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Abstract

Compound hot-dry hazards may intensify because heat or dryness becomes more
prevalent, or their dependence strengthens, or because hazardous days cluster into
persistent events. These pathways are obscured when change is assessed from event
counts alone. Here, a burden-amplification framework separates realized event
burden from excess heat-dryness co-occurrence. The framework was applied to 30
November-March growing seasons ending in 1996-2025 across Zambia using
CHIRPS rainfall, ERA5-Land maximum temperature and fixed 1986-2014 local
thresholds. Event burden was characterized by frequency, affected days, duration and
severity, while amplification measured observed joint occurrence relative to that
expected from separate hot- and dry-day probabilities. Event frequency showed no
robust linear increase (0.173 events per decade; 95% confidence interval, —0.133 to
0.489), although 2023/24 strongly influenced recent burden. Decomposition identified
increasing hot-day prevalence as the dominant positive component (+21.24% per
decade; 95% block-bootstrap confidence interval, 1.15 to 45.19), while dry-day
prevalence made a smaller, uncertain contribution (+3.15%; -1.35 to 7.81).
Amplification declined by 6.08% per decade (-8.76 to —3.05), offsetting approximately
39% of the net log-scale change. Consequently, the estimated increase in joint
occurrence remained uncertain (+17.46%; —6.56 to 47.32). The exceptionally high
burden but low amplification of 2023/24 demonstrates that more hazard need not imply
stronger dependence. Separating marginal prevalence, realized burden and
amplification can provide a more informative basis for monitoring compound hazards
within and beyond Zambia.

Keywords: compound events; hot-dry extremes; CHIRPS; ERAS5-Land; ENSO;
Zambia
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1 Introduction

Climate hazards rarely occur as isolated stresses (Leonard et al. 2014; AghaKouchak
et al. 2020). High temperature may coincide with rainfall deficits, prolonged dryness
may be followed by intense rainfall, and several moderate conditions may combine to
produce consequences greater than those associated with any component alone
(Lesk et al. 2022; Ebi 2025). These compound events are increasingly important in
climate-risk research because their impacts depend on the interaction, sequencing
and duration of the contributing hazards (Ebi 2025; Zscheischler et al. 2018;
Zscheischler et al. 2020). In rain-fed agricultural systems, for example, rainfall deficits
reduce soil-water availability while high temperatures raise atmospheric water
demand, accelerate crop water loss and can shorten critical stages of crop
development (Lesk et al. 2022; Zhang et al. 2023). Intense rainfall after an extended
dry spell may then generate runoff and erosion without fully restoring plant-available
water (Trnka et al. 2016; Cao et al. 2025). Understanding such combinations is
therefore important for seasonal monitoring, early warning and agricultural risk
management.

The growing literature on compound extremes has improved the identification of
multivariate and temporally connected hazards, but an important interpretive
challenge remains (Zscheischler et al. 2018; Zscheischler et al. 2020; Hao et al.
2018b; AghaKouchak et al. 2020; White et al. 2025). Event frequency, affected days,
event duration, severity, joint probability and statistical dependence describe different
properties of a hazard record (Al-Wardy et al. 2026). They may move in the same
direction, but they need not do so. A season can contain many hot-dry days simply
because hot conditions have become more common, even if heat is no more likely
than before to occur specifically during dry conditions. Conversely, a strong statistical
association between heat and dryness can occur in a season with relatively few
events. Treating these measures as interchangeable can obscure the physical
structure of change and complicate communication with decision-makers.

This distinction matters because the phrase “increasing compound hazard” can
describe several different developments (Al-Wardy et al. 2026). More events may
result from an increase in the prevalence of heat, an increase in the prevalence of
dryness, a strengthening of their dependence, or some combination of these
processes. Apparent trends can also be shaped by a small number of exceptional
seasons, particularly when observational records are only a few decades long. An
analysis based only on event counts or joint probabilities cannot determine which
component dominates (Vogel et al. 2024). It may correctly show that exposure
increased while inadvertently suggesting that the contributing hazards became more
tightly connected. For monitoring purposes, the amount of hazard experienced and
the dependence between its components should therefore be reported separately.

This study addresses the problem through a burden-amplification framework. Event
burden describes the amount of hazard realised through event frequency, affected
days, duration and severity, whereas amplification measures how often heat and
dryness co-occur relative to the frequency expected from their separate occurrence.
The decomposition follows established approaches that distinguish changes in
marginal probabilities from changes in dependence within compound events
(Bevacqua et al. 2019; Frangois and Vrac 2023) (Equation 1):

__ P(HND)

~ P(H)-P(D) Eqn 1
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where H denotes a hot day and D denotes a dry day.

Avalue above one indicates positive dependence, but it does not by itself imply a large
absolute burden: if hot or dry days are rare, their joint occurrence can remain
uncommon even when amplification is high. Likewise, a high burden does not
necessarily require rising amplification when one of the component hazards becomes
sufficiently prevalent.

The probability identity equation 2 provides an exact way to separate these
components. On a logarithmic scale, change in joint occurrence can be expressed as
the sum of changes in hot-day prevalence, dry-day prevalence and amplification.

P(HND) =P(H) x P(D) x A Eqgn 2

This approach follows methods that attribute compound-hazard probability change to
marginal and dependence contributions, most directly demonstrated for compound
coastal flooding from precipitation and storm surge (Bevacqua et al. 2019) and
subsequently formalized within a copula-based framework for other compound climate
hazards (Frangois and Vrac 2023). This decomposition is descriptive rather than
causal. It identifies which statistical component contributed to the observed joint trend
but does not establish the atmospheric, land-surface or socioeconomic mechanism
responsible for that component. Event burden is also related to, but not mathematically
identical to, daily joint probability because qualifying events depend on the temporal
clustering of hot and dry days into sustained spells (Figure 1). The framework
consequently links two questions that are often merged, how much compound hazard
occurred, and how unusually strongly did its components coincide?

Separating these questions is especially useful in regions with strong year-to-year
climate variability. Southern African droughts are often accompanied by high
temperatures, but their timing, magnitude and spatial expression differ among seasons
(Lyon 2009). The EI Nino-Southern Oscillation influences regional rainfall and
circulation, although its effects are not uniform and can depend on the configuration
of Pacific and Indian Ocean conditions (Hao et al. 2018a; Hoell et al. 2015). The
2023/24 El Nino coincided with widespread rainfall failure and severe disruption across
southern Africa (Moses et al. 2025). Preliminary attribution evidence identified El Nifio
as an important contributor to the 2023/24 drought, alongside long-term warming and
pre-existing vulnerability (Sparrow et al. 2026). Exceptional seasons of this kind can
dominate short trend records and provide a useful test of whether high burden
necessarily corresponds to stronger heat-dryness dependence.

Zambia provides a policy-relevant setting for this test. Crop production, livestock
systems, hydropower generation and many rural livelihoods depend heavily on the
November-March rainy season (Mulungu et al. 2026; Hamududu and Ngoma 2019).
Zambia also spans contrasting agro-ecological zones, from the relatively dry south
and west to wetter northern areas, so a national average may conceal important
regional differences (Siatwiinda et al. 2021). A season with widespread hot-dry spells
can affect planting, crop establishment, flowering and water availability, but the climate
metrics examined here represent hazards rather than measured losses. Their practical
value lies in describing the timing and spatial distribution of potentially damaging
conditions, not in assuming a direct or uniform effect on yields, livelihoods or
infrastructure.

Previous work in Zambia and the wider region has commonly assessed drought
through rainfall anomalies, the Standardized Precipitation Index or the Standardized
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Precipitation Evapotranspiration Index, while temperature and rainfall extremes are
frequently analysed in separate assessments (Chisanga et al. 2023; Libanda et al.
2020; Hachigonta et al. 2008; Tirivarombo et al. 2018; Chisanga et al. 2025). These
approaches remain valuable for characterizing meteorological drought and long-term
climate tendencies. However, they do not directly show whether hot days occurred
within sustained dry spells, whether prolonged dryness was followed by extreme
rainfall, or whether a change in joint hot-dry occurrence was driven mainly by the
individual hazards or by their dependence. A spell-based analysis combined with
probability decomposition can therefore provide information that is complementary to,
rather than a repetition of, standardized drought analysis.

Using 30 complete growing seasons ending between 1996 and 2025, this study
examines whether the burden of hot-dry events changed steadily or episodically and
whether heat-dryness amplification strengthened or weakened. It also assesses how
changes in hot-day prevalence, dry-day prevalence and amplification contributed to
joint hot-dry occurrence. The study further investigates whether seasons with a high
event burden necessarily experienced high amplification and tests whether the
findings were sensitive to alternative event definitions, major El Nifio seasons and
changes in data coverage.

Zambia is treated as an empirical test case for a broader analytical proposition:
changes in compound-hazard burden should not automatically be interpreted as
changes in dependence. The study is observational and does not attribute the
detected patterns to individual climate drivers. Its contribution is a transparent and
transferable framework for distinguishing the scale of compound hazard from the
statistical relationship between its components.

A B
P(hot and dry) = P(hot) x P(dry) x A

Hot-day Dry-day Heat-dryness b b T
" i igh burden igh burden
prevalence prevalence Splification Low amplification | High amplification

Joint hot-dry

High
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Temporal clustering
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Hot-dry event burden
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>
>
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Figure 1: Burden-amplification framework for compound hot-dry hazards. A) Decomposes joint occurrence into
hot-day prevalence, dry-day prevalence and heat-dryness amplification, with event burden also shaped by temporal
clustering. B) Four descriptive burden-amplification states. These states are not universal hazard thresholds.
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2 Methods

2.1 Study area

Zambia is a landlocked southern African country (between latitudes 8 °S and 18 °S
and longitudes 22 °E and 34 °E) of approximately 752600 km?. Its unimodal rainy
season generally extends from November to March or April, with a strong south-to-
north rainfall gradient. Zambia is divided into Agro-Ecological Regions |, lla, lIb and 1lI
using the official national agro-ecological classification. The analysis used the national
boundary and four agricultural zones: AEZ |, lla, lIb and Ill. AEZ | is comparatively dry
and drought-prone; AEZ lla includes much of the central and eastern maize-producing
belt; AEZ lIb covers western areas with sandy soils and distinct production constraints;
and AEZ Il is the wetter northern zone. National and zonal estimates were weighted
by grid-cell area calculated on the ERA5-Land analysis grid.

2.2 Observational data and season construction

Daily precipitation was obtained from the Climate Hazards Infrared Precipitation with
Stations dataset (CHIRPS) (Funk et al. 2015). Daily maximum temperature was
derived from hourly ERA5-Land two-metre temperature (Mufioz-Sabater et al. 2021)
by converting Kelvin to degrees Celsius and taking the daily maximum. A single 0.1-
degree geographic analysis grid was defined from the January 1985 ERA5-Land layer,
cropped and masked to Zambia. Every precipitation and temperature layer was
aligned to this template before stacking. The CHIRPS precipitation was aggregated
using area averaging, while the continuous ERA5-Land temperature field used bilinear
interpolation. This fixed-grid procedure addressed fractional differences in extent or
origin between the legacy 1985-2014 and updated 2015-2025 ERAS5-Land processing
archives. Each growing season comprised November and December of the preceding
calendar year and January-March of the labelled ending year, for example, season
1996 comprised November-December 1995 and January-March 1996. The trend
analysis covered seasons ending in 1996-2025. Cells were retained for annual event
calculation when at least 90% of daily precipitation and temperature observations were
jointly valid. Values below this completeness threshold were treated as missing rather
than imputed. Fixed thresholds were estimated from all complete November-March
seasons ending in 1986-2014.

Using a fixed baseline prevents the threshold from adapting to recent warming and
ensures that trends reflect changing exceedance frequency relative to a common
historical reference. At each cell, a hot day exceeded the local 90th percentile of daily
maximum temperature. A dry day had precipitation below 1 mm. Extreme rainfall
exceeded the local 95th percentile calculated from baseline wet days with precipitation
of at least 1 mm. Both percentile thresholds used the Type 8 sample-quantile estimator
implemented in R.

2.3 Compound-event metrics

Compound-event metrics were adapted from previous spell-based assessments of hot
and dry hazards (Szalifska et al. 2021; Majid and Fethi 2024; He et al. 2022).

A hot-dry event was defined as a dry spell lasting at least five consecutive days and
containing at least three locally hot days. Event frequency was the number of
qualifying spells. Hot-dry days were the hot days occurring within those spells.
Maximum duration was the length of the longest qualifying dry spell. Severity was the
cumulative temperature exceedance above the local heat threshold during qualifying
events, expressed in degree-days (°C-92).
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Dry-to-wet transitions counted dry spells lasting at least seven days that were followed
within seven days by rainfall above the local wet-day 95th percentile. A multihazard-
season indicator equalled one when a season contained both a hot-dry event and a
dry-to-wet transition. Hot-dry amplification was calculated as P(hot and
dry)/[P(hot)P(dry)] from all valid growing-season days. A value of one indicates that
the two conditions occurred together as often as expected from their separate
frequencies, a value above one indicates excess co-occurrence. Maximum duration
measures the entire qualifying dry spell rather than only its hot-day subset.
Amplification was undefined where either marginal probability was zero and was
stored as missing rather than assigned a numerical value. National and AEZ means
omitted undefined cells and renormalized area weights over cells with defined
amplification in each season. This mathematical undefinedness was tracked
separately from climate-data availability.

2.4 Trend and nonlinear-change analysis

Area-weighted national and AEZ annual series were analysed over 1996-2025. Linear
monotonic change was estimated with the Sen slope. Uncertainty was quantified from
2000 moving-block bootstrap replicates that resampled five-season blocks of residuals
around the fitted Sen trend, thereby preserving short-run temporal dependence (Wilks
1997). Five-season blocks were used to preserve short-term temporal dependence
while retaining enough resampled blocks within the 30-season record. Modified Mann-
Kendall tests adjusted the test variance for significant autocorrelation in Sen-
detrended ranks (Hamed and Ramachandra Rao 1998). Generalized least-squares
models fitted by restricted maximum likelihood with first-order autoregressive errors
provided a parametric slope and complementary significance test (Pinheiro and Bates
2000). Generalized additive models (GAMs) fitted by restricted maximum likelihood
used a penalized smooth with basis dimension selected from the available number of
seasons to describe nonlinear trajectories (Wood 2025). The GAMs were treated as
descriptive smoothers rather than process models, and endpoint differences are fitted
contrasts across a short, shock-rich record rather than observed causal effects.
National tests were prespecified. The four AEZs formed a separate exploratory family
within each metric, for which Benjamini-Hochberg adjustment controlled the false-
discovery rate (Benjamini and Hochberg 1995). Evidence was classified from the
agreement among slope direction, bootstrap intervals, modified Mann-Kendall results,
GLS-AR(1) estimates and GAM shape. Statistical inference was not reduced to a
single p-value. A trend was described as robust when direction agreed across
methods, the bootstrap interval excluded zero and the primary test met its prespecified
error-control criterion. Nonlinear change was classified when the GAM effective
degrees of freedom exceeded 1.10 and the national GAM p-value, or the Benjamini-
Hochberg-adjusted g-value for the Agro-ecological zones, was below 0.05.

2.5 Spatial trends

Cell-level Sen slopes and modified Mann-Kendall p-values were calculated for each
metric over 1996-2025. Benjamini-Hochberg correction was applied across valid grid
cells. Area-weighted national slopes and the proportions of Zambia with significant
positive or negative trends were then calculated. These maps distinguish areas with
detectable cell-wise change from areas where the 30-season record provides
insufficient evidence. Non-significance was not interpreted as evidence of no change.
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2.6 ENSO and archive-boundary sensitivity

Growing seasons ending in 1998, 2016 and 2024 represented the 1997/98, 2015/16
and 2023/24 major El Nifio events. GLS-AR(1) models were refitted after excluding
each season separately and all three together. Additional models included a linear
trend, a post-2015 indicator and individual El Nifio indicators. The 2015 term was
treated as a diagnostic rather than automatic evidence of a processing artefact.
Candidate step years from 2002 to 2019 were also scanned exploratorily using
Akaike's information criterion (Akaike 1974), with these results kept separate from
confirmatory inference.

2.7 Input-continuity and common-domain sensitivity

Because the processed ERAS5-Land footprint became slightly smaller after 2015, input-
level GLS-AR(1) models tested a post-2015 step after accounting for temporal trend
and calendar month in national mean temperature, upper-tail temperature and
CHIRPS precipitation. A final common-domain analysis intersected valid ERA5-Land
source cells across all 150 monthly inputs supporting the 1996-2025 November-March
seasons. National and AEZ annual series and trends were re-estimated on this fixed
source domain. Fractional polygon coverage and grid-cell area were used for the
common-domain coverage audit. Metric-specific undefined values were not used to
define climate-data coverage. Grid-cell OLS slopes calculated independently with
Climate Data Operators provided an additional computational comparison
(Schulzweida et al. 2019).

2.8 Event-definition and influential-season sensitivity

Event-definition uncertainty was evaluated using four alternatives to the primary five-
dry-day, three-hot-day and local P90 definition.

The alternatives comprised a four-day spell containing at least two hot days, a six-day
spell containing at least three hot days, and five-day/three-hot-day events defined
using local P85 or P95 temperature thresholds. The 1 mm dry-day threshold was held
constant so that the sensitivity isolated event-duration, hot-day-count and heat-
threshold choices. Fixed P85, P90 and P95 thresholds were all estimated with Type 8
quantiles from the 1986-2014 baseline. For each definition, national and AEZ annual
series were recalculated from the daily data, followed by Sen, GLS-AR(1) and
descriptive GAM analyses. Since amplification is defined from daily marginal and joint
probabilities rather than qualifying spell counts, changing only the spell-length rule
does not alter that metric. GAMs were also refitted after excluding the 2023/24 season.
Finally, 95% confidence intervals were calculated for the 1997/98, 2015/16 and
2023/24 indicator coefficients in models containing linear time, a post-2015 term and
AR(1) errors.

2.9 Burden-amplification decomposition

For each season and region, area-weighted P(hot), P(dry) and P(hot and dry) were
calculated from the annual cell-level probability rasters. Regional amplification was
then defined as P(hot and dry)/[P(hot)P(dry)]. This ratio of regionally aggregated
probabilities differs from the primary area-weighted mean of cell-level ratios, but it is
required for an exact regional decomposition. All three probabilities were calculated
over a fixed valid area. On the log scale, the identity becomes:

logP(H N D) =logP(H) + logP(D) + logA Eqn 3
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Ordinary least-squares (OLS) slopes over 1996-2025 were estimated for the three
components and their sum, expressed per decade. OLS was used because the
component slopes add exactly on the log scale. Percentage changes were calculated
as:

%A= 100[exp(B) — 1] Eqgn 4
where f is the estimated decadal slope. Uncertainty was estimated from 2000 moving-
block bootstrap replicates with five-season blocks. Residual vectors for the three
components were resampled jointly, preserving their covariance and short-run
temporal structure. Separate GLS-AR(1) slopes were fitted as sensitivity checks but
were not required to add exactly because each model estimated its own correlation
structure. Component contributions were also expressed as percentages of the net
log change; negative contributions represent offsets, and values above 100% can
occur when opposing components reduce the net change. For descriptive
interpretation, each region-season was additionally located in a burden-ampilification
plane using hot-dry days as the burden measure and regionally aggregated
amplification as the dependence measure. Region-specific 1996-2025 medians
divided the plane into high- and low-burden and high- and low-amplification states.
These median-based states were used only as diagnostic summaries and were not
treated as physical, agronomic or statistical hazard thresholds. The primary trend
analysis used an area-weighted mean of cell-level amplification ratios. The exact
decomposition instead required regionally aggregated amplification, calculated as the
ratio of aggregated joint probability to the product of aggregated marginal probabilities.
These measures answer related but different questions and were not treated as
interchangeable.

3 Results

3.1 Hot-dry burden varied episodically rather than increasing steadily

A typical growing season across Zambia contained 1.13 hot-dry events and 7.86 hot-
dry days (Table 1). Neither measure showed a consistent linear increase between
1996 and 2025. Event frequency increased by an estimated 0.173 events per decade,
but the confidence interval crossed zero (95% CI, —-0.133 to 0.489; modified Mann-
Kendall p = 0.269). The GLS estimate was similarly uncertain (0.244 events per
decade; p = 0.123). Hot-dry days increased by 0.628 days per decade according to
the Sen estimate (95% CI, -2.128 to 3.081), whereas the GLS estimate was 1.285
days per decade (p = 0.265).

Nonlinear models nevertheless detected temporal structure in event frequency (edf =
2.68, p = 0.007) and hot-dry days (edf = 2.79, p = 0.010). Fitted values for 2025
exceeded those for 1996 by 0.801 events and 2.54 hot-dry days. These changes were
concentrated in particular seasons rather than distributed as steady increases across
the record (Figure 2).

Event duration and severity showed similarly weak linear trends. Maximum event
duration averaged 7.15 days, with a Sen slope of 0.180 days per decade (95% ClI,
-1.567 to 1.892) and a GLS slope of —-0.005 days per decade (p = 0.996). Seasonal
severity averaged 18.16 degree-days above the local heat threshold. Its estimated
trend was positive but uncertain under both Sen (3.10 degree-days per decade; 95%
Cl, -4.13 to 10.50) and GLS models (1.89 degree-days per decade; p = 0.613).
Dry-to-wet transitions were uncommon and showed no sustained national trend.
Zambia averaged 0.176 transitions per season, with a Sen slope of —0.021 transitions
per decade (95% CI, —0.059 to 0.014) and a GLS slope of -0.019 per decade (p =
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0.363). The area-weighted proportion of seasons containing both a hot-dry event and
a dry-to-wet transition averaged 0.131. Both methods estimated a decline of
approximately 0.015 per decade, but neither estimate was statistically resolved.
Overall, compound-hazard burden varied markedly among seasons without showing
uniform long-term escalation.

Table 1: National trends in observed compound-hazard metrics during 1996-2025. Slopes are expressed per

decade. Confidence intervals were estimated using a moving-block bootstrap.

Metric Mean | Sen 95% GLS- GLSp | GAM GAM p
slope bootstrap | AR1 edf
decade | CI slope
-1 decade
-1
Events 1.126 | 0.173 -0.133 to | 0.244 0.123 |2.68 0.007
0.489
Days 7.86 0.628 -2.128 to | 1.285 0.265 |2.79 0.01
3.081
Maximum 7151 |0.18 -1.567 to | -0.005 |0.996 3.37 0.025
duration 1.892
Severity 18.156 | 3.101 -4.130 to | 1.889 0.613 3.32 0.004
10.497
Mean cell-|1.796 |-0.092 |-0.148 to|-0.086 | 0.01 1 0.02
level -0.029
amplificatio
n
Dry-to-wet | 0.176 |-0.021 |-0.059 to|-0.019 | 0.363 1.74 0.337
transitions 0.014
Multihazard | 0.131 |-0.015 |-0.049 to|-0.015 |0.487 |2.04 0.241
season 0.019
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Figure 2: National compound hot-dry hazard trajectories, 1996-2025. a) Event frequency. b) Hot-dry days. c)
Maximum duration. d) Severity. e) Mean cell-level amplification. Curves show GAM fits with 95% confidence
intervals; major El Nifio seasons are highlighted.

3.2 Heat-dryness amplification declined unevenly across Zambia

The clearest national change occurred in heat-dryness amplification rather than event
burden (Figure 3). The mean amplification ratio was 1.796, indicating that hot and dry
conditions occurred together approximately 1.8 times as often as expected from their
separate frequencies. Amplification declined by 0.092 per decade (95% CI, -0.148 to
-0.029; modified Mann-Kendall p = 0.038), with a similar GLS estimate of —0.086 per
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decade (p = 0.010). The generalized additive model indicated an approximately linear
decline (p = 0.020), corresponding to a fitted reduction of 0.253 between 1996 and
2025.

Table 2: Regional trends in mean cell-level heat—dryness amplification. National inference was prespecified; AEZ
p-values were adjusted together using the Benjamini—Hochberg procedure.

Region Sen 95% Modified | AEZ- GLS-AR1 | GLS p
slope bootstrap MK p family q slope
decade-1 | CI decade-1
Zambia -0.092 -0.148 to -|0.038 - -0.086 0.01
0.029
AEZ | -0.106 -0.146 to - | <0.001 <0.001 -0.112 <0.001
0.061
AEZ lla -0.141 -0.226 to -|0.025 0.049 -0.127 0.007
0.055
AEZ IIb -0.131 -0.185 to -|0.080 0.107 -0.132 0.02
0.052
AEZ Il -0.045 -0.116  to | 0.284 0.284 -0.048 0.297
0.027

The decline varied across agro-ecological zones (Table 2). Amplification declined by
0.106 per decade in AEZ | (95% CI, -0.146 to -0.061; q < 0.001) and by 0.141 per
decade in AEZ lla (95% CI, -0.226 to —0.055; g = 0.049). The corresponding GLS
estimates were -0.112 and -0.127 per decade. AEZ lIb showed a decline of
comparable magnitude (-0.131 per decade; 95% CI, -0.185 to -0.052), although
support differed between the adjusted rank-based test (q = 0.107) and the GLS model
(p = 0.020). The smaller decline in AEZ Ill was not statistically resolved (-0.045 per
decade; 95% ClI, -0.116 to 0.027).
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Grid-cell trends revealed distinct spatial structures among the four metrics (Figure 4).
Event-frequency
southeastern Zambia (Figure 4a). Hot-dry days increased across much of the south
and south-central regions but declined across parts of northern and northeastern
Zambia (Figure 4b). Severity showed a similar spatial contrast, with positive slopes
dominating the south and southeast and negative slopes occurring in parts of western,
northern and northeastern Zambia (Figure 4c).

increases were sparse and concentrated

in southern and
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Amplification showed the most coherent spatial signal (Figure 4d). Negative slopes
extended across much of western, central and southern Zambia, spanning large parts
of AEZ |, AEZ lla and AEZ IIb. Positive slopes were concentrated mainly in northern
and northeastern Zambia, particularly in AEZ 1ll. Significant declines clustered across
west-central, central and southern areas, whereas significant increases were sparse
and largely confined to the north. This pattern was consistent with the strong regional
declines in AEZ | and AEZ lla and the weaker trend in AEZ 1.

The area-weighted amplification slope was -0.0917 per decade. Significant declines
covered 10.57% of Zambia, compared with 0.23% for significant increases. By
contrast, less than 0.1% of the country showed significant trends in event frequency,
hot-dry days or severity. Declining amplification therefore provided the clearest spatial
signal, whereas changes in event burden were heterogeneous and rarely resolved at
the grid-cell scale.
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Figure 4: Spatial trends in compound hot-dry hazards, 1996—2025. Cell-wise Sen slopes for a) event frequency, b)
hot-dry days, c) severity and d) mean cell-level amplification. Stippling identifies cells passing the field-wide false-
discovery-rate threshold; lines delineate Agro-ecological zones.

3.3 Increasing hot-day prevalence dominated the change in joint occurrence

Decomposition showed that increasing hot-day prevalence was the principal positive
component of change in joint hot-dry probability (Figure 5). National hot-day
prevalence increased by 21.24% per decade (95% block-bootstrap Cl, 1.15-45.19%;
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p = 0.038)(Table 3). Dry-day prevalence increased by 3.15% per decade, but the
estimate remained uncertain (95% CI, -1.35 to 7.81%; p = 0.163). Amplification
declined by 6.08% per decade (95% CI, —8.76 to —=3.05%; p < 0.001).

These opposing components produced an estimated 17.46% increase per decade in
joint hot-dry probability, but the confidence interval crossed zero (95% CI, —-6.56 to
47.32%; p = 0.173). On the log scale, hot-day prevalence contributed 119.7% of the
net positive estimate and dry-day prevalence contributed 19.3%, while declining
amplification offset 39.0%. GLS-AR(1) models produced similar component slopes,
although support for increasing hot-day prevalence was weaker (p = 0.093) and joint
occurrence remained uncertain (p = 0.239).

Table 3: Decomposition of joint hot-dry probability change, expressed as percentage change per decade with 95%
joint block-bootstrap intervals. Percentages are transformations of exact log-scale components. Intervals crossing
zero indicate that the component trend was not statistically resolved

Region Hot-day Dry-day Amplification Joint
prevalence prevalence occurrence

Zambia 21.24 (1.15, [ 3.15 (-1.35,|-6.08 (-8.76, -|17.46  (-6.56,
45.19) 7.81) 3.05) 47.32)

AEZ | 26.00 (-0.95,|4.16 (-0.84,|-6.75 (-9.01, -|22.39 (-7.98,
61.01) 9.70) 4.38) 64.52)

AEZ lla 24.93 (1.28,14.78 (0.56, | -7.94 (-11.82, - | 20.51 (-6.18,
55.44) 9.47) 4.29) 55.30)

AEZ lIb 33.65 (7.59,]2.70 (-3.94, | -7.46 (-10.20, - | 27.02 (-2.74,
61.64) 9.80) 4.24) 63.35)

AEZ Il 17.36  (-0.31, | 1.55 (-2.42,|-3.87 (-7.40, -|14.57 (-5.42,
38.07) 5.97) 0.35) 39.97)

Hot-day prevalence was the largest positive component in every agro-ecological zone,
increasing by 17.36% per decade in AEZ Ill to 33.65% in AEZ IlIb (Figure 5 and Table
3). Amplification declined in all four zones, with the largest reduction in AEZ lla
(=7.94% per decade; 95% CI, -11.82 to —4.29%). AEZ lla also showed increases in
hot-day prevalence of 24.93% (95% CI, 1.28-55.44%) and dry-day prevalence of
4.78% per decade (95% ClI, 0.56-9.47%). Nevertheless, confidence intervals for joint
occurrence crossed zero nationally and in every AEZ. The decomposition therefore
identified the components of observed change without establishing a uniform increase
in joint occurrence or attributing the trends to specific causal processes.
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Figure 5: Decomposition of changes in joint hot-dry occurrence. Bars show contributions from hot-day prevalence,
dry-day prevalence and regionally aggregated amplification. Error bars denote 95% joint moving-block bootstrap
intervals.

3.4 High event burden did not require high amplification

Event burden and amplification occupied distinct seasonal states (Figure 6). Of the 30
seasons, eight combined high burden with low amplification, seven were high in both
dimensions, eight had low burden and high amplification, and seven were low in both.
The near-balanced distribution shows that burden and amplification describe different
properties of compound hazards.

The 2023/24 season provided the clearest contrast. It contained 21.62 national hot-
dry days, with hot-day, dry-day and joint probabilities of 0.281, 0.540 and 0.204,
respectively. Its amplification ratio was 1.346, below the national median of
approximately 1.79, placing the season in the high-burden, low-amplification state.
Major El Nifio seasons did not occupy a common state. The 1997/98 season had low
burden and high amplification, whereas 2015/16 and 2023/24 combined high burden
with low amplification (Figure 6). Thus, seasons subject to similar large-scale climate
forcing could differ substantially in the balance between marginal hazard prevalence
and heat-dryness dependence. The four states are descriptive categories defined by
sample medians and do not represent agronomic or impact thresholds.
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Figure 6: Burden and amplification across Zambia’s growing seasons. Points represent seasons ending in 1996—
2025. Dashed lines show sample medians defining four descriptive states. Major El Nifio seasons are highlighted.

3.5 Major El Nifio seasons influenced the observed trends

The 2023/24 season was the most prominent high-burden season in the record. After
adjustment for the underlying time trend and the post-2015 period, it was associated
with 1.91 additional events (95% CI, 0.92-2.91), 13.29 additional hot-dry days (95%
Cl, 5.03-21.56), 6.27 additional days of maximum duration (95% CI, 0.97-11.57) and
24.59 additional severity units (95% ClI, 2.18-47.01). It also increased the probability
of a season containing both a hot-dry event and a dry-to-wet transition by 0.194 (p =
0.013).

Despite this high burden, amplification in 2023/24 was lower by 0.460 (95% CI, -0.759
to -0.161; p = 0.004). Amplification was also lower in 2015/16 (-0.379; 95% CI, -0.680
to —0.079), although its estimated associations with event frequency, affected days,
duration and severity were uncertain. These seasons reinforce the distinction between
an increase in absolute burden and a strengthening of dependence.

The national amplification trend remained negative after excluding 1997/98, 2015/16
or 2023/24 individually, with slopes of —-0.080, -0.081 and -0.061 per decade,
respectively (Figure 7). Statistical support remained after excluding 1997/98 (p =
0.022) or 2015/16 (p = 0.014), but was borderline after excluding 2023/24 (p = 0.051).
When all three seasons were excluded, the national slope weakened to —0.045 per
decade and was no longer statistically supported (p = 0.149). AEZ | retained a
supported decline after the joint exclusion (-0.104 per decade; p = 0.010). The
national trend was therefore not attributable to a single El Nifio season, but its
magnitude and statistical strength were partly shaped by their combined influence.
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3.6 Sensitivity analyses

Restricting the analysis to a fixed geographical domain produced estimates that were
nearly identical to those of the primary analysis. The common domain retained 98.06%
of Zambia and at least 97.34% of each agro-ecological zone. All 35 national and
regional trends retained their direction, and every common-domain confidence interval
overlapped the corresponding primary interval.

National amplification declined by -0.0929 per decade on the common domain,
compared with -0.0923 in the primary analysis. Corresponding estimates were
-0.1063 versus -0.1065 in AEZ | and -0.1417 versus -0.1410 in AEZ lla. An
independent CDO analysis estimated a national decline of -0.0875 per decade,
consistent with the Sen (-0.0923) and GLS (-0.0857) estimates. No discontinuity
around 2015 was detected in mean temperature, unusually high temperature or
CHIRPS rainfall.
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Alternative event definitions produced trends of 0.130-0.347 events per decade and
0.450-1.705 hot-dry days per decade. All confidence intervals crossed zero. Duration
trends remained close to zero, while severity trends were positive but uncertain.

The amplification decline persisted under alternative heat thresholds. Estimated
declines were —0.080 per decade under P85 (95% ClI, -0.131 to —0.029), —0.086 under
P90 (95% ClI, -0.149 to -0.022) and -0.101 under P95 (95% CI, -0.186 to —0.016).
The P95 analysis had reduced effective coverage in some seasons and was therefore
not fully comparable with the primary national estimate.

Excluding 2023/24 weakened evidence for nonlinear change in event frequency from
p =0.007 to p = 0.056 and reduced the fitted 1996-2025 difference from 0.801 to 0.405
events. The fitted difference in hot-dry days changed from +2.54 to —0.68 days, while
the amplification decline weakened from —-0.253 (p = 0.020) to -0.188 (p = 0.115). The
principal directional findings were therefore robust to data coverage and event
definition, but the fitted nonlinear trajectories remained sensitive to the exceptional
2023/24 season.

4 Discussion

4.1 Hazard burden and dependence represent distinct dimensions

Hot-dry event burden and heat-dryness amplification followed different trajectories
across Zambia. Event frequency, affected days, duration and severity varied markedly
among seasons but showed no consistent linear increase between 1996 and 2025.
By contrast, amplification declined nationally, with the clearest evidence in AEZ | and
AEZ lla. High-burden seasons could therefore occur even as the excess co-
occurrence of heat and dryness weakened.

Compound-event probability reflects both the prevalence of the contributing hazards
and the dependence between them (Leonard et al. 2014; Zscheischler et al. 2018;
Zscheischler et al. 2020). Previous studies have separated marginal and dependence
contributions to changes in compound flooding and other multivariate extremes
(Bevacqua et al. 2019; Francgois and Vrac 2023). This study extends that reasoning
from joint probability to realized seasonal burden by considering event frequency,
affected days, duration, severity and temporal clustering. The distinction matters
because equal joint probabilities can produce different burdens when hazardous days
occur as isolated episodes or as persistent spells.

The decomposition indicates that the observed evolution of Zambia’s hot-dry hazard
was primarily associated with increasing hot-day prevalence. Dry-day prevalence
made a smaller and less certain contribution, while declining amplification partly offset
the heat-related increase. The resulting change in joint occurrence remained
statistically unresolved. The evidence therefore points to a reorganization of the
hazard components rather than a uniform rise in the probability of joint hot-dry
conditions.

This interpretation also clarifies the meaning of amplification. Amplification is not a
measure of event severity or damage. It measures how often heat and dryness
coincide relative to the frequency expected from their separate occurrence. Event
burden instead describes how much hazard was experienced through the number,
persistence and intensity of qualifying events. A declining amplification ratio can
therefore coexist with substantial or increasing exposure when hot conditions become
more common.

The burden-amplification framework consequently adds information that is lost when
compound hazards are represented by a single index. A high-burden season may arise
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because one or both component hazards have become widespread, because their
dependence has strengthened, or because hazardous days have clustered into
persistent events. Distinguishing these pathways improves interpretation without
assigning physical causation prematurely.

The decomposition remains statistical rather than causal. Increasing hot-day
prevalence may reflect regional warming, circulation variability, land-surface
processes and soil-moisture feedbacks, while changes in amplification may arise from
shifts in the timing or spatial overlap of heat and rainfall deficits. Establishing these
mechanisms will require soil-moisture observations, circulation diagnostics and
counterfactual climate-model experiments. The contribution here is to identify the
structure of observed compound-hazard change before attributing it to particular
physical drivers.

4.2 Spatial structure and climate variability

National estimates concealed substantial geographical variation. Zambia spans strong
gradients in rainfall, temperature, elevation and growing-season water availability,
making a spatially uniform hot-dry response unlikely. The clearest regional declines in
amplification occurred in the drier AEZ | and the agriculturally important AEZ lla,
whereas evidence was less consistent in AEZ IIb and weak in the wetter AEZ Ill. The
national signal was therefore not produced equally across the four agro-ecological
zones.

The spatial results further show that burden and dependence had different
geographical expressions (Figure 4). Increases in event frequency were concentrated
mainly in southern and southeastern Zambia. Hot-dry days and severity showed a
broader contrast, with positive slopes across much of southern and south-central
Zambia and negative slopes across parts of the north and northeast. Amplification
exhibited a more coherent negative tendency across western, central and southern
Zambia, together with localized positive slopes in parts of the north and northeast.
The geographical extent of a directional trend must nevertheless be distinguished from
the area over which that trend was statistically resolved. Field-significant amplification
declines covered 10.57% of Zambia, while significant increases covered only 0.23%.
Significant declines were therefore concentrated in localized clusters within a much
larger region characterized by negative slopes. For event frequency, hot-dry days and
severity, very few cells passed the field-wide significance criterion. These results do
not imply stability across the remaining area. Rather, they show that only a limited
proportion of local trends could be separated confidently from strong interannual
variability using 30 seasonal observations and spatially corrected inference.

Regional aggregation and grid-cell analysis consequently provide complementary
evidence. National and AEZ estimates improve statistical precision by averaging
across space but can obscure local contrasts. Grid-cell estimates preserve
geographical heterogeneity but have lower power after adjustment for multiple testing.
The regional results should therefore be interpreted as broad climatic tendencies,
while the maps identify where local signals were sufficiently coherent to withstand
field-wide correction.

ENSO added a further source of temporal and spatial structure. The major El Nifio
seasons ending in 1998, 2016 and 2024 occupied different positions in the burden-
amplification plane. The 1997/98 season exhibited comparatively low burden and high
amplification, whereas 2015/16 and 2023/24 combined high burden with relatively low
amplification. A shared El Nifio classification therefore did not produce a uniform
compound-hazard response across Zambia.
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This diversity is consistent with the variable expression of southern African ENSO
teleconnections. Regional outcomes depend not only on the presence of El Nifio but
also on the magnitude, location and seasonal evolution of Pacific warming and its
interaction with Indian Ocean conditions and regional atmospheric circulation (Hoell et
al. 2015). Compound extremes can further emerge through interactions among large-
scale climate modes, antecedent land conditions and regional processes (Raymond
et al. 2020). ENSO provides an important source of seasonal predictability, but it is not
a deterministic indicator of either hot-dry burden or heat-dryness amplification.

The leave-out analysis strengthens this interpretation. Removing any one of the three
major El Nifio seasons preserved the negative direction of the national amplification
trend, although its precision varied. Removing all three together substantially
weakened the trend. No single event generated the decline, but the major El Nifio
seasons collectively contributed to its magnitude. Its attenuation after their joint
exclusion limits interpretation as a secular change independent of ENSO variability.
The observed amplification trend should therefore be understood as a property of the
complete climate record, in which interannual variability and longer-term change
remain difficult to separate over three decades. Climate-model evidence suggests that
ENSO teleconnections to southern Africa may persist under continued warming,
although their future strength and geographical expression remain uncertain
(Steinkopf and Engelbrecht 2025). Extrapolating the observed decline in amplification
beyond the study period would consequently be premature.

4.3 Implications for compound-hazard monitoring

Compound-hazard monitoring should distinguish three questions. How common were
the individual hazards? How much event burden occurred? Did the hazards coincide
more frequently than expected from their separate prevalence? These questions
correspond to marginal prevalence, realized event burden and amplification.
Reporting them separately would reveal whether a changing hazard is driven by more
frequent heat, more frequent dryness, stronger dependence or greater temporal
clustering.

An operational monitoring product could first report the prevalence of hot and dry days,
followed by event frequency, affected days, duration and severity. Amplification could
then indicate whether heat and dryness coincided disproportionately, while
decomposition would identify which component contributed most strongly to observed
change. This structure retains indicators that users can interpret directly while
preserving information about the statistical organization of the compound hazard.
Such an approach addresses growing concern that warning systems organized
around individual hazards may fail to represent interactions, sequences and shared
drivers of compound disasters (Alcantara and Mantovani 2026). A burden-
amplification framework would distinguish seasons dominated by widespread
component hazards from those characterized by unusually strong dependence. It
would also prevent a declining association measure from being misinterpreted as
declining exposure.

The distinction has particular relevance for agriculture. Event duration and affected
days can be aligned with crop establishment, flowering and grain filling, while
amplification describes the dependence structure underlying those conditions.
Climate-model analyses indicate that interacting heat and water limitations threaten
rainfed maize production in Zambia (Siatwiinda et al. 2021), and participatory research
identifies heat stress as an under-addressed constraint on smallholder adaptation
(Nyambe 2024; Siatwiinda et al. 2026). Separating burden from dependence offers a
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clearer basis for investigating how these climatic pressures translate into crop and
livelihood outcomes.

Meteorological hazard is not equivalent to impact. Across Africa, the consequences of
heat, drought and rainfall extremes depend on exposure, livelihood sensitivity,
infrastructure and adaptive capacity (Trisos 2022). Similar hot-dry conditions may
therefore produce different outcomes among crops, farming systems and agro-
ecological zones. Operational thresholds should be calibrated against crop phenology,
yields, streamflow and livelihood outcomes rather than derived from the sample
medians used here. The four burden-amplification states are descriptive tools for
comparing seasons, not validated thresholds of agricultural or societal risk.

Spatial scale also requires careful consideration. National averages may conceal
opposing regional changes, whereas individual grid-cell estimates may be too
uncertain for routine decisions. Agro-ecological summaries provide an intermediate
scale that is statistically more stable and relevant to agricultural planning. Future
monitoring systems could combine these regional summaries with spatial maps and
explicit uncertainty estimates.

The framework is transferable beyond hot-dry hazards. Where joint occurrence can
be represented through marginal probabilities and an association term, the same logic
could be applied to hot-humid conditions, drought and fire weather, or extreme rainfall
and storm surge. Transferability does not imply universal indicators or thresholds.
Variables, temporal windows and event structures must be selected according to the
physical interaction and impact process under investigation (Zscheischler et al. 2020;
Leonard et al. 2014; Bevacqua et al. 2021).

4.4 Robustness, interpretation and limitations

Confidence in the central interpretation arises from agreement across complementary
methods rather than from any single significance test. Sen slopes, modified Mann-
Kendall tests, autocorrelation-adjusted regression and block-bootstrap intervals
addressed different properties of a short and variable climatic record. Alternative event
definitions, a fixed common spatial domain and an independent Climate Data
Operators calculation produced consistent directional evidence for declining
amplification. The principal result was therefore unlikely to have arisen solely from one
estimator, one event definition or the post-2015 change in ERA5-Land coverage.

The strength of evidence was nevertheless asymmetric. Increasing hot-day
prevalence and declining amplification were more consistently supported than the net
change in joint occurrence. The positive estimate for joint occurrence should therefore
not be presented as evidence of a uniform national increase. Equally, an interval
spanning zero does not demonstrate an absence of change; it indicates that the
direction and magnitude could not be resolved confidently from the available record.
Nonlinear burden trajectories require similar restraint. Smooth curves fitted to 30
seasons describe variation within the observed record rather than a stable physical
process. Their sensitivity to the exceptional 2023/24 season shows that inferred
trajectory shapes can be strongly influenced by individual events. The models
demonstrate that a straight line provides an incomplete summary of the record, but
they do not establish a persistent pathway or support extrapolation beyond 2025.
The findings also depend on the selected event definition and aggregation scale.
Alternative temperature percentiles and spell requirements preserved the main
interpretation, but no finite sensitivity analysis can represent every impact-relevant
definition. The strictest heat threshold reduced effective spatial coverage during
seasons with few extreme hot days. Regional amplification calculated from aggregated
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probabilities also differs conceptually from an area-weighted mean of cell-level ratios.
The former preserves the exact decomposition identity, whereas the latter represents
average local dependence. These measures answer related but different questions.
Uncertainty in the underlying climate products remains an additional limitation.
CHIRPS combines satellite rainfall estimates with gauge observations, while ERA5-
Land is a model-based reanalysis (Funk et al. 2015; Mufoz-Sabater et al. 2021).
Common-grid processing and fixed-domain analysis improved comparability but
cannot eliminate biases in rainfall detection, near-surface temperature or topographic
representation. Evaluation against station observations and additional gridded
products would provide a valuable independent test where sufficiently complete
records are available.

Finally, the analysis diagnoses climatic hazard rather than its consequences. It does
not establish effects on crop yields, livestock, hydropower production or household
welfare. Linking burden and amplification to observed impacts is necessary before the
framework can support operational warning thresholds. Future work should also test
whether the observed divergence between burden and amplification persists under
warming using bias-aware daily climate simulations that preserve marginal
distributions, dependence and temporal event structure.

5 Conclusion

Compound hot-dry hazards changed through distinct and partly opposing pathways
across Zambia between 1996 and 2025. Event frequency, affected days, duration and
severity varied strongly among seasons but did not show a uniform long-term increase.
Heat-dryness amplification declined nationally, most clearly in AEZ | and AEZ lla,
although the signal was spatially concentrated and partly shaped by major El Nifio
seasons.

Decomposition showed that increasing hot-day prevalence was the dominant positive
component of change in joint hot-dry occurrence. Dry-day prevalence changed
comparatively little, while declining amplification offset part of the increase associated
with more frequent hot conditions. The resulting trend in joint occurrence remained
uncertain. High-burden seasons therefore did not necessarily reflect stronger heat-
dryness dependence, as demonstrated most clearly by the 2023/24 season.

These findings support a broader analytical principle. Changes in compound-hazard
burden should be separated from changes in dependence. Event counts and affected
days describe how much hazard occurred, whereas amplification identifies whether
the component hazards coincided more often than expected from their separate
frequencies. Monitoring either dimension alone can obscure the structure of change.

Compound-hazard assessments should therefore report marginal hazard prevalence,
event burden and amplification together. This framework is transferable to other
multivariate hazards, but its operational use requires calibration against observed
impacts. For Zambia, linking these metrics with crop phenology, production losses,
streamflow and livelihood outcomes is the next step towards impact-based early
warning. Whether the observed weakening of heat-dryness amplification persists
under future warming remains unresolved and should be tested using bias-aware daily
climate-model simulations.
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  A =   P ( H ∩ D )  P ( H ) ∙ P ( D )


  P  ( H ∩ D ) = P ( H ) × P ( D ) × A


   log ⁡  P  ( H ∩ D ) =  log ⁡  P ( H ) +  log ⁡  P ( D ) +  log ⁡  A


  % ∆ = 100 [  exp ⁡   ( 𝛽 ) − 1 ]

