by randomly subsampling 5-year
periods from the 1990s, 2000s, and 2010s data and recalculating the concept drift scores.
The results showed that the drift scores for the 2010s—2020s transition remain within the
'Major Shift' category in 94% of bootstrap iterations, confirming that the observed changes
are not artifacts of the shorter time window.

S. Conclusion

This study has demonstrated the critical importance of employing non-stationary, regime-
based methods for climate change detection in semi-arid systems. Our integrated
framework, combining NSHMM, Bayesian Concept Drift, and CUSUM analysis, has
provided indisputable evidence of abrupt, non-linear shifts in the climate of northwestern
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Algeria a reality entirely missed by conventional linear tests such as Mann-Kendall (p =
0.16) and ANOVA (p > 0.60), which misleadingly suggest a stable climate.

Our analysis reveals that the climate system is not gradually warming but fundamentally
reorganizing. The frequency of the extreme 'Hot & Very Dry' regime has increased by 45%
since the 1990s, while its average duration has lengthened by 44%, from 3.2 to 4.6 months.
These structural changes are confirmed by the detection of three major concept drifts, with
scores reaching 0.80, and by 113 changepoints identified by CUSUM analysis. The
significant correlation with the North Atlantic Oscillation (r = 0.58, p <0.01) provides a
physical mechanism linking regional changes to large-scale atmospheric dynamics.

The operationalization of these findings into a Probabilistic Drought Early Warning System
(DEWS), capable of issuing grid-point-level risk forecasts | indicating  transition
probabilities into the ‘Hot & Very Dry’ drought regime reaching up to 90% at the most
vulnerable interior locations during peak summer months, offers'a robust foundation for
proactive, regime-aware adaptation strategies (Kareiva ¢t al., 2007; Lobell et al., 2008).
Future work should focus on coupling these regime models with crop simulation models
to provide direct forecasts of agricultural impacts(Challinor et 'al., 2009; Smit & Wandel,
2006) and on integrating satellite remote sensing data to enhance spatial resolution.
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