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Abstract. East African March–May rainfall (MAM) remains difficult to predict despite its importance for agriculture, water

resources, and disaster preparedness. This study identifies pre-season physical drivers of MAM rainfall and tests their value for

probabilistic seasonal prediction. Predictor basins were derived from December and January sea surface temperature (SST), 2 m

air temperature (T2), and sea-level pressure (SLP) anomalies relative to 1991–2020, using correlations with the leading mode of

East African MAM rainfall and subsequent SHAP-based feature selection. The selected basin-derived indices were applied in5

Random Forest (RF) and Extreme Gradient Boosting (XGB) models. The dominant predictors appear to be the southern Indian

Ocean T2 tendency, Australian and Eurasian T2 gradients, South Pacific and Antarctic T2 signals, Atlantic Niño tendency, and

the Euro–African SLP gradient. T2-related predictors dominate both the January and December initialisations, showing that

near-surface thermal gradients provide useful information in addition to SST memory. Walker-circulation diagnostics show that

these drivers influence rainfall through pressure-gradient changes, tropical overturning, and upper-level wave-train development.10

For January initialisation, RF and XGB achieve spatially averaged Brier Skill Scores of 0.48 and 0.41, respectively, while

the corresponding Area Under the Receiver Operating Characteristic Curve values amounting to 0.72 and 0.65. These results

demonstrate that physically constrained machine learning provides promising probabilistic skill for East African MAM rainfall

prediction.

1 Introduction15

The hydroclimate of East Africa is governed by the seasonal migration of the Intertropical Convergence Zone (ITCZ) and its

interaction with Indian Ocean circulation. The region spans latitudes 11.5◦ S to 15.5◦ N and longitudes 24◦ E to 50◦ E (Figure

1), falling within the tropical zone and exhibiting pronounced spatial heterogeneity in rainfall regimes. Some countries, such

as Kenya, experience a bimodal rainfall distribution, with the “short rains” occurring from October to December (OND) and

the “long rains” from March to May (MAM). Other parts of the region, particularly northern East Africa, exhibit a monomodal20

rainfall season during June–September (JJAS) (Diro et al., 2011; Camberlin and Philippon, 2002; Nicholson, 2017; Wainwright
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Figure 1. Regional climatic zones for East Africa derived from MAM rainfall. The results of the empirical orthogonal functions (EOFs)

of gridded MAM rainfall and clustered grid cells in the space of the leading EOFs using k-means; clusters were then made contiguous by

small-patch removal and boundary smoothing. The three objectively identified zones are: EQZ (Equatorial Zone; relatively wet MAM),

HoAZ (Horn of Africa Zone, mostly covering Ethiopia and Somalia; characterised by orographic enhancement of MAM rainfall), and SSRZ

(Sub-Saharan Region; low MAM totals with high interannual variability). Colours indicate zone membership.

et al., 2019). This climatic contrast, spanning arid, semi-arid, and humid tropical regimes, creates substantial challenges for

generating accurate long- and short-range forecasts.

Of all rainfall seasons in East Africa, the MAM season is dynamically distinct and particularly complex. MAM is a crucial

season for farming across much of the region, yet it remains one of the most difficult to predict. Variations in large-scale25

2

https://doi.org/10.5194/egusphere-2026-2832
Preprint. Discussion started: 24 June 2026
c© Author(s) 2026. CC BY 4.0 License.



ocean–atmosphere conditions, especially sea surface temperature (SST) gradients and associated circulation anomalies, modulate

moisture transport, vertical motion, and convection over East Africa.

Large-scale climate drivers such as the Indian Ocean Dipole (IOD), Quasi-Biennial Oscillation (QBO), ENSO, and regional

SST anomalies have been shown to influence East African MAM rainfall depending on their phase and interaction (Saji et al.,

1999; Nicholson, 2017; Palmer et al., 2023; Tierney et al., 2015; Baldwin et al., 2001; Diro et al., 2011; Omondi et al., 2013;30

Wainwright et al., 2019). Recent studies have also highlighted additional drivers, including cooling within the Eurasian basin

linked to MAM rainfall variability (Hagos et al., 2024), zonal winds at 700 hPa over the Congo basin (Ward et al., 2023), and

warming in parts of the Indian Ocean associated with suppressed MAM rainfall (Lyon and DeWitt, 2012). Additionally, several

studies have further demonstrated that tropical seasonal rainfall is closely linked to large-scale climate variability, with SST

(Uvo et al., 1998; Kumar et al., 2013; Landman et al., 2012) and near-surface air temperature (Ran et al., 2025) emerging as35

important sources of predictability. By modulating land–atmosphere coupling, moisture transport, and large-scale circulation,

these variables can provide substantial skill for seasonal rainfall prediction (Uvo et al., 1998; Kumar et al., 2013; Ran et al., 2025;

Landman et al., 2012). These drivers do not operate in isolation, but through nonlinear and seasonally evolving interactions that

influence vertical motion, moisture convergence, and rainfall distribution over the region.

Despite this physically grounded understanding, the MAM rainfall season remains notoriously difficult to predict because of40

weak and shifting large-scale climate drivers, strong spatiotemporal variability, and poorly captured seasonal transitions in global

models (Dunning et al., 2016; Nicholson, 2017; Wainwright et al., 2019). Global climate models (GCMs) often misrepresent the

large-scale circulation and associated SST gradients that influence East African rainfall, leading to systematic biases in rainfall

simulation (James et al., 2020). Their coarse horizontal (typically 100–250 km) and vertical grid spacings limit their ability to

represent localised upwelling, downwelling, and vertical velocity relatively , which are important components of the tropical45

circulation system (Turner and Annamalai, 2012). Because the impacts of climate drivers during MAM are often weak, transient,

and nonlinear, particularly during ENSO transition and neutral IOD phases, both GCMs and multi-model ensemble (MME)

forecasts continue to struggle in capturing East African rainfall variability.

Earlier studies indicate that the MAM season is becoming shorter and drier, likely in association with warming sea surface

temperatures in the southern Indian Ocean and the North Arabian Sea (Wainwright et al., 2019; Palmer et al., 2023). This50

tendency, combined with the absence of well-defined and stationary predictors, further underscores the need for improved

forecasting approaches. As Tierney et al. (2015) emphasised, there is an urgent need to develop more accurate systems for

predicting MAM seasonal rainfall anomalies and for understanding the physical mechanisms that drive rainfall variability during

this season.

Given the importance of rainfall predictions in East Africa, improving seasonal forecast skill is both a scientific and societal55

priority. In a region where rain-fed agriculture dominates, reliable seasonal rainfall forecasts are essential for food security,

water-resource management, disaster preparedness, and economic stability. However, improvements in climate prediction remain

closely tied to access to advanced forecasting tools, observational data, and technical capacity. Although dynamical climate

models are widely used globally, their implementation and maintenance remain challenging for many African countries because

of resource limitations (Milton et al., 2017).60
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Recent studies have shown that both mesoscale climate models and machine-learning (ML) techniques can enhance subsea-

sonal to seasonal forecasting skill (Chinyoka and Steeneveld, 2023; Deman et al., 2022; Baig et al., 2024; Antonio et al., 2025;

Gibson et al., 2021; Weyn et al., 2021; Pinheiro and Ouarda, 2025). ML techniques are particularly attractive because they

have shown promising predictive performance while offering operational advantages in terms of adaptability and relatively low

computational cost (Bauer, 2024). Building on these advances, this study investigates the potential of ML as a cost-effective65

framework for improving seasonal rainfall prediction over East Africa.We also build on this physical understanding by defining

SST, 2-m air temperature (T2), and sea level pressure as key climate-driver variables for the ML models.

More specifically, we investigate the key climate-driver basins that influence East African MAM rainfall predictability through

thermal heating and cooling, sea level pressure anomalies, and their associated atmospheric responses. We focus on how these

drivers are linked to variations in the Walker circulation, the development of Rossby wave responses, and the resulting rainfall70

anomalies over East Africa. In doing so, the aim is not only to improve prediction skill, but also to better understand the

mechanisms through which basin-scale thermodynamic and dynamic forcing affects the East African long rains.

To capture these processes, we incorporate climate drivers hypothesized to be relevant to the East African MAM season,

including the Western V Gradient (WVG; Funk et al., 2018), the Quasi-Biennial Oscillation (QBO; Baldwin et al., 2001), and

variability in the ITCZ (Finney et al., 2020), together with basin-scale SST, T2, and sea level pressure fields. The ML framework75

is therefore used not only as a predictive tool, but also as a diagnostic approach for identifying the dominant large-scale and

regional drivers of MAM rainfall and for assessing both their linear and nonlinear contributions to seasonal predictability.

In this study, we therefore investigate the physical controls and predictability of East African MAM rainfall by explicitly

linking mechanistic understanding of large-scale circulation to data-driven modelling. We test the hypothesis that MAM

predictability can be enhanced by: (i) isolating physically consistent pre-season drivers that modulate the Walker circulation and80

Rossby wave pathways, and (ii) capturing their combined linear and nonlinear effects using machine-learning techniques. In this

way, the ML approach is intended to help overcome some of the limitations of traditional dynamical models by focusing on

physically meaningful climate drivers that are not always adequately represented in GCMs.

To address these challenges, this study is guided by the following scientific questions:

1. Which pre-MAM large-scale and regional climate drivers most strongly influence East African MAM seasonal rainfall85

totals?

This question focuses on identifying the most relevant climate drivers of MAM rainfall through both physical reasoning

and data-driven feature selection.

2. How do these climate drivers contribute to the skill of machine-learning forecasts of East African March–May rainfall?

We address this question by developing and evaluating ML models tailored to use key climate drivers over East Africa as90

predictors. By incorporating physically relevant drivers, this research seeks to understand each driver’s contribution to

improving forecast accuracy and reducing uncertainty, while also providing a framework that can be operationalised by

regional and national meteorological services such as the Intergovernmental Authority on Development (IGAD) Climate

Prediction and Applications Centre (ICPAC).
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GLOBAL AND REGIONAL CLIMATE DRIVERS BASINS

Figure 2. Global and regional predictor basins used to construct climate-driver indices for seasonal rainfall modelling over East Africa. Green

boxes indicate SLP-based regions, purple boxes indicate 2-m air temperature regions, and red boxes indicate SST regions. The outlined

domains were identified from the correlation-based screening procedure and retained for basin-mean index construction.

2 Methods95

2.1 Predictor-region identification

Potential predictor regions were identified from global fields of SST, T2, SLP, and soil moisture using the leading mode

of East Africa (EA) MAM rainfall variability. Empirical orthogonal function (EOF) analysis was first applied to EA MAM

rainfall anomalies, and the first principal component (PC1) was retained as the target rainfall index because it explained the

largest fraction of interannual variance (Scalabrini and Remoaldo, 2024; Hotelling, 1933a, b; Wilks, 2006, 2020). Grid-point100

correlations were then computed between EA MAM rainfall PC1 and antecedent monthly climate anomalies for December and

January. Only statistically significant regions (p < 0.1) were retained to define candidate predictor basins.

Figure 2 summarises the final predictor basins retained from the screening analysis. The corresponding latitude–longitude

boundaries and basin-mean correlation coefficients with EA MAM rainfall PC1 are given in Table 1. These domains were

subsequently used for spatial averaging and index construction.105

2.2 Climate data

Multiple observational and reanalysis datasets were used to derive predictor variables and rainfall targets.
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Table 1. Overview of predictor basins used for index construction and their key climate variable as well as location. Negative longitudes denote

degrees west, whereas positive longitudes denote degrees east. Basins crossing the dateline are indicated explicitly in the longitude range.

Basin Climate variable Latitude range Longitude range

EPSLP (Eastern Pacific) SLP 0◦–40◦N 175◦W–110◦W

EuSLP (Europe) SLP 55◦–80◦N 0◦–50◦E

MCSLP (Maritime Continent) SLP 0◦–35◦N 100◦–140◦E

ATSLP (Atlantic sector) SLP 50◦S–20◦N 50◦W–25◦E

EuAT2 (Eurasia) T2 40◦–70◦N 0◦–70◦E

MedT2 (Mediterranean) T2 26◦–44◦N 30◦–60◦E

SIOT2 (Southern Indian Ocean) T2 75◦S–45◦S 50◦–115◦E

WPT2 (Western Pacific) T2 15◦–45◦N 120◦–150◦E

SPT2 (South Pacific) T2 60◦S–40◦S 130◦E–165◦W

SoAT2 (South of Australia) T2 60◦S–20◦S 130◦E–179◦E

WoAT2 (West of Australia) T2 45◦S–15◦S 90◦–120◦E

SPSI (South Pacific) SST 74◦S–45◦S 120◦–140◦E

NPO (North Pacific Ocean) SST 0◦–35◦N 150◦E–120◦W

ASTI (Atlantic subtropical sector) SST 10◦–30◦N 60◦W–30◦W

SIOI (Southern Indian Ocean) SST 45◦S–5◦S 60◦–120◦E

ATL3 (Tropical Atlantic) SST 15◦S–5◦N 55◦W–0◦

NAOI (North Atlantic Ocean) SST 30◦–65◦N 20◦W–30◦E

Note. Additional gradient-based predictors were derived from the primary basins as follows: EAT2GD= EuAT2−MedT2,

AuT2GD=WoAT2−SoAT2, and SPID = SIOI−SPSI.
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a Sea surface temperature

Monthly SST data were obtained from COBE-SST2 (Hirahara et al., 2014), which provides global fields at 1◦ spatial resolution

from 1891 to the present. Basin-mean SST anomalies were computed for the identified predictor domains and used to derive110

oceanic indices including the IOD, Oceanic Niño Index (ONI), Niño 3.4, WVG, southern Indian Ocean SST anomalies (SIO),

north Arabian Sea SST anomalies (NAS), Atlantic sector variability (ATL3 and ASTI), North Atlantic Ocean variability (NAOI),

and other identified basin-scale SST predictors.

b Zonal wind at 30 hPa: QBO

Monthly mean zonal wind at 30 hPa was obtained from ERA5 pressure-level reanalysis at 0.25◦ resolution (Copernicus Climate115

Change Service (C3S), 2023a). These data were used to derive the Quasi-Biennial Oscillation (QBO) index, which was included

as a large-scale dynamical predictor.

c Soil moisture

Monthly soil moisture was obtained from ERA5 single-level data (Copernicus Climate Change Service (C3S), 2023b). Soil-

moisture anomalies were computed over selected continental basins with potential influence on EA rainfall variability, including120

the Democratic Republic of Congo Basin, Southern Africa, East Africa, Ethiopia, and the southern Sahara. Basin-mean anomalies

from these regions were used as predictor variables.

d Monthly rainfall totals

Seasonal rainfall targets were derived from Global Precipitation Climatology Centre (GPCC) products. We combined GPCC

First Guess (Schneider et al., 2018) and GPCC Precipitation 0.25◦ V2020 Full Reanalysis (Schneider et al., 2020) to obtain a125

continuous rainfall record from 1891 to the present. Because ERA5 soil-moisture data are available since 1940, the common

period used for model development was restricted to 1940 onward.

2.3 Feature engineering and selection

In addition to the primary predictor indices, tendency (TND) features were computed as month-to-month differences to represent

changes in the strength and direction of the climate drivers. These features were designed to capture whether a given driver was130

strengthening or weakening prior to the MAM season. Predictor construction was based on antecedent December and January

conditions for forecasting MAM rainfall totals.

Because rainfall controls vary across East Africa, separate models were developed for each rainfall zone and the outputs were

later merged into a regional forecast. Predictor selection for each zone was based on SHapley Additive exPlanations (SHAP)

(Lundberg and Lee, 2017), which provides a robust measure of feature importance in nonlinear models. SHAP-based feature135

selection was implemented iteratively until the ranked contributions stabilised, retaining 75% of predictors at each step subject

to a minimum of four predictors.
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2.4 Machine-learning models

Two ensemble-learning algorithms were used: Extreme Gradient Boosting (XGBoost) and Random Forest (RF). Both methods

are suitable for nonlinear hydroclimatic prediction problems and have shown good skill in rainfall forecasting (Zhang et al.,140

2021; Meenachi et al., 2023; Baig et al., 2024).

a XGBoost

This algorithm is considered an optimization method in function space rather than parameter space (Friedman, 2001). Its core

concept revolves around stagewise additive expansion and its connection to steepest-descent minimization. We developed a

model using a regression booster aimed at reproducing deterministic seasonal rainfall amounts, which were later categorized145

into three classes: below normal, normal, and above normal seasonal rainfall, with associated probabilities to capture the level of

uncertainty.

The model was implemented using the XGBoost (Chen and Guestrin, 2016b) package in Python, which provides flexibility

and ease of use. A key advantage of the gradient boosting algorithm as implemented by XGBoost is its ability to run on GPU

processors, significantly reducing computation time, particularly given the size and resolution of our data. XGBoost produces150

competitive results compared to other machine learning algorithms.

The choice of the model structure and hyperparameters depends on the size and complexity of the dataset, as well as the

specific requirements of the model being developed (Chen and Guestrin, 2016a). Thus, hyperparameter tuning with actual training

data is essential to achieve optimal performance, within predetermined acceptable thresholds. After conducting comprehensive

hyperparameter tuning, we selected the final model structure and key hyperparameter settings as on Table 2. Additionally, a155

custom evaluation metric based on the coefficient of determination (R2) was used, together with a custom objective function

that penalised underforecasting and overforecasting differently.

b Random Forest

Another ensemble learning method that combines predictions from multiple tree predictors is Random Forests (Breiman, 2001).

The model’s accuracy relies on the performance of each individual tree predictor. Its strength lies in its robustness against160

overfitting, especially as the number of trees grows based on the dataset size. The choice of model configurations and features

was made using random search and cross-validation for each country. The best-performing model was retained for predictions

(Table 3).

2.5 Training and probabilistic prediction

Both models were trained using the same predictor set and targeted EA MAM seasonal rainfall over 1940–2025. Since our165

ultimate goal is produce probability tercile rainfall forecasts, tercile thresholds for below-normal, normal, and above-normal

conditions were computed from the 1991–2020 climatological reference period. Seasons were classified according to the

dominant tercile category over the domain, and stratified sampling was used to reduce class imbalance.
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Table 2. XGBoost model hyperparameter configuration used for seasonal rainfall prediction.

Parameter Value Description

max_depth 6 Maximum depth of each regression tree.

learning_rate 0.05 Step size shrinkage applied after each boosting iteration.

subsample 0.7 Fraction of training samples used to fit each tree.

colsample_bytree 0.6 Fraction of predictor variables sampled for each tree.

reg_alpha 2.0 L1 regularisation term used to reduce overfitting.

reg_lambda 8.0 L2 regularisation term used to improve model stability.

min_child_weight 10 Minimum instance weight required in a child node.

gamma 1.5 Minimum loss reduction required for a further split.

eval_metric rmse Metric used to evaluate model error during training.

random_state 42 Random seed used for reproducibility.

tree_method hist Histogram-based algorithm used for efficient tree construction.

device cuda GPU-based model training.

objective reg:squarederror Regression objective that minimises squared prediction error.

Table 3. Optimised Random Forest hyperparameter settings for each climatic zone.

Zone n_estimators max_depth min_samples_split min_samples_leaf max_features ccp_alpha criterion

HoAZ 120 30 2 2 0.7 0.01 squared_error

SSRZ 120 10 2 2 0.5 0.01 squared_error

EQZ 120 30 2 2 0.7 0.01 squared_error

The full dataset was partitioned into training, validation, hindcast, and reforecast components. Hindcasts were used to estimate

forecast uncertainty and to derive probabilistic tercile forecasts following (Min et al., 2009). For each grid point, the hindcast170

mean (µh), hindcast standard deviation (σh), forecast mean (µf ), and reforecast standard deviation (σrf ) were used to compute

lower and upper tercile bounds and the corresponding category probabilities.

The lower and upper tercile bounds were defined as:

LB = µh − 0.43σh (1)

UB = µh +0.43σh (2)175

The threshold and probability calculations were applied at each grid point while masking areas that are off-season during

MAM.
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P (Below Normal) = P (µf < LB) =

LB∫

−∞

1√
2πσ2

rf

exp

(
− (µf −µh)

2

2σ2
rf

)
dµf (3)

P (Above Normal) = P (µf > UB) =

∞∫

UB

1√
2πσ2

rf

exp

(
− (µf −µh)

2

2σ2
rf

)
dµf (4)

P (Normal) = P (LB < µf < UB) =

UB∫

LB

1√
2πσ2

rf

exp

(
− (µf −µh)

2

2σ2
rf

)
dµf (5)180

3 Results

In this section, we present results that address the questions raised in the introduction by examining whether distinct and

physically consistent climate drivers can serve as reliable precursors of the forthcoming MAM rainfall season over East Africa

(EA). We first analyse the dominant climatic conditions in January, a few months before MAM, to establish the large-scale

circulation and oceanic anomalies that may foreshadow seasonal rainfall outcomes. This is achieved through EOF/PCA and185

SHAP analyses to systematically identify the most influential climate drivers, which are then incorporated into machine-learning

(ML) frameworks for predictive evaluation. From the 22 available validation seasons, four representative cases are selected

to demonstrate the ability of the ML models to reproduce contrasting wet and dry seasons. The discussion then assesses the

relative strengths and limitations of the ML approach, with particular emphasis on the predictive relevance of January drivers.

Finally, we synthesise these results by evaluating model skill and reliability, thereby assessing their suitability as operational190

tools for seasonal climate prediction across EA’s highly complex MAM rainfall regime.

3.1 Identification of dominant climate drivers of EA MAM rainfall

As outlined in Section 2.1, EOF analysis of EA MAM rainfall was first performed, and the significant predictor basins were

subsequently identified from Figure 2. First we examine the relationship between global SST anomalies and EA MAM rainfall

identified on Figure 3. The eastern Pacific warming region (NPO) shows a positive relationship with EA rainfall, indicating that195

warming in this region is associated with enhanced EA rainfall in both December and January . Additional SST-based basins that

appear significant include the southern Indian Ocean near Australia (SIOI), particularly in January, which exhibits a negative

relationship with EA MAM rainfall. This suggests that warming in this region is associated with drier conditions over EA, and

vice versa. Similarly, the North Atlantic Ocean basin (NAOI) also shows a negative association with EA rainfall.

Similarly, T2 predictor basins were identified, and the main regions are shown in Figure 4. Broadly consistent thermal patterns200

are evident in both SST- and T2-based fields. Key regions include the Eurasian basin, the southern Pacific Ocean, and the

southern Indian Ocean. Negative associations with EA rainfall are evident for WoAT2 and Eurasian T2 anomalies, whereas
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Figure 3. Correlation between antecedent sea surface temperature (SST) anomalies and East Africa (EA) March–May (MAM) rainfall PC1 for

(a) December and (b) January. Shading shows statistically significant grid-point correlations at p < 0.1, and black boxes mark the retained SST

predictor domains used to derive basin-mean oceanic indices. These domains represent candidate oceanic forcing regions linked to interannual

EA MAM rainfall variability.

Figure 4. Correlation between antecedent T2 anomalies and East Africa (EA) March–May (MAM) rainfall PC1 for (a) December and (b)

January. Shading shows statistically significant grid-point correlations at p < 0.1, while black boxes indicate the retained T2 predictor domains

used for basin-mean index construction. The identified thermal regions were used to represent large-scale land–atmosphere temperature

contrasts relevant to EA MAM rainfall variability.

SIOT2 (southern Indian Ocean basin) and southern Pacific T2 (SPT2) show positive relationships with EA rainfall. These

contrasting signals indicate that antecedent thermal forcing over different continental and oceanic sectors contributes differently

to subsequent EA MAM rainfall variability.205
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Figure 5. Correlation between antecedent sea level pressure (SLP) anomalies and East Africa (EA) March–May (MAM) rainfall PC1 for (a)

December and (b) January. Shading shows statistically significant grid-point correlations at p < 0.1, while black boxes indicate the retained

SLP predictor domains used for basin-mean index construction. Positive correlations denote regions where above-normal SLP is associated

with a positive phase of EA MAM rainfall PC1, whereas negative correlations indicate the opposite relationship.

Furthermore, a similar analysis was performed for SLP (Figure 5), and nearly the same broad regions were identified. This

indicates a close link between thermal heating or cooling, SLP anomalies, and the associated atmospheric circulation response.

The eastern Pacific basin (EPSLP), Atlantic ocean basin (ATSLP), Eurasian ocean basin (EuSLP) and Azore basin covering north

of Africa region (AZSLP) all show a considerable relationship with EA rainfall in both December and January. In December,

EPSLP exhibits a negative relationship with EA rainfall. It is also notable that these systems appear to shift from December to210

January. This may reflect a seasonal reorganisation or eastward displacement of the dominant circulation features, consistent

with the weakening or relocation of the relationships identified in the SST, T2, and SLP fields.

Following this screening step, basin-mean indices were computed from the identified regions and used as input features in

the Random Forest (RF) and XGBoost (XGB) models. Iterative SHAP analysis, together with physical understanding of the

identified systems, was then used to refine the final set of predictors. In addition to the primary indices, derived predictors such215

as SPID, AuT2GD, and EAT2GD were also computed; these represent gradients between selected basins. Driver tendencies

were further calculated and included as ML features. Based on this procedure, Figure 6 shows the dominant January predictors

for each rainfall zone within EA.

Each zone is influenced by a distinct set of drivers, and their contributions to rainfall predictability can also be inferred.

The EQZ zone appears to be primarily driven by thermal conditions, in which higher values of most predictors are associated220

with enhanced rainfall, and vice versa (Figure 6a). The exception is southern Pacific 2-m temperature, which shows a negative

contribution to EQZ rainfall. In contrast, the HoAZ zone shows both positive and negative contributions depending on the

driver. Higher and lower values of these predictors may both contribute to rainfall variability, while near-neutral values appear

to produce mixed effects for most drivers (Figure 6b). The SSRZ zone is influenced more strongly by SLP-related drivers.
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Figure 6. SHAP summary plots for the most influential January predictors retained in the XGBoost models for the three East Africa rainfall

zones: (a) EQZ, (b) HoAZ, and (c) SSRZ. Each point represents one sample, positioned according to its SHAP value, which measures the

contribution of a given predictor to the model output. Point colour indicates the magnitude of the predictor value from low (blue) to high (pink).

Predictors with larger absolute SHAP values exert stronger influence on the forecast, while the sign of the SHAP value indicates whether the

predictor increases or decreases the predicted seasonal rainfall anomaly.
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However, it is also the least predictable zone, likely because of its marked heterogeneity. Much of this zone is off-season during225

MAM, leaving only limited areas that are climatically in season, which makes prediction more challenging.

3.2 Dynamical Pathways Linking the Drivers to EA MAM Rainfall Variability

The leading Maximum Covariance Analysis (MCA) mode between SST anomalies and Walker circulation shows that the

strongest coupled SST influence is located over the eastern Pacific, centred around 120–170◦W in December (Figure 7a)

and becoming more defined in January (Figure 7b). Most SST basins exhibit negative loadings, indicating that cooler basin230

conditions are associated with the Walker phase characterised by enhanced subsidence, whereas warmer conditions favour the

opposite phase. The subtropical Atlantic is an exception, where cooler conditions are linked to enhanced convection.

The corresponding Walker structure displays a clear zonal overturning pattern, with alternating ascent and descent across the

Pacific, Maritime Continent, Atlantic, Indian Ocean, and Africa. Over East Africa, January shows more pronounced ascent from

the mid- to upper troposphere compared to December, suggesting a more convection-favourable Walker configuration during235

January.

The coupled MCA analysis between Walker circulation and T2 drivers reveals a spatial structure that is broadly consistent

with the SST-forced Walker mode (Figure 7c,d). Enhanced subsidence is evident over the eastern Pacific, with multiple narrow

centres in December (Figure 7c), and the strongest descending branch located near 160–175◦W in December. In January,

subsidence over the Pacific is weaker, with a broader but less intense descending region extending from about 120–175◦W240

(Figure 7d).

Over the Atlantic, the ascending branch is stronger in January than in December, and also stronger than that associated with

SST forcing alone. The zonal overturning signal extends across the Indian Ocean and Atlantic sectors, confirming a coherent

Walker-like circulation with alternating regions of ascent and descent across the tropical belt.

The strength of the T2–Walker coupling exhibits clear seasonal variability. Several basins that strongly influence the Walker245

mode in December contribute less in January, leading to a reduction in the explained covariance fraction from about 75% in

December to 60% in January. Nearly all T2 basins show negative loadings with the leading Walker mode in December, whereas

only southern Pacific 2-m temperature (SPT2) shows positive contributions. Although this spatial pattern persists into January,

the magnitude of the loadings generally weakens.

The MCA analysis between SLP and Walker circulation indicates that the strongest arm of the Walker mode is centred over250

the western Pacific, around 160◦E–180◦ in December. Although this location differs slightly from the centres identified in the

SST- and T2-forced Walker patterns, the overall zonal overturning structure remains similar.

In January, the dominant Walker centre shifts eastward to approximately 150–160◦W, indicating a seasonal displacement

of the main overturning branch. This shift may reflect changes in the large-scale circulation background, including possible

modulation by Rossby-wave propagation. The SLP–Walker coupling also strengthens in January, with the explained covariance255

fraction increasing from about 64% in December to 86%.
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Figure 7. Walker circulation patterns associated with the leading maximum covariance analysis (MCA) mode between East Africa (EA)

March–May (MAM) rainfall and antecedent climate drivers. Panels (a) and (b) show December and January SST-related Walker vertical-

structure loadings, respectively; (c) and (d) show the corresponding T2-related loadings; (e) and (f) show the SLP-related loadings; and (g)

and (h) show the combined-driver Walker loadings. Shading (blue denotes subsidence and red denotes ascent/convection) indicates MCA

loadings in pressure–longitude space averaged over the equatorial belt (latitude ±5◦), with pressure on the vertical axis and longitude on the

horizontal axis. Panels (i) and (j) summarise the combined December and January basin loadings for the retained predictors across the main

Walker-circulation branches: TATL (tropical Atlantic/Gulf of Guinea sector), CAF (Central Africa/Congo Basin sector), EA–WIO (East Africa

and western Indian Ocean sector, including the Horn of Africa and adjacent ocean), IO (Indian Ocean sector), MC (Maritime Continent sector,

including Indonesia and surrounding seas), and PAC (Pacific sector, representing the ENSO-related central–eastern Pacific). The squared

covariance fraction (SCF) shown in each panel indicates the fraction of shared covariance explained by the leading mode.
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Over the Atlantic, the ascending branch is better defined in January, with a broader convection centre extending from roughly

30◦W to 60◦W. Basin loading patterns show that eastern Pacific and European SLP regions have positive loadings with the

leading Walker mode, whereas Maritime Continent and northern African SLP regions exhibit negative loadings.

The relationship between SLP anomalies and vertical motion reflects the expected dynamical behaviour: lower surface260

pressure is generally associated with enhanced convergence and upward motion, while higher surface pressure corresponds to

divergence and subsidence. This pressure–vertical motion coupling is therefore broadly inverse to the thermal forcing patterns

identified from SST and T2 anomalies.

After examining the individual climate drivers (panels a–f), panels g and h illustrate the combined contribution of SST, T2,

and SLP forcings to the Walker circulation. The dominant large-scale structure remains anchored over the eastern Pacific, with265

the main centre extending from about 120◦W to 180◦W in December. In January, this centre becomes weaker and more spatially

confined, with the strongest influence located near 150◦W.

This combined response highlights the joint role of thermal forcing and surface pressure gradients shaping the zonal

overturning circulation. Although the overall Walker structure remains similar between the two months, important differences

arise from the longitudinal displacement of the Walker arms and from variations in the intensity of the ascending and descending270

branches.

The persistence of an eastern Pacific-centred Walker response in both months suggests that the integrated influence of

oceanic thermal anomalies, continental heating, and pressure variability acts coherently to organise tropical overturning. The

narrower and weaker January structure indicates seasonal modulation of forcing strength, likely reflecting changes in the relative

contributions of thermal gradients and dynamical circulation processes. These results show that, while the overall Walker275

configuration remains stable, its intensity and zonal position evolve in response to the combined effects of multiple climate

drivers.

3.3 Selected Case Studies: Probabilistic Forecasts and Associated Large-Scale Circulation Patterns

To further assess the physical consistency of the identified driver–rainfall relationships, we examined four contrasting case-study

years: 2007 and 2012 as dry MAM seasons, and 2018 and 2020 as wet MAM seasons over East Africa (Figure 8). The analysis280

focuses on the January pre-season state, prior to the onset of the MAM rains, in order to evaluate whether the antecedent

large-scale thermal and circulation anomalies are consistent with the subsequent rainfall outcomes. Both the Random Forest (RF)

and Extreme Gradient Boosting (XGB) models reproduce the broad dry and wet rainfall anomalies reasonably well, suggesting

that the selected predictors capture a physically meaningful component of East African MAM rainfall variability and therefore

have potential utility for seasonal prediction.285

The January SST anomaly fields reveal a clear contrast between the dry and wet case-study years (Figure 9). During the dry

MAM seasons of 2007 and 2012, the pre-season oceanic state is characterised by cooling over key predictor regions, particularly

in the Pacific ocean and Antarctica ocean , as indicated by negative anomalies within the NPO-related domain , South Pacific

region (SPSI) and Antarctica region (AnOI) (Figure 9a,b). However, the two dry years are not identical. The 2012 case exhibits a

broader and more coherent cooling pattern, with negative anomalies also extending into the Atlantic sector, including the ATL3290
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Figure 8. Probabilistic tercile rainfall forecasts from the Random Forest (RF) and XGBoost (XGB) models, compared with observed rainfall

categories (OBS), for four representative East Africa MAM seasons: 2007, 2012, 2018, and 2020. For each year, the thre/e panels show RF,

OBS, and XGB, respectively. Shading indicates the dominant tercile category and its associated probability: above normal, normal, and

below normal rainfall. The figure is used to assess how well the two machine-learning models reproduce the observed spatial distribution of

contrasting wet and dry MAM rainfall seasons across East Africa.
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Figure 9. January sea surface temperature (SST) anomalies for four representative years: (a) 2007, (b) 2012, (c) 2018, and (d) 2020, relative

to the 1991–2020 climatology. Shading denotes SST anomalies (◦C), with warm colours indicating positive anomalies and cool colours

indicating negative anomalies. Black boxes indicate the retained SST predictor domains, and labels show the corresponding basin-mean

January anomalies and derived gradients where applicable. These patterns illustrate the antecedent oceanic thermal conditions associated with

contrasting East Africa MAM rainfall outcomes.

and ASTI regions (Figure 9b). In contrast, 2007 shows weaker cooling and a relatively warmer background state, suggesting that

it was closer to neutral conditions during January (Figure 9a). Despite these differences, both years exhibit pre-season thermal

conditions that are consistent with suppressed convective support and deficient MAM rainfall over East Africa. By contrast, the

wet MAM seasons of 2018 and 2020 are characterised by warmer SST anomalies across several key oceanic basins, including

the Pacific, Atlantic, and Indian Ocean sectors (Figure 9c,d). This opposite thermal configuration suggests that basin-scale295

lower-boundary forcing plays an important role in modulating East African MAM rainfall. Overall, the case-study comparison

indicates that cooling within key SST predictor regions is associated with dry MAM conditions, whereas warming in these

regions provides a more favourable background for enhanced convection and wetter MAM rainfall. These results support the

broader statistical relationship between the retained SST predictors and East African MAM rainfall variability.

The January near-surface air temperature (T2) anomalies provide additional evidence that large-scale thermal gradients300

influence East African MAM rainfall (Figure A1). In the dry years, 2007 and 2012, cooling is evident over several predictor
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regions linked to the Indo-Pacific and south-west Pacific–Australian sector (Figure A1a,b). These anomalies are physically

important because they influence zonal and meridional thermal gradients that can modify large-scale circulation, moisture

transport, and vertical motion over the western Indian Ocean and East Africa. The Eurasian temperature gradient, represented by

EAT2GD, shows a less consistent relationship with the MAM rainfall outcome. For example, EAT2GD is stronger in 2007,305

reaching approximately 3◦C, but is much weaker in 2012, at about 0.2◦C (Figure A1a,b). Since both years were dry despite the

different magnitudes of EAT2GD, this gradient appears to act as a complementary rather than a dominant driver of East African

MAM rainfall. Its influence may therefore depend on the concurrent state of other oceanic and atmospheric drivers.

In contrast, the Indo-Pacific and south-west Pacific–Australian temperature drivers, including SIOT2, SPT2, SoAT2, and

AuT2GD, show a more coherent relationship with the rainfall anomalies. Cooling over the SoAT2 region, which extends from the310

south-west Pacific towards the Australian sector, is associated with dry MAM conditions over East Africa. This cooling modifies

the Austral temperature gradient, AuT2GD, defined by the thermal contrast between the western Australian–eastern Indian

Ocean sector and the south-west Pacific sector. When the south-west Pacific sector cools while the western Australian–eastern

Indian Ocean sector remains relatively warm, the AuT2GD gradient strengthens. This configuration is dynamically consistent

with circulation anomalies that reduce convective support over East Africa and favour dry MAM rainfall. The wet years, 2018315

and 2020, display the opposite behaviour. Warming over the SoAT2 region weakens or reverses the Austral temperature gradient,

producing negative AuT2GD values (Figure A1c,d). This configuration is associated with wetter-than-normal MAM conditions,

particularly over the Horn of Africa Zone (HoAZ) and the Equatorial Zone (EQZ). The contrast between the dry and wet

case-study years therefore suggests an inverse relationship between thermal anomalies over the south-west Pacific–Australian

sector and East African MAM rainfall: cooling in this region tends to favour deficient rainfall, whereas warming is associated320

with enhanced rainfall.

Similarly, the sea-level-pressure (SLP) predictors show an inverse relationship with the thermal anomalies. During years

with warmer sea surface temperature (SST) and 2 m air temperature (T2) anomalies, pressure anomalies generally weaken or

become negative, whereas cooler thermal anomalies are associated with stronger or positive pressure anomalies (Figure A4).

After machine-learning screening, the Euro–Asian sea-level-pressure gradient (EASLPGD) and the Azores sea-level-pressure325

index (AZSLP) were the main SLP-related predictors retained for MAM rainfall prediction, particularly for the Sub-Saharan

Region (SSRZ).

However, the case-study years do not show a simple linear relationship between these SLP predictors and MAM rainfall. The

dry seasons of 2007 and 2012 (Figure A4a,b) and the wet seasons of 2018 and 2020 (Figure A4c,d) exhibit mixed pressure-

anomaly patterns. This suggests that EASLPGD and AZSLP do not act as isolated predictors of rainfall anomalies. Instead,330

their predictive value likely depends on how they interact with concurrent SST and T2 anomalies to modify pressure gradients,

regional circulation, moisture transport, and vertical motion over East Africa.

Taken together, the SST , SLP and T2 case-study analyses indicate that East African MAM rainfall variability is strongly

linked to the pre-season thermal state of the Indo-Pacific, Atlantic, and adjacent continental sectors. The dry years are associated

with cooler antecedent conditions in key predictor basins and reduced thermal support for convection, whereas the wet years are335

associated with broader warming and a more favourable background for moisture convergence and uplift. These physically
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consistent contrasts provide additional confidence that the selected machine-learning predictors are not only statistically

informative but also dynamically interpretable.

The Walker circulation structure provides further dynamical support for these results (Figure 10). The key sectors of interest

include the eastern Pacific, the Maritime Continent, the western Indian Ocean adjacent to the East African coast, and the340

Atlantic basin.In 2007 and 2012, the western Indian Ocean–East African tropical coastal sector, approximately 40◦E–80◦E,

is characterised by coherent and persistent subsidence. This region forms part of the Indian Ocean Walker circulation, where

vertical motion strongly modulates moisture convergence and convective activity along the East African coast. The anomalous

downward motion over this sector is therefore consistent with suppressed convection over the western Indian Ocean and reduced

moisture supply into East Africa, thereby favouring dry MAM rainfall conditions.345

The circulation structure in both 2007 and 2012 further suggests a weakened, displaced, or partially reversed Walker-cell

configuration. Under this orientation, ascent is shifted away from the western Indian Ocean–East African coastal sector, while

moisture transport is favoured towards the eastern Indian Ocean and the Maritime Continent. This displacement of convective

support limits uplift over East Africa and provides a plausible dynamical explanation for the rainfall deficits observed during the

2007 and 2012 MAM seasons.350

In contrast, the wet years 2018 and 2020 show enhanced convection over the western Indian Ocean and East African

coastal sector, supporting increased moisture convergence and enhanced rainfall during MAM. These wet cases are therefore

dynamically consistent with the thermal anomalies described above, whereby warmer conditions in the Pacific and Atlantic

basins favour a Walker circulation configuration with ascending motion over the western Indian Ocean. The eastern Pacific signal

is also consistent with the MCA results, which indicate that cooling in this basin is linked to enhanced subsidence, whereas355

warming is associated with greater convection. In addition, the Atlantic basin appears to play an important role in regulating the

location and intensity of the Indian Ocean Walker circulation branch over Africa. Taken together, these case studies provide

event-scale support for the statistical relationships identified by the machine learning models and MCA, and demonstrate that

the selected drivers are physically relevant for explaining both dry and wet MAM rainfall anomalies over East Africa.

3.4 Forecast Skill Evaluation Using BSS, AUC, and ROC360

The evaluation focused on the Below Normal (BN) and Above Normal (AN) categories only, because the Normal category

represented less than 2% of the available data and had limited spatial coverage in the observations. Model skill was assessed

using 22 randomly selected validation seasons. The metrics retained for evaluation are the Brier Skill Score (BSS; Figure 11),

the Area Under the Curve (AUC; Figure 12), and the Receiver Operating Characteristic and reliability analysis (ROC; Figure

13).365

The BSS maps (Figure 11) indicate that both the RF and XGB models provide meaningful probabilistic skill for MAM rainfall

prediction across EA. Spatially averaged BSS values are positive for both models, with RF outperforming XGB: RF achieves

a spatial mean BSS of 0.48, compared with 0.40 for XGB. These values correspond to average reductions in probabilistic

forecast error of approximately 48% and 40%, respectively, relative to climatology. However, the spatial distribution shows

that skill is not uniform across the domain. Many regions attain BSS values above 0.70, indicating strong local probabilistic370
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Figure 10. Mean March–May (MAM) Indian Ocean Walker circulation (IOWC) vertical-velocity anomalies for four representative years:

(a) 2007, (b) 2012, (c) 2018, and (d) 2020. Shading denotes anomalous vertical velocity (10−3 m s−1) in pressure–longitude coordinates,

relative to the 1991–2020 climatology, while white streamlines indicate the associated zonal–vertical circulation anomalies. The selected years

represent contrasting dry and wet East Africa MAM rainfall seasons and illustrate differences in the structure and intensity of the Walker

circulation during those cases.

skill, particularly within parts of the EQZ and HoAZ regions. The lower domain-mean values therefore reflect the influence of

weaker-skill areas, highlighting the spatial heterogeneity of MAM rainfall predictability while confirming the added probabilistic

value of the ML-based forecasts.

The AUC results further demonstrate that both ML algorithms discriminate between below-normal (BN) and above-normal

(AN) MAM rainfall conditions at levels clearly above random chance (Figure 12). The reported AUC values represent spatially375

averaged skill over the evaluation domain. Averaged over the 22 seasons, RF achieves domain-mean AUC values of approximately

0.72 for both the BN and AN categories, while XGB achieves corresponding values of about 0.65. These values indicate moderate

but meaningful discriminatory skill in identifying anomalously dry and wet seasonal rainfall conditions over East Africa.

The spatial distribution of AUC reveals substantially stronger local performance than suggested by the domain averages

alone. In particular, most regions for the RF model attain AUC values above 0.80 for the BN, AN, and overall skill categories,380
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Figure 11. Spatial distribution of Brier Skill Score (BSS) for the RF and XGB models computed from the 22 validation seasons. A perfect

score is 1, while values below 0 indicate performance worse than climatology; these negative values are masked and appear as white areas.

indicating strong discrimination skill in key sub-regions. The lower spatially averaged values therefore reflect the influence of

areas with weaker predictability, highlighting the spatial heterogeneity of MAM rainfall forecast skill across the domain.

Relative to the current ICPAC operational multi-model ensemble, which has produced AUC values below 0.40 over recent

MAM seasons, the ML models provide a substantial improvement in discriminatory performance. The RF and XGB models also

outperform ECMWF SEAS5 over Africa, for which mean AUC values are approximately 0.545 and 0.54 for the BN and AN385

categories, respectively. Overall, these results show that the machine-learning models, particularly RF, provide more reliable

discrimination of dry and wet seasonal rainfall outcomes than both the operational multi-model ensemble and the SEAS5

benchmark.

The ROC and reliability analysis confirms these findings. Both models show under-confidence at lower forecast probabilities

(below about 50%) and over-confidence at higher probabilities. This behaviour is consistent with the probability distributions of390

the selected seasons, where markedly dry or wet years often produce event probabilities exceeding 60%. Despite this calibration

issue, the ROC curves show that both RF and XGB retain useful discriminative skill, with RF consistently outperforming XGB.

Overall, the retained metrics demonstrate that the machine-learning models provide useful probabilistic guidance for extreme

MAM rainfall categories over East Africa, with RF showing the most robust performance.
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(a) XGB  BN | AUC: 0.65 (b) XGB  AN | AUC: 0.65 (c) XGB  OV | AUC: 0.65

(d) RF  BN | AUC: 0.72 (e) RF  AN | AUC: 0.72 (f) RF  OV | AUC: 0.72
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Figure 12. Spatial distribution of Area Under the Curve (AUC) for the RF and XGB models computed from the 22 validation seasons. A

perfect score is 1, whereas values below 0.5 indicate no useful discrimination skill.

4 Discussion395

The spatial configuration of the dominant drivers changes markedly between the December- and January-initialised analyses,

indicating that the physical sources of MAM predictability evolve during the pre-season period. In December, 2-m air temperature

(T2) anomalies over the western Pacific basin exert a clear influence on the SSRZ, whereas this relationship is not evident in

January (Figure A6). This enhanced role of T2-related predictors is physically plausible given recent evidence that remote

land–atmosphere thermal anomalies can modulate East African long-rains variability. In particular, Hagos et al. (2024) showed400

that northwestern Eurasian warming is negatively associated with East African MAM rainfall through a weakening of the

regional overturning circulation, enhanced subsidence over East Africa, and reduced moisture convergence. Although the T2

centres identified here differ spatially from the Eurasian region emphasized by Hagos et al. (2024), the result supports the

broader interpretation that remote near-surface thermal anomalies can provide dynamically relevant information for MAM

rainfall prediction.405
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Figure 13. Receiver operating characteristic (ROC) curves and reliability diagrams for the RF and XGB models, constructed from the 22

validation seasons across East Africa. ROC curves summarise the ability of the models to discriminate between event and non-event outcomes,

while reliability diagrams assess the consistency between forecast probabilities and observed frequencies.

In contrast to the more variable T2 influence, the dominant SST signal remains more closely linked to the Atlantic Ocean,

particularly through ATL3. This is consistent with previous studies showing that East African rainfall is influenced by remote

SST teleconnections across the Atlantic, Indian and Pacific Ocean basins (Ogallo et al., 1988; Nicholson, 2017; Palmer et al.,

2023). The importance of Atlantic and Indo-Pacific variability for the potential predictability of the East African long rains has

also been emphasized by Ward et al. (2023), who linked MAM rainfall predictability to large-scale SST forcing and Congo zonal410

wind variability. Similarly, Williams and Funk (2011) showed that Indo-Pacific warming can alter the Walker circulation and

contribute to drying over eastern Africa, while Wainwright et al. (2019) demonstrated that SST and pressure-gradient changes

over the Arabian Sea and adjacent regions affect the timing and duration of the long rains. Therefore, the SST predictors selected

by the models should be interpreted not only as local oceanic drivers, but also as indicators of basin-scale circulation adjustments

that influence moisture transport and convergence over East Africa.415

Figures A2–A3 further show that both the T2 and SST driver regions are generally warmer in December than in January. This

cooling from December toward January suggests that both oceanic and near-surface atmospheric precursor conditions evolve

substantially as the system approaches the MAM season. Such evolution may partly explain why MAM is often regarded as a

transition season and why canonical teleconnections such as ENSO and the IOD tend to provide weaker and less stationary
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predictive information during the long rains than during seasons closer to their peak influence. The shift in the relevant predictor420

basins between December and January also highlights a potential limitation of relying only on traditional teleconnection regions,

such as those used to define ENSO and the IOD, for MAM prediction. Instead, the results suggest that broader and seasonally

evolving SST, T2 and SLP driver basins may be needed to capture the physical pathways through which predictability arises.

A further notable result is the strong influence of T2-related drivers in both the December and January initialisations (Figures 2

and A6). Although their relative importance varies between the two lead times, the repeated dominance of T2 predictors suggests425

that near-surface atmospheric thermal gradients contain important information on the evolving large-scale circulation prior to

the MAM season. This is particularly noteworthy because SST is generally expected to provide stronger seasonal memory,

owing to the slower thermal adjustment of the ocean compared with the atmosphere. However, the emergence of similar key

basins in both the SST- and T2-based predictors suggests that these two sources of predictability are not independent. Instead,

they likely reflect closely linked ocean–atmosphere processes, whereby SST anomalies contribute to heating or cooling of430

the overlying near-surface air, thereby influencing 2-m temperature gradients, surface pressure contrasts, and the associated

circulation response.

The prominence of T2 drivers therefore does not imply that SST forcing is unimportant; rather, it suggests that MAM

predictability emerges from coupled ocean–land–atmosphere interactions. In this framework, SST anomalies provide slowly

varying boundary forcing, T2 anomalies represent the near-surface atmospheric expression of remote and regional thermal435

contrasts, and SLP gradients translate these contrasts into circulation and moisture-transport responses. The similarity between

some SST and T2 driver basins further supports a physically consistent link between oceanic thermal anomalies and lower-

atmospheric circulation adjustments. This interpretation is consistent with the established role of global SST basins in East

African rainfall variability (Ogallo et al., 1988), the non-stationary nature of long-rains teleconnections (Nicholson, 2017;

Palmer et al., 2023), and recent evidence for the combined importance of Atlantic, Indo-Pacific and land-surface thermal forcing440

(Ward et al., 2023; Hagos et al., 2024). This interpretation is further supported by Rowell (2019), who showed that warming of

the southern Indian Ocean may substantially increase East African long-rains rainfall by the end of the twenty-first century,

with some projections suggesting increases approaching a doubling relative to present-day conditions. This finding highlights

the additional complexity introduced by climate change when interpreting SST–MAM rainfall relationships. While historical

SST anomalies may be linked to suppressed rainfall through Walker-circulation changes, moisture-transport anomalies and445

regional pressure-gradient adjustments, future warming patterns may alter these relationships and modify the strength, location

and even sign of SST teleconnections. Therefore, the role of SST drivers in MAM rainfall prediction should be interpreted

within a non-stationary climate context, where both historical variability and forced long-term trends can influence the apparent

relationship between ocean basins and East African rainfall.

In addition, OND_ANOM_PY, representing October–December rainfall anomalies in the preceding season, shows a consistent450

positive relationship with MAM rainfall in both the December-initialised analyses. This indicates that antecedent wet or dry

conditions during OND contribute to the likelihood of wetter or drier conditions in the subsequent MAM season. The persistence

of this predictor suggests that, in addition to remote SST, T2 and SLP forcing, regional hydroclimatic memory may provide an
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additional source of predictability. Such memory may arise through soil-moisture persistence, land–atmosphere feedbacks, or

the tendency for large-scale circulation anomalies to persist across adjacent seasons.455

Despite the differences in dominant physical drivers, the December- and January-initialised models exhibit broadly similar

forecast skill, with AUC and BSS values differing by only about seven percentage points and January showing a marginal

improvement over December (Figures A8 and A7). This small difference suggests that both initialisation periods are comparably

effective for forecasting MAM rainfall over East Africa, although they draw predictive information from partly different

precursor states. The similarity in skill, despite the changing combinations of SST, T2 and SLP drivers, highlights the complexity460

of the MAM rainfall system. It also suggests that comparable forecast performance can emerge from different but physically

meaningful pathways: December skill appears to be more strongly linked to remote thermal forcing and early-season circulation

adjustment, whereas January skill reflects a later-stage configuration of SST, pressure-gradient and hydroclimatic persistence

signals. Overall, these results support the view that MAM rainfall predictability over East Africa is not controlled by a single

dominant teleconnection, but by seasonally evolving interactions among oceanic forcing, land–atmosphere thermal gradients,465

pressure anomalies and regional moisture transport.

5 Conclusions

This study examined the physical controls and seasonal predictability of East African MAM seasonal total rainfall using

basin-derived sea surface temperature (SST), 2-m air temperature (T2), sea level pressure (SLP), and land-surface predictors

together with RF and XGB models. The predictor basins were first identified from December and January anomalies relative to470

the 1991–2020 climatology and their correlation with the leading mode of EA MAM rainfall variability. Basin-mean indices,

spatial gradients, and tendency features were then selected using SHAP and applied in probabilistic ML forecasts.

The main finding is that East Africa (EA) March-May (MAM) rainfall predictability is controlled by a combination of

remote and regional thermal and pressure-gradient drivers. The dominant predictors are South Indian Ocean T2 Tendency

(SIOT2_TND), Australia T2 temperature gradient (AuT2GD) , South Pacific T2 (SPT2) , Antarctic Ocean Index (AnOI) ,475

Atlantic Nino Tendency (ATL3_TND), EuroAsia T2 gradient (EAT2GD), Euro-Africa SLP gradient (EASLPGD), and Antarctic

T2 (AnT2). These drivers make the largest contributions to prediction in both models, while additional lower-ranked predictors

add complementary climate information. The repeated selection of these basin-derived predictors shows that MAM predictability

is not controlled by one teleconnection, but by interacting SST, T2, and SLP signals across the Indian Ocean, Pacific, Atlantic,

Eurasian, Australian, Antarctic, and Euro–African sectors.480

A key result is that T2-related predictors dominate both December and January initialisations. This demonstrates that near-

surface thermal gradients provide useful pre-season information in addition to SST memory. Similar SST and T2 predictor basins

indicate a coupled ocean–atmosphere pathway in which SST anomalies heat or cool the overlying air, modify T2 gradients,

alter SLP contrasts, and influence circulation and moisture transport. Several T2 predictors, including SIOT2_TND, AuT2GD,

EAT2GD, and AnT2, are negatively related to EA MAM rainfall anomalies, while other selected drivers contribute positively.485

This confirms that rainfall anomalies depend on the combined configuration of thermal and pressure-gradient forcing.
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The physical diagnostics show that these drivers affect EA MAM rainfall through SLP gradients, Walker-circulation changes.

Dry seasons are associated with subsidence over the western Indian Ocean and East African coastal sector, while wet seasons are

associated with enhanced ascent and moisture convergence. The dominant drivers also differ between December and January,

confirming that the sources of predictability evolve with lead time.490

The ML models provide useful probabilistic skill. For January initialisation, RF reaches a spatially averaged BSS of about

0.48, while XGB reaches about 0.41, corresponding to reductions in probabilistic forecast error of about 48% and 41% relative

to climatology. The corresponding AUC values are about 0.72 for RF and 0.65 for XGB, showing useful discrimination of

below-normal and above-normal rainfall categories. Comparable skill from December initialisation demonstrates that forecast

information is already present before January.495

Overall, the study shows that physically constrained ML can improve East African MAM rainfall prediction while preserving a

clear physical interpretation. Basin-derived SST, T2, and SLP predictors link forecast skill to identifiable ocean–land–atmosphere

processes, providing a stronger basis for seasonal early-warning information across East Africa.
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Figure A1. January 2-m air temperature (T2) anomalies for four representative years: (a) 2007, (b) 2012, (c) 2018, and (d) 2020, relative

to the 1991–2020 climatology. Shading denotes T2 anomalies (◦C), with warm colours indicating positive anomalies and cool colours

indicating negative anomalies. Black and dashed boxes mark the retained T2 predictor domains, while labels indicate the corresponding

basin-mean January anomalies and the derived temperature-gradient indices (EAT2GD and AuT2GD). The maps highlight the antecedent

thermal conditions linked to contrasting East Africa MAM rainfall seasons.

Appendix A: Additional Model Diagnostics
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Figure A2. As in Fig. 9, but using December initialization.
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Figure A3. As in Fig. A1, but using December initialization.
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Figure A4. January sea level pressure (SLP) anomalies for four representative years: (a) 2007, (b) 2012, (c) 2018, and (d) 2020, relative

to the 1991–2020 climatology. Shading denotes SLP anomalies (◦C), with warm colours indicating positive anomalies and cool colours

indicating negative anomalies. Black and dashed boxes mark the retained SLP predictor domains, while labels indicate the corresponding

basin-mean January anomalies and the derived pressure-gradient index EASLPGD. The maps highlight the antecedent thermal conditions

linked to contrasting East Africa MAM rainfall seasons.
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Figure A5. January sea level pressure (SLP) anomalies for four representative years: (a) 2006, (b) 2011, (c) 2017, and (d) 2019, relative

to the 1991–2020 climatology. Shading denotes SLP anomalies (◦C), with warm colours indicating positive anomalies and cool colours

indicating negative anomalies. Black and dashed boxes mark the retained SLP predictor domains, while labels indicate the corresponding

basin-mean January anomalies and the derived pressure-gradient index EASLPGD. The maps highlight the antecedent thermal conditions

linked to contrasting East Africa MAM rainfall seasons.
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Figure A6. As in Fig. 6, but using December initialization.
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Figure A7. As in Fig. 11, but using December initialization.
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Figure A8. As in Fig. 12, but using December initialization.
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