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Abstract

As the Earth continues to warm, extreme seasonal precipitation events such as dry
spells, floods, and droughts are expected to become more frequent and severe worldwide,
including in Zambia. Zambia’s agricultural sector, heavily dependent on seasonal
rainfall, is highly sensitive to such fluctuations, with longer dry spells and floods
threatening farmer livelihoods and national food security. This study investigates
potential changes in intra-seasonal rainfall characteristics over Zambia from 1971-2000
to 2021-2050 using an ensemble of 22 experiments from the Coordinated Regional
Climate Downscaling Experiment (CORDEX). Model performance in reproducing
monthly climatology, spatial climatology, and inter-annual variability of rainfall was
evaluated against the Global Precipitation Climatology Centre (GPCC; 1982-2000)
observational dataset. The RCM simulations reasonably captured the monthly and
spatial climatology of Zambian rainfall, with individual models exhibiting wet or dry
biases, while the ensemble mean showed better agreement with observations than any
individual model. Projections for 2021-2050 relative to the 1971-2000 baseline indicated
a statistically significant median increase of 0.6 and 1.85 days in consecutive dry days
(CDD) over JFM and OND, respectively, alongside a median reduction of 1.1 and 0.95
days in consecutive wet days (CWD) over the same seasons. The greatest projected
increases in CDD occurred in Southern, Lusaka, Eastern, and Western provinces,
whereas the projected reduction in CWD was more evenly distributed nationwide.
These findings have important implications for Zambia’s rain-fed agriculture: longer dry
spells and flash floods during critical periods such as JFM may reduce crop yields and
undermine food security. The projections presented here offer agricultural scientists and
policymakers the spatially resolved evidence needed to design adaptation strategies
tailored to Zambia’s changing rainfall patterns.

Keywords: CORDEX, regional climate models, maximum number of consecutive
dry days (CDD), maximum number of consecutive wet days (CWD), RCP8.5

Author summary

Zambia’s agriculture depends heavily on seasonal rainfall, which is now becoming more
unpredictable due to climate change. Farmers are facing longer dry spells and sudden
floods that threaten crop production and national food security. To help understand
what the future may look like, this study used climate models to project changes in
rainfall patterns, focusing on the length of dry and wet periods across the country.
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We analyzed simulations from 22 climate experiments to see how long stretches
without rain (called consecutive dry days) and stretches of rainy days (consecutive wet
days) might change by the year 2050. The results show that dry periods are likely to
become longer, especially in southern and eastern Zambia. At the same time, wet
periods are projected to become shorter.

These findings can support farmers, planners, and policymakers in designing
adaptations to changing climate.

Introduction 1

Since the last century, the Earth’s surface temperature has risen by approximately 1◦C, 2

largely driven by increased anthropogenic greenhouse gas (GHG) emissions from 3

industrial, transportation, agricultural, and deforestation activities [1, 2]. This global 4

warming trend has intensified the hydrological cycle, increasing the frequency, intensity, 5

and duration of extreme weather events such as droughts, floods, and heat waves [3, 4]. 6

These changes pose substantial risks to global food systems, infrastructure, human 7

health, and ecosystems. Particularly in developing regions such as sub-Saharan Africa, 8

the adaptive capacity remains low, exacerbating vulnerability to climatic extremes. 9

Regional Climate Models (RCMs), particularly those from the CORDEX-Africa 10

framework, offer simulations of temperature and precipitation at a finer resolution 11

(approximately 50 km) suitable for localized climate change impact studies [10, 11]. The 12

Coordinated Regional Downscaling Experiment (CORDEX) enables ensemble modeling 13

that enhances the reliability of regional climate simulations. Numerous studies have 14

evaluated the capacity of RCMs to reproduce historical rainfall patterns across Africa, 15

with results showing that while model biases persist, ensemble means often outperform 16

individual simulations in reproducing observed rainfall variability [12–18]. Indices 17

developed by the Expert Team on Climate Change Detection and Indices (ETCCDI), 18

such as consecutive dry days (CDD) and consecutive wet days (CWD), are widely used 19

to monitor and project climate extremes that influence flood and drought risk [19–21]. 20

Emerging multi-model ensemble studies consistently project that, under 21

high-emission scenarios like RCP8.5, Southern Africa will experience an increase in 22

CDD and a decrease in CWD [22–24]. These trends suggest a shortening of the rainy 23

season due to delayed onset, early cessation, and increased intra-seasonal dry spell 24

duration [25,26]. In Zambia, these changes are already evident: recent studies report 25

increased dry spell frequency, shortened seasons, and reduced seasonal rainfall totals, 26

particularly in southern and central provinces [27–29]. Given that over 70% of Zambia’s 27

population relies on rain-fed agriculture, such shifts present critical risks to food 28

security, water availability, and rural livelihoods [30,31]. 29

Despite growing concern, there remains a significant gap in high-resolution, 30

country-specific analyses of rainfall extremes over Zambia using the CORDEX RCM 31

ensembles. Existing literature has largely focused on historical trends or regional 32

aggregates, limiting their utility for sub-national adaptation planning. 33

Moreover, even within the newer CMIP6 generation of global climate models, studies 34

continue to report a wide inter-model spread and a widespread wet bias in simulating 35

Zambia’s summer rainfall, linked to an overly intensified simulated Inter-Tropical 36

Convergence Zone and strengthened cross-equatorial moisture transport [57]. 37

Bias-correction assessments of CMIP6 ensembles over Southern Africa likewise show 38

persistent difficulty in representing extreme precipitation indices such as CDD [56]. 39

These ongoing limitations at the global-model scale reinforce the continued value of 40

dynamically downscaled, multi-RCM CORDEX ensembles of the type used in this study 41

for producing spatially resolved, sub-national projections of rainfall extremes. 42

This study addresses this gap by using daily precipitation outputs from 22 43
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CORDEX-Africa RCM simulations under the RCP8.5 scenario to (1) evaluate model 44

performance in simulating observed rainfall climatology and variability, (2) project 45

future changes in CDD and CWD over Zambia for the period 2021–2050 relative to the 46

1971–2000 baseline, and (3) spatially identify hotspots of change. The findings aim to 47

support evidence-based adaptation policies by providing robust, spatially resolved 48

projections of rainfall extremes most relevant to Zambia’s agriculture and climate 49

resilience planning. 50

Materials and methods 51

Study Region 52

Geographical location and topography 53

Zambia is a landlocked country located in Southern Africa, bounded by the Democratic 54

Republic of Congo to the north, Tanzania to the northeast, Malawi to the east, 55

Mozambique to the southeast, Namibia to the southwest, and Angola to the west. 56

Geographically, it lies between longitudes 22◦E and 34◦E, and latitudes 8◦S and 57

18◦S [32]. The country’s total area is approximately 752,614 km2 [33], mostly consisting 58

of high plateaus ranging from 950 to 1,500 meters above sea level 59

Climate and agro-ecological zones 60

According to the Köppen climate classification, Zambia has a humid sub-tropical 61

climate [34]. The country is characterised by three main seasons: the rainy season 62

(November to April), the dry season which is subdivided into the cool dry winter season 63

(May to July), and the hot dry summer (August to October) [32,35]. The rains in 64

Zambia are strongly influenced by the movement of the Inter-Tropical Convergence 65

Zone (ITCZ) as well as the EL Nino/Southern Oscillation (ENSO) phenomenon [36]. 66

The highest amount of rainfall is received by the northern part of the country (> 1000 67

mm/season). Seasonal rainfall total keeps decreasing towards the southern parts of the 68

country with seasonal total rainfall < 800 mm. This gradient in the rainfall regime 69

divides the country into three Agro Ecological zones, as shown in Fig 1. 70

Fig 1. Agro-ecological zones of Zambia. Zambia is divided into three
agroecological zones based on rainfall distribution and elevation. Zone I (southern
Zambia) is the driest and most drought-prone. Zone II covers the central region with
moderate rainfall, while Zone III in the north receives the highest rainfall. Zambia’s
location in Africa is indicated by the blue color in the map of Africa. [37]

Data types and their sources 71

This study utilized two primary sources of precipitation data: (i) dynamically 72

downscaled climate model simulations from the CORDEX-Africa archive 73

https://esgf-data.dkrz.de/search//cordex-dkrz/ [26], and (ii) observed gridded 74

rainfall data from the Global Precipitation Climatology Centre 75

(GPCC)http://gpcc.dwd.de [39]. Both datasets are publicly available under a 76

Creative Commons Attribution 4.0 International License (CC BY 4.0). 77

Climate model simulations 78

The climate models simulated daily data for the domain Zambia for the baseline period 79

1971-2000 and future period 2021-2051 was extracted from the CORDEX Africa 80
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database. Six CORDEX Regional Climate Models (RCMs) downscaled 12 global climate 81

models (GCMs) of the Coupled Model Intercomparison Project (CMIP5). The 6 RCMs 82

utilised include: RCA, HIRHAM, CCLM, RACMO, REMO, and CRCM, the inclusion 83

was based on their availability within an ensemble of experiments provided by CORDEX 84

Africa at the time of download. From 6 CORDEX RCMs and 12 GCMs from CMIP5, 85

26 GCM-RCM simulations with complete historical (1971-2000) output were available 86

at 0.44◦( 50 km) resolution over the CORDEX Africa domain and were used for the 87

historical climatology and variability evaluation (Figs 2–5). Of these, 22 simulations 88

also had complete future (2021-2050) RCP8.5 output and were used for the CDD/CWD 89

projection analysis. The CORDEX RCMs were driven by the Representative 90

Concentration Pathway 8.5 (RCP8.5) scenario. RCP8.5 is preferred as it comprises the 91

largest ensemble (25 runs) and, may be considered as the most realistic business-as 92

usual scenario given the current trajectory of global greenhouse gas emissions [40]. 93

Observational rainfall data 94

Monthly gridded gauge-based rainfall data for the period 1982-2000 at grid resolution of 95

50 kms by 50 kms was utilized in this study. The data was acquired from the Global 96

Precipitation Climatology Centre (GPCC). GPCC is operated by the German Weather 97

Service (Deutscher Wetterdienst, DWD). 98

Methods 99

Assessment of model simulations against observation 100

A number of metrics were computed to evaluate the ability of CORDEX RCMs in 101

simulating the main characteristics of rainfall in Zambia. These metrics include the 102

comparisons in: (i) mean monthly climatology of rainfall, (ii) spatial distribution of 103

mean seasonal rainfall, (iii) inter-seasonal variability. Daily rainfall for all 22 downscaled 104

experiments were extracted from 1 October to 31 March for the years 1982 to 2000 for a 105

spatial region covering Zambia. 106

The ensemble mean was computed as studies have shown that in certain regions 107

individual RCMs simulate precipitation patterns poorly [15], whereas the ensemble 108

mean is found to be a better fit for the data [12–14,17]. GPCC daily rainfall data was 109

extracted from 1 October to 31 March for period 1982 to 2000 over the same region as 110

for RCMs. 111

To detect differences between seasonal total mean rainfall of the model simulations 112

and the observed GPCC, a paired Student’s t test was applied individually for seasons 113

OND and JFM. 114

Projection of changes in the longest consecutive dry days period and longest 115

consecutive wet days period 116

A day is classified as dry or wet. A dry day is a day on which accumulated rainfall is 117

less than 1 mm. In this study, two precipitation indices are investigated, longest 118

consecutive dry days spell (CDD) and longest consecutive wet days spell (CWD), 119

defined by the Expert Team on Climate Change Detection and Indices (ETCCDI) [19]. 120

The two indices were computed annualy for the seasons, October, November and 121

December (OND) and January, February and March (JFM) after daily rainfall was 122

spatially averaged over the region covering Zambia. Further the climatological mean of 123

the CDD and CWD for the future period (2021-2050) and reference period (1971-2000) 124

from each model simulation are displayed as box-and-whisker plots (S1 Fig). From the 125

same computations, the projected changes in CDD and CWD were calculated as: 126
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∆Ii = Ii,f − Ii,r (1)

for i = 1, 2, · · · 26, f = 2021− 2050 and r = 1971− 2000, where Ii,f represents the 127

future climatological mean and Ii,r the climatological mean of the reference period. 128

Box-and-Whisker plots were further used to plot the changes in CDD and CWD 129

spanning all the simulation differences for the two seasons. 130

To quantify the changes in CDD and CWD, the Wilcoxon Paired Signed Rank 131

(WPSR) nonparametric test was applied to the seasonal values for the future period and 132

reference period at 0.05 level of significance under the hypothesis H◦ : the median of 133

the number of days of CDD (CWD) for the future period is equal to that of the 134

reference period, against the alternative H1 : the median of the number of days of CDD 135

(CWD) for the future period has changed with respect to reference period. 136

The WPSR test was utilized in Nkemelang et al [43] to determine the significance of 137

changes in various climate indices over Botswana. A nonparametric method was chosen 138

because it would be problematic or inaccurate to try to summarize the data into a 139

single number (like a mean) due to the nature of the variables being measured (CDD 140

and CWD). A parametric paired t-test was also performed to test the significance of 141

mean change in CDD and CWD. 142

The distribution of the changes in CDD and CWD across Zambia was further 143

analyzed visually to identify the hotspots. To achieve this, the ensemble mean of the 144

models that agreed on the sign of the change was utilized. The criterion for the 145

robustness of climate change signal that was adopted is more than 80% of model 146

agreement on the sign of change [22,40,44]. 147

Results 148

Performance of CORDEX RCMs simulations over Zambia 149

The mean monthly climatology 150

To evaluate how well the CORDEX-Africa Regional Climate Models (RCMs) simulate 151

Zambia’s seasonal rainfall, we analyzed the average monthly rainfall over the historical 152

period (1982–2000). Due to the number of simulations (22 models), results are 153

presented in three panels in Fig 2, comparing each model and the ensemble mean 154

against the observed GPCC data. 155

Zambia has a single rainy season that typically begins in late October and peaks in 156

January. Most of the models captured the overall shape of this seasonal rainfall cycle 157

well. This is supported by results from the Taylor diagram in Fig 2 (d), where all 158

models showed strong correlation (above 0.9) with the observed GPCC data. 159

However, there were differences in the strength (amplitude) and timing of rainfall. 160

Some models showed too much rain at the beginning of the season (October–December), 161

suggesting an early onset. While most models correctly identified January as the peak 162

rainfall month, others shifted the peak to November, December, or February. Models 163

M22 and M26 peaked in November, while M1, M2, M5, M8, M11, M12, M18, M20, M21, 164

and M25 peaked in December. M23 delayed the peak to February, and M10 and M24 165

showed two peaks; one in December and another in February. 166

Most models correctly simulated the dry season (May–September), though M1 and 167

M23 slightly overestimated rainfall during this period. While some models performed 168

well across all months, such as M3, M6, M7, M9, M13, M14, M15, M16, M17, and M19, 169

while others (M4, M10, M12, M18, M20, M22, M24, M25, and M26) struggled to match 170

the observed monthly pattern. Interestingly, most of the lower-performing models used 171

the RCA4 regional climate model (see S1 Table). 172
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Overall, the ensemble mean closely matched the observed monthly rainfall pattern 173

and outperformed individual models, confirming its usefulness in representing Zambia’s 174

annual rainfall cycle. 175

Fig 2. Mean monthly annual cycle of rainfall over Zambia from 22 CORDEX
simulations, the ensemble mean, and observed GPCC data. (a–c) Time series
of monthly rainfall climatology comparing 22 RCM simulations, ensemble mean, and
GPCC observations, grouped across three panels for clarity. (d) Taylor diagram showing
model performance in reproducing the annual rainfall cycle, based on correlation,
normalized standard deviation, and centered RMS difference with respect to GPCC.
Each number represents a model simulation.

Visual inspection of spatial climatology 176

To assess the spatial performance of the CORDEX RCMs, Figs 3 and 4 present maps of 177

the mean seasonal rainfall for the JFM and OND seasons, respectively, over the period 178

1982–2000. These figures display the observed GPCC rainfall climatology, the ensemble 179

mean, and outputs from each of the 22 individual model simulations. 180

Fig 3. Spatial climatology of rainfall over Zambia during the JFM season for
22 model simulations, the ensemble mean, and the observed GPCC data.
Each subplot displays the spatial distribution of mean seasonal rainfall for the period
1982–2000. The figure illustrates the ability of individual CORDEX RCM simulations
and the ensemble mean to capture spatial rainfall patterns over Zambia, as compared to
GPCC observations.

Fig 4. Spatial climatology of rainfall over Zambia during the OND season
for 22 model simulations, the ensemble mean, and the observed GPCC data.
Each subplot displays the spatial distribution of mean seasonal rainfall for the period
1982–2000. The figure illustrates the ability of individual CORDEX RCM simulations
and the ensemble mean to capture spatial rainfall patterns over Zambia, as compared to
GPCC observations.

Consistent with established climatology, Zambia receives higher rainfall in the 181

northern region, with a gradual decrease toward the south, a gradient strongly 182

influenced by the seasonal migration of the Inter-Tropical Convergence Zone (ITCZ). 183

Most model simulations successfully captured this north–south rainfall gradient in both 184

seasons, reflecting reasonable skill in simulating the spatial distribution of precipitation 185

across Zambia. Despite this general agreement, spatial biases were evident. Some 186

models, particularly M11 and M23, substantially underestimated rainfall across nearly 187

all regions in both the JFM and OND seasons. Conversely, several models—especially 188

those utilizing the RCA4 regional climate model (M2, M4, M5, M10, M12, M14, M18, 189

M22, M24, M26)—exhibited overestimation of rainfall, particularly over eastern Zambia. 190

These patterns of overestimation by RCA4-based models were consistently observed 191

across both seasons. 192

Given the spatial heterogeneity of model performance, further statistical evaluation 193

was conducted. Seasonal total rainfall from each simulation and the ensemble mean was 194

compared to the GPCC reference using a paired Student’s t-test. The null hypothesis 195

assumed no significant difference in mean rainfall between model outputs and 196

observations, tested at a 5% significance level. The results of the statistical analysis are 197

summarized in Table 1. In the OND season, nearly all simulations indicated a wet bias 198
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relative to GPCC, with the exception of M1 and M23. All wet biases, except for M1 199

and M6, were statistically significant. In contrast, JFM rainfall showed more variability: 200

over half the simulations (including EnsMean, M1, M2, M5, M7, M12, M15, M17, M18, 201

M20, M21, M23, M25, M26) displayed a dry bias, while others showed a wet bias. 202

Significant biases were observed for models M1, M2, M3, M6, M10, M12, M14, M15, 203

M17, M23, and M24. Models M1 and M23 consistently demonstrated dry biases in both 204

seasons, with M23 showing particularly large deviations from observations. These biases 205

were statistically significant in both JFM and OND for M23, further reinforcing its 206

consistent underperformance. 207

Additional insights from the supporting information for seasonal mean total rainfall 208

values of JFM and OND over Zambia from each model simulation and the observed 209

GPCC S2 Table indicate that M23 simulated the lowest seasonal rainfall totals—130.1 210

mm in OND and 211.8 mm in JFM—compared to the observed GPCC values of 333.9 211

mm and 527.1 mm, respectively. The simulation with the highest JFM rainfall was M14 212

(610.2 mm), while M4 recorded the highest OND value (526.4 mm). However, most 213

simulations produced rainfall values within a close range of the observed GPCC, 214

especially during the JFM season, supporting the general reliability of the ensemble for 215

spatial climatology analysis. 216

Inter-seasonal variability 217

Interannual variability of seasonal total rainfall was evaluated using Taylor diagrams 218

(Fig 5), following the approach of [12] and [13]. Fig 5 illustrates the degree to which 219

each of the 26 model simulations and the ensemble mean replicate the year-to-year 220

variability of seasonal mean rainfall over Zambia for the period 1982–2000, across the 221

two rainfall seasons: JFM and OND. 222

In both seasons, the RCM simulations show a weak ability to reproduce the 223

interannual variability captured by GPCC observations. During JFM, over half of the 224

models exhibit correlation coefficients between –0.4 and 0, indicating a poor match with 225

observed interannual fluctuations. In the OND season, while more than 80% of the 226

models have positive correlations, most fall below 0.4, suggesting only modest 227

improvements over the JFM season. 228

The root-mean-square error (RMSE) is generally higher in JFM compared to OND. 229

All models in the JFM season record an RMSE above 60 mm, while in OND, most 230

models fall above 40 mm—with the exception of M23 and the ensemble mean (M27). 231

Notably, the ensemble mean exhibits a consistently lower standard deviation in both 232

seasons, indicating underestimation of variability relative to GPCC. 233

Model-specific performance also varies. Simulations M1, M3, M6, M9, M10, M11, 234

M15, M16, M17, M21, M23, and the ensemble mean (M27) demonstrate consistently 235

limited variation compared to GPCC across both seasons. In OND, M23 stands out 236

with the strongest correlation (0.542) and the lowest standard deviation among all 237

simulations. Conversely, M13 shows the largest variability (standard deviation of 66.28 238

mm and a correlation of –0.061), although it is not clearly represented in the diagram. 239

Model M24 also displays significant variability (61.04 mm), while M20 records the 240

highest RMSE in OND (above 80 mm). In contrast, during JFM, all model simulations 241

underestimate variability relative to GPCC, with generally weak correlations and 242

greater RMS errors. These patterns are consistent with results from previous studies 243

indicating the difficulty of capturing seasonal variability over Southern Africa. 244

Overall, the CORDEX RCMs show limited skill in reproducing observed interannual 245

variability of seasonal rainfall over Zambia. The ensemble mean generally outperforms 246

individual models in terms of reduced RMSE and bias, though it also underrepresents 247

variability when compared to the observational reference. 248
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Table 1. Differences in Seasonal Mean Rainfall Between Model Simulations
and GPCC Observations During JFM and OND.

Model Comparison
t-Statistic p-Value (Two-Tailed)

JFM OND JFM OND
Ensmean-GPCC -2.41 5.26 0.027 <.001
M1-GPCC -5.80 -1.88 <.001 0.076
M2-GPCC -2.83 5.90 0.011 <.001
M3-GPCC 2.84 9.36 0.011 <.001
M4-GPCC 0.62 15.60 0.542 <.001
M5-GPCC -2.35 4.33 0.030 <.001
M6-GPCC 2.48 1.18 0.023 0.253
M7-GPCC -0.11 2.45 0.912 0.025
M8-GPCC 0.03 6.80 0.980 <.001
M9-GPCC 0.97 6.10 0.346 <.001
M10-GPCC 2.71 13.42 0.014 <.001
M11-GPCC 0.19 9.03 0.852 <.001
M12-GPCC -4.56 8.00 <.001 <.001
M13-GPCC 1.49 2.79 0.153 <.001
M14-GPCC 3.74 5.67 0.001 <.001
M15-GPCC -3.15 2.56 0.006 0.0198
M16-GPCC 0.19 12.53 0.851 <.001
M17-GPCC -3.92 4.23 <.001 <.001
M18-GPCC -0.71 11.16 0.484 <.001
M19-GPCC 0.92 3.35 0.371 0.0036
M20-GPCC -1.55 4.67 0.139 <.001
M21-GPCC -1.69 6.40 0.108 <.001
M22-GPCC 1.60 9.67 0.126 <.001
M23-GPCC -15.81 -25.56 <.001 <.001
M24-GPCC 2.93 7.56 0.009 <.001
M25-GPCC -0.11 12.95 0.913 <.001
M26-GPCC -0.35 9.27 0.732 <.001

Bold values indicate statistically significant differences at the 0.05 level based on a paired
two-tailed Student’s t-test.

Fig 5. Taylor diagrams for JFM (top) and OND (bottom) seasons, based on
the interannual variation of seasonal mean precipitation for the period
1982–2000 over Zambia. Each number corresponds to a specific model simulation,
showing its correlation coefficient, standard deviation, and centered root mean square
difference relative to GPCC observations. The diagrams visualize how well each model
captures the year-to-year variability of seasonal rainfall.

Consecutive dry days and consecutive wet days 249

The precipitation indices: CDD and CWD—were computed for the OND and JFM 250

seasons using daily precipitation data from 22 CORDEX-Africa simulations under the 251

RCP8.5 scenario. The analysis compared the climatological means for the historical 252

baseline period (1971–2000) and the projected future period (2021–2050). 253

Fig 6 presents box-and-whisker plots of projected changes in CDD and CWD, 254

calculated as the difference between future and baseline seasonal means. The 255

projections indicate a consistent increase in the mean CDD and a corresponding 256

decrease in the mean CWD across both seasons. Specifically, at least 80% of the model 257
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simulations project an increase in CDD and a reduction in CWD for both OND and 258

JFM seasons—meeting the threshold for robust multi-model agreement as defined in 259

recent literature [22,40,44]. 260

The changes are statistically significant at the 0.05 level, as confirmed by both the 261

Wilcoxon Signed-Rank Test and the paired Student’s t-test (Table 2). In terms of 262

central tendency, the median increase in CDD is estimated at 1.85 days for OND and 0.6 263

days for JFM. Conversely, the median reduction in CWD is 1.1 days in JFM and 0.95 264

days in OND. These results suggest that Zambia is likely to experience longer dry spells 265

and shorter wet spells during both rainfall seasons under a high-emissions trajectory. 266

The projected increase in CDD is notably more pronounced during the OND season, 267

which coincides with the onset of the rainy season. This pattern is likely linked to 268

increased variability in rainfall onset, contributing to longer dry stretches at the start of 269

the agricultural calendar. In contrast, the JFM season exhibits a narrower range of 270

changes in CDD, suggesting more stable dry spell patterns during the core of the rainy 271

season. 272

In the case of CWD, the JFM season shows a wider range of projected reductions 273

compared to OND, likely due to increased uncertainty in rainfall cessation timing and 274

intra-seasonal rainfall variability in the latter half of the rainy season. 275

Fig 6. Projected changes in CDD and CWD for OND and JFM seasons.
Box plots showing projected changes in the number of Consecutive Dry Days (CDD) and
Consecutive Wet Days (CWD) over the period 2021–2050 relative to the baseline period
1971–2000. Results are based on 22 model simulations for the OND and JFM seasons.

Table 2. Statistical values of the Wilcoxon signed-rank test and the Student’s paired t-test based on 22
ensemble members. Bold values indicate significance at the 0.05 level.

Variable Season Wilcoxon One-sided t-test One-sided
statistic p-value statistic p-value

CDD OND 226.0 < .001 6.49 < .001
CDD JFM 227.0 < .001 3.984 < .001
CWD OND 25.0 < .001 -5.112 < .001
CWD JFM 23.5 < .001 -4.312 < .001

Wilcoxon signed-rank and Student’s paired t-test results for projected changes in consecutive dry days (CDD) and consecutive
wet days (CWD) under RCP8.5 scenario across OND and JFM seasons.

Visual inspection of the changes in CDD and CWD 276

Fig 7 and Fig 8 show the spatial distribution of changes in the mean CDD and mean 277

CWD over Zambia for the period 2021-2050 from the baseline period 1971-2000 for the 278

OND and JFM seasons, respectively. For CDD, changes in the season JFM are evenly 279

distributed across the country, with certain regions having about 0.6-1.2 days as the 280

highest. However, in the OND season the highest number of changes in CDD are in the 281

southern part of the country. These changes in CDD are observed in provinces such as 282

Southern, Lusaka, Western, Eastern, and parts of Central, with days ranging from 2.5 283

to 5 days. Further, in both seasons parts of Southern province consistently have greatest 284

increase in CDD. On the other hand a reduction in the number of CWD is more evenly 285

distributed across the country, with only parches in certain regions with more(less) the 286

number of CWD in both seasons. The changes in the number of CWD ranges 0-8 days 287

in JFM and 0-5 days in OND season. 288

In Fig 7(b), the projected changes in CDD show an increase of 0-2.5 days in 289

North-Western, Copperbelt, Luapula, Northern and Muchinga provinces. The projected 290
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Fig 7. Spatial distribution of mean CDD and CWD over Zambia for the
OND season.
Top row: Mean CDD for the control period (1971–2000) and projected changes for the
future period (2021–2050).
Bottom row: Mean CWD for the control period (1971–2000) and projected changes for
the future period (2021–2050).

increase in CDD is greater in Western, Southern, Lusaka, Eastern and Central 291

provinces, with 2.5 – 5.0 days. 292

For CWD, Fig 7(d) shows that the projected changes indicate a reduction of 0-5 293

days across the country, with only small portions of Central/Southern provinces 294

showing a reduction of 5-10 days while small portions of Northern/Muchinga show an 295

increase of 0-5 days. 296

Fig 8. Spatial distribution of mean CDD and CWD for Zambia. Top row:
Mean CDD during JFM for the control period (1971–2000) and projected changes for
the future period (2021–2050).
Bottom row: Mean CWD during JFM for the control period (1971–2000) and projected
changes for the future period (2021–2050).

In Fig 8(b), the projected changes in CDD during JFM indicate an increase of 0-0.6 297

days across most parts of the country. However some parts of Southern, Central and 298

Eastern show an increase of 0.6-1.2 days. 299

The projected changes in CWD in Fig 8(d) indicate a reduction of 0-8 days in most 300

parts of the country. While parts of Central province indicate an increase of 0-8 days. 301

Discussion 302

This study aimed to assess intra-seasonal rainfall extremes—specifically consecutive dry 303

days (CDD) and consecutive wet days (CWD)—over Zambia using an ensemble of 22 304

CORDEX-Africa Regional Climate Model (RCM) simulations. Before interpreting 305

future projections, it was essential to evaluate how well these RCMs reproduced 306

historical rainfall climatology and variability, and then explore the implications of their 307

future projections for Zambia’s agriculture and climate adaptation planning. 308

The performance assessment revealed that most RCMs, despite some biases, 309

adequately captured the mean monthly climatology and spatial distribution of rainfall 310

over Zambia. These biases were also reported by Kalognomou et al. [12] and Endris et 311

al. [13] for Southern Africa and Eastern Africa domains respectively. Some RCMs, 312

particularly those downscaled using RCA4, exhibited wet biases during the early part of 313

the rainy season (OND), consistent with the findings of Nikulin et al. [11]. For the 314

HIRHAM5-NorESM1−M model, results confirm the findings by Warnatzsch and 315

Reay [15] that it greatly underestimates rainfall during the wet season. The interannual 316

variability of rainfall, especially in the JFM season, was not well captured, with several 317

models showing low or even negative correlation with observed GPCC data. This aligns 318

with previous work by Kalognomou et al. [12], indicating persistent challenges in 319

modeling year-to-year variability in Southern Africa. However, the ensemble mean 320

exhibited high correlation with the GPCC dataset, particularly for the annual rainfall 321

cycle. This is consistent with results from other studies [11,13–18]. 322

The projected changes in Zambia’s intra-seasonal rainfall characteristics, particularly 323

the increase in CDD and the decrease in CWD, reflect a broader regional trend 324

consistent with recent findings across Southern Africa. Our analysis under the RCP8.5 325
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scenario suggests that Zambia will experience statistically significant lengthening of dry 326

spells and shortening of wet spells during both OND and JFM seasons between 327

2021–2050 compared to the historical baseline of 1971–2000. These results are in line 328

with those of Libanda and Ngonga [29] for the period 2021–2100 compared to the 329

baseline period 1961–1990, and other prior studies eg [28,45]. These findings have 330

important implications, particularly for Zambia’s agriculture, which is heavily reliant on 331

seasonal rainfall and is therefore highly vulnerable to changes in intra-seasonal 332

precipitation extremes. 333

The observed trends of increasing CDD and decreasing CWD in this study are in 334

strong agreement with multi-model assessments such as those by Samuel et al. [24], who 335

found similar patterns across major Southern African river basins under multiple global 336

warming levels using CMIP5, CMIP6, CORDEX, and CORE ensembles. These changes 337

persist under all warming levels (1.5 ◦C, 2.0 ◦C, and 3.0 ◦C), emphasizing their 338

robustness and potential to challenge regional water and food security. Our results also 339

align with Maúre et al. [22], who projected intensification of dry extremes and a decline 340

in wet spell duration across Southern Africa at both 1.5 ◦C and 2.0 ◦C warming levels. 341

Likewise, Pinto et al. [23] and Giorgi et al. [46] reported increases in CDD over 342

Southern Africa by century-end under high-emission scenarios, consistent with trends in 343

our Zambia-focused analysis. New et al. [47] had earlier identified statistically 344

significant increases in dry spell duration and rainfall intensity across the region over 345

the late 20th century. 346

The mechanisms driving these trends are consistent with large-scale atmospheric 347

dynamics. Shongwe et al. [48] and Rouault et al. [49] observed that changes in the 348

ITCZ position, weakened Indian Ocean moisture flux, and ENSO-related anomalies 349

contributed to shortened rainy seasons. Zita et al. [50] emphasized the roles of ENSO, 350

IOD, and TAV in modulating extreme rainfall patterns in sub-Saharan Africa. A recent 351

comprehensive review by Munday et al. [55] similarly attributes much of the inter-model 352

diversity in Southern African rainfall projections to differences in the representation of 353

moisture transport and convective processes across models, reinforcing the value of 354

multi-model ensemble approaches such as the one adopted here. These mechanisms help 355

explain the spatial and seasonal heterogeneity seen in Zambia’s projections. The greatest 356

projected increase in CDD during OND was observed in Southern, Lusaka, Western, 357

Eastern, and parts of Central provinces, consistent with earlier results [22,23,29]. 358

The agricultural and socio-economic implications of these projections are significant. 359

Zambia’s rain-fed agriculture is sensitive to rainfall timing and distribution. Ngoma et 360

al. [31] projected that rainfall reductions and increased variability would lower crop 361

yields, GDP, and household welfare—particularly in regions where our study projects 362

the largest increase in CDD. Chemura et al. [51] noted that CDD and CWD are 363

stronger predictors of crop suitability than seasonal totals; when included in maize 364

suitability models, these indices showed more severe reductions across southern Africa 365

under future climates. 366

These findings underscore the urgent need for robust adaptation strategies. 367

Ayanlade et al. [52] highlight the importance of improved technology transfer to enhance 368

resilience among smallholder farmers, including access to drought-resistant crops, 369

moisture conservation techniques, and local climate services. Stadtbäumer et al. [53] 370

illustrated how adaptive farm-level strategies such as altered land use and flexible 371

cropping calendars can reduce climate vulnerability in rural Zambia. The spatially 372

resolved projections from our study can guide more effective, targeted interventions. 373

Recent CMIP6 work by Bobde et al. [54] supports our findings by projecting an 374

increased frequency of very dry years in Southern Africa, including Zambia, along with 375

fewer but more intense rainfall events. These trends stress the importance of 376

anticipatory planning and resilient infrastructure investment. 377
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The severity of these projected changes was starkly illustrated by the 2023/24 378

rainfall season, when a Southern Africa-wide drought triggered national disaster 379

declarations in Zambia, Zimbabwe, and Malawi, destroying an estimated 982,765 ha of 380

the roughly 2.3 million ha of maize planted in Zambia and contributing to a 33% food 381

inflation surge [58]. A rapid attribution analysis by World Weather Attribution [58] 382

found that the strong 2023/24 El Niño event, rather than long-term anthropogenic 383

warming, was the dominant driver of that particular season’s rainfall deficit. This 384

distinction matters: attribution of a single extreme season differs from the 385

multi-decadal, scenario-based CDD/CWD trend detected in this study. Nevertheless, 386

the 2023/24 drought offers a vivid, real-world illustration of the type of intensified 387

dry-spell conditions in Southern, Lusaka, Western, Eastern, and Central provinces that 388

our RCP8.5 projections indicate will become more frequent by 2021–2050, underscoring 389

the urgency of the adaptation strategies discussed above. 390

Taken together, the evidence presented in this study confirms that Zambia is on a 391

trajectory toward more extreme rainfall conditions. These changes will likely intensify, 392

even under ambitious global mitigation scenarios. Strengthening institutional capacity, 393

improving access to climate information, and developing localized interventions are 394

essential to safeguard food security and livelihoods. As the climate signal strengthens, 395

Zambia’s adaptation strategies must be underpinned by high-resolution, ensemble-based 396

projections such as those offered here. 397

Conclusion 398

This study assessed future changes in intra-seasonal rainfall extremes—consecutive dry 399

days (CDD) and consecutive wet days (CWD)—over Zambia under the high-emissions 400

RCP8.5 scenario for the periods 1971–2000 (baseline) and 2021–2050 (projection). An 401

ensemble of 22 CORDEX-Africa simulations from six regional climate models (RCMs) 402

driven by 12 global models was used. Model performance was evaluated against GPCC 403

observational data, revealing that most simulations reasonably captured spatial rainfall 404

patterns and the annual cycle, though seasonal variability and interannual fluctuations 405

were underestimated, especially in the JFM season. 406

Projected changes show a statistically significant increase in CDD and a decrease in 407

CWD, with the most pronounced increases in dry spells occurring in Southern, Lusaka, 408

Eastern, and Western provinces. These findings suggest an elevated risk of drought 409

conditions and shorter wet spells, with serious implications for Zambia’s rainfed 410

agriculture and food security. 411

To adapt effectively, Zambia must prioritize climate-resilient agricultural strategies, 412

including investment in irrigation, enhanced climate monitoring infrastructure, and 413

expanded access to climate data for research and planning. Further studies should 414

evaluate higher-resolution models and additional rainfall characteristics such as onset 415

and cessation dates. This research provides foundational evidence to support national 416

adaptation planning and policy development in the face of a changing climate. 417

Supporting information 418

S1 Fig. Distribution of CDD and CWD across model simulations for the 419

baseline and future periods. Box-and-whisker plots of Consecutive Dry Days (CDD) 420

and Consecutive Wet Days (CWD) for the OND and JFM seasons, comparing the 421

historical baseline period (1971–2000, His) and the future period (2021–2050, RCP8.5) 422

across the 22 individual CORDEX-Africa model simulations. Unlike Fig 6, which shows 423

the projected change (future minus baseline) for each simulation, this figure shows the 424
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absolute climatological distributions for each period, illustrating the spread across 425

models before and after the projected shift. 426

S1 Table. Characteristics of the Regional Climate Models (RCMs) used in 427

this study [11]. This table summarizes the core features of the six RCMs utilized in 428

the CORDEX-Africa ensemble, including model developers, spatial configuration, 429

physical parameterizations, and reference sources. These characteristics influence the 430

ability of each model to simulate regional climate dynamics over Zambia. 431

S2 Table. Seasonal mean total rainfall values of JFM and OND over 432

Zambia from each model simulation and the observed GPCC. This table 433

presents domain-averaged seasonal rainfall totals (in mm) for the 434

January–February–March (JFM) and October–November–December (OND) seasons. 435

Values are provided for the observed GPCC dataset, the ensemble mean, and each of 436

the 26 CORDEX-Africa model simulations. These values were computed over Zambia 437

for the baseline evaluation period 1982–2000. 438

S3 Table. Mean values of CDD and CWD over the OND and JFM seasons 439

for the baseline period (1971–2000) and future period (2021–2050). This table 440

summarizes the climatological mean of Consecutive Dry Days (CDD) and Consecutive 441

Wet Days (CWD) computed from the 22 model simulations for both OND and JFM 442

seasons. The values represent domain-averaged rainfall indices across Zambia. 443

S4 Table. Median values of projected changes in Consecutive Dry Days 444

(CDD) and Consecutive Wet Days (CWD) for the period 2021–2050 relative 445

to the baseline 1971–2000. This table reports the median number of days by which 446

CDD is projected to increase and CWD is projected to decrease in the 447

January–February–March (JFM) and October–November–December (OND) seasons. 448

The projections are based on an ensemble of 22 CORDEX-Africa RCM simulations 449

under the RCP8.5 scenario. 450
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53. Stadtbäumer C, Ruesink B, Gronau S. Climate change scenarios in Zambia:
modeling farmers’ adaptation. Agriculture & Food Security. 2022;11:52.
doi:10.1186/s40066-022-00382-5.

54. Bobde V, Akinsanola AA, Folorunsho AH, Adebiyi AA, Adeyeri OE. Projected
regional changes in mean and extreme precipitation over Africa in CMIP6 models.
Environmental Research Letters. 2024;19(7):074009.
doi:10.1088/1748-9326/ad545c.

55. Munday C, Washington R, Engelstaedter S, Zilli M, Harbord S, Knight C,
Attwood K, Hart N. Southern African climate change: processes, models, and
projections. WIREs Climate Change. 2025 Sep;16(5). doi:10.1002/wcc.70025.

56. Addisu AA, Tsidu GM, Basupi LV. Improving daily CMIP6 precipitation in
Southern Africa through bias correction—Part 2: representation of extreme
precipitation. Climate. 2025;13(5):93. doi:10.3390/cli13050093.

57. Liapapa C, Shi J, Kamukama Ebaju G, Adongo Obuo M, Friday Hakabinga A,
Zobanya Hamisi E, Niyigena T. Inter-model diversity among CMIP6 models in
simulating summer precipitation over Zambia. Atmospheric and Oceanic Science
Letters. 2026 May;100860. doi:10.1016/j.aosl.2026.100860.

58. World Weather Attribution. El Niño key driver of drought in highly vulnerable
Southern African countries. 2024 Apr. Available from:
https://www.worldweatherattribution.org/

el-nino-key-driver-of-drought-in-highly-vulnerable-southern-african-countries/

July 24, 2026 18/18

This manuscript is a preprint and has not been peer reviewed. The copyright holder has made the manuscript available under a  Creative Commons Attribution 4.0 International
(CC BY) license and consented to have it forwarded to EarthArXiv for public posting.license EarthArXiv

https://www.worldweatherattribution.org/el-nino-key-driver-of-drought-in-highly-vulnerable-southern-african-countries/
https://www.worldweatherattribution.org/el-nino-key-driver-of-drought-in-highly-vulnerable-southern-african-countries/
http://creativecommons.org/licenses/by/4.0/
https://eartharxiv.org/


This manuscript is a preprint and has not been peer reviewed. The copyright holder has made the manuscript available under a  Creative Commons Attribution 4.0 International
(CC BY) license and consented to have it forwarded to EarthArXiv for public posting.license EarthArXiv

http://creativecommons.org/licenses/by/4.0/
https://eartharxiv.org/


This manuscript is a preprint and has not been peer reviewed. The copyright holder has made the manuscript available under a  Creative Commons Attribution 4.0 International
(CC BY) license and consented to have it forwarded to EarthArXiv for public posting.license EarthArXiv

http://creativecommons.org/licenses/by/4.0/
https://eartharxiv.org/


This manuscript is a preprint and has not been peer reviewed. The copyright holder has made the manuscript available under a  Creative Commons Attribution 4.0 International
(CC BY) license and consented to have it forwarded to EarthArXiv for public posting.license EarthArXiv

http://creativecommons.org/licenses/by/4.0/
https://eartharxiv.org/


This manuscript is a preprint and has not been peer reviewed. The copyright holder has made the manuscript available under a  Creative Commons Attribution 4.0 International
(CC BY) license and consented to have it forwarded to EarthArXiv for public posting.license EarthArXiv

http://creativecommons.org/licenses/by/4.0/
https://eartharxiv.org/


This manuscript is a preprint and has not been peer reviewed. The copyright holder has made the manuscript available under a  Creative Commons Attribution 4.0 International
(CC BY) license and consented to have it forwarded to EarthArXiv for public posting.license EarthArXiv

http://creativecommons.org/licenses/by/4.0/
https://eartharxiv.org/


This manuscript is a preprint and has not been peer reviewed. The copyright holder has made the manuscript available under a  Creative Commons Attribution 4.0 International
(CC BY) license and consented to have it forwarded to EarthArXiv for public posting.license EarthArXiv

http://creativecommons.org/licenses/by/4.0/
https://eartharxiv.org/


This manuscript is a preprint and has not been peer reviewed. The copyright holder has made the manuscript available under a  Creative Commons Attribution 4.0 International
(CC BY) license and consented to have it forwarded to EarthArXiv for public posting.license EarthArXiv

http://creativecommons.org/licenses/by/4.0/
https://eartharxiv.org/


This manuscript is a preprint and has not been peer reviewed. The copyright holder has made the manuscript available under a  Creative Commons Attribution 4.0 International
(CC BY) license and consented to have it forwarded to EarthArXiv for public posting.license EarthArXiv

http://creativecommons.org/licenses/by/4.0/
https://eartharxiv.org/

