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Abstract

This study analyzed trends and variability in climatic water availability (CWA) across the African continent using monthly
precipitation and potential evapotranspiration (PET) over the period 1901-2015. Climatic water availability was character-
ized in terms of precipitation minus PET totals. Predictability of the variation in CWA was tested using climate indices.
Large positive values of the CWA (or few drought incidents) were confined to areas (such as sub-region along the Gulf of
Guinea, the western part of the equatorial region, and the Ethiopian Highlands) that receive large amounts of precipitation.
Drought incidence in these areas was generally low and characterized by severity in the range 0-44% indicating moderate
to extreme wetness. Areas which experienced increasing CWA or wetting trends were confined within the Tropics. These
wetting trends were mostly insignificant (p > 0.05). Drying trends (or decreasing CWA) occurred mainly in areas outside
the Tropics. These drying trends (especially in the CWA of the months from April to September) were mainly significant
(p <0.05) over the Sahara desert. CWA variability in the southern and eastern parts of Africa was negatively and positively
correlated with Nifio 3, respectively. Variability of the East African CWA was also positively correlated with the Indian
Ocean Dipole (I0D). CWA variability in West Africa (or Sahel) was negatively correlated with Nifio 3. Variability of West
African CWA was also linked to changes in the sea surface temperature over the Atlantic Ocean. Based on multiple linear
regression, predictability of variation in CWA using combinations of climate indices varied across regions and among time
scales. For instance, using combination of IOD and Nifio 3 as predictors, up to about 40% and less than 10% of the total
variance in CWA across East Africa and area north of the Sahel belt could be explained, respectively.

1 Introduction

Due to climate variability, wet and dry climatic conditions
tend to occur in a clustered way in time (Onyutha and Willems
2017). Across the continent of Africa, disasters related to both
surplus and scarcity of water occur. Examples of such rain-
fall-based disasters include landslides, floods, and droughts.
Prolonged dry conditions can be consequential to low rainfall
total and persistent high temperature. Temperature regulates
potential evapotranspiration (PET) rate as an important factor
for determining crop water requirements. Prolonged dry con-
ditions thwart struggles aimed at tackling challenges of food
insecurity especially in the sub-Saharan Africa (SSA) where
farming is mainly based on rain-fed cropping system. Apart
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from crop failures, prolonged drought is liable for a number
of deaths of livestock. Drought tends to be aggravated by an
increase in demand for resources such as water (for crops,
livestock, and human consumption) as a result of climate
variability as well as anthropogenic factors (Zhao and Dai
2015). Compared with other regions of the world, the SSA
is the least prepared region for weather-related risks such as
prolonged drought. Despite the dry conditions across Africa,
precipitation in areas such as the Ethiopian Highlands and
the equatorial region tends to be of larger amounts than those
over other parts of the continent. Areas with large annual
precipitation totals tend to experience rainfall-based disasters
such as floods and landslides. Impacts of climate variability on
meteorology (for instance, in terms of changes in the frequency
of drought and flooding events) across the various climatic
regions of the African continent are disproportionate.
Planning of predictive adaptation to climate variability
impacts on practices (such as agriculture) which depend on
precipitation seasonality require comprehensive information
on the historical changes in climatic water availability (CWA)
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across Africa. In this study, CWA referred to the precipitation
minus PET. Water scarcity (or precipitation deficit) results
when precipitation is less than PET. On the other hand, sur-
plus of precipitation can be obtained when PET is less than
precipitation. Thus, CWA is directly relevant for determination
of crop water requirements. Analyzing CWA trends and vari-
ability requires long-term precipitation and PET series which
should be of high spatial resolution. Most past studies on dry
and wet conditions in Africa were mainly based on short-term
observed data and confined to regional scale or even small
areas. Examples of such studies include Klutse et al. (2021),
Gebremeskel et al. (2019), Uhe et al. (2017), Onyutha (2017),
Lyon (2014), Nicholson (2014), Mwangi et al. (2014), Viste
et al. (2013), Omute et al. (2012), Hillbruner and Moloney
(2012), Ntale and Gan (2003), Verschuren et al. (2000), and
Shanko and Camberlin (1998). However, there are a few stud-
ies (for instance, Sheffield et al. 2014; Shiferaw et al. 2014,
Rojas et al. 2011) on drought considering large areas or the
entire continent of Africa. Even in such studies, not both trends
and climate variability were considered. Furthermore, the past
studies on drought across Africa did not generally quantify
drought incidence across the continent and neither did they
consider the need to assess linkages of the variation of wet
and dry conditions to changes in large-scale ocean—atmosphere
conditions.

For monitoring of meteorological dry and wet condi-
tions, a number of methods exist including the Standard-
ized Precipitation Index (SPI) (McKee et al. 1993) and
Standardized Precipitation Evapotranspiration Index (SPEI)
(Vicente-Serrano et al. 2010). The SPI makes use of pre-
cipitation. However, the SPEI can be derived based on the
difference between precipitation and evapotranspiration.
The main problem with these common methods is that they
yield skewed indices (Onyutha 2017). To address this issue,
some non-Gaussian distributions such as gamma distribu-
tion, generalized extreme value distribution, and log-logistic
distribution are assumed and transformed to derive indices
which can be used to characterize dry and wet conditions.
Reduction in the reliability of the derived indices from the
common methods such as SPI and SPEI are further com-
pounded not only by the influence of selection of the best
non-Gaussian distribution on the indices but also the uncer-
tainty stemming from estimations of the assumed distribu-
tion parameters. In light of the problems related to reliability
of the indicators of dry and wet conditions, the use of non-
parametric drought indices can be explored.

Therefore, the aim of this paper was to analyze spatial and
temporal changes in dry and wet conditions across Africa.
Furthermore, this paper focussed on (i) mapping out spatial
differences of drought indices considering various time scales
and (ii) investigating the predictability of the variation in dry
and wet conditions across the different regions of the continent.

@ Springer

2 Materials and methods
2.1 Data
2.1.1 Precipitation and PET

Gridded (0.5° % 0.5°) monthly precipitation and PET
Climatic Research Unit (CRU) Time-Series (TS) ver-
sion 4.0 (CRU TS4.0) (Harris et al. 2014) covering the
period 1901-2015 were downloaded via the link https://
crudata.uea.ac.uk/cru/ (accessed: 18th June, 2017). The
CRU TS4.0 data extracted for this study covered the
region 21° W-57° E and 40° N-40° S in the east—west
and north—south directions, respectively. Datasets at grid
points over land were thoroughly checked and confirmed
to have no missing values. At each grid point, CWA was
obtained and used to derive drought indices using the pro-
cedure described next.

2.1.2 Climate indices

Increase/decrease in sea level pressure (SLP) can bring
about dry/wet conditions. However, the sea surface tem-
perature (SST) engenders an imbalance in the heat-flux
field thereby leading to anomalous atmospheric circulation
and rainfall patterns (Horel 1982). A total of four climate
indices were selected for an insight on how variation in
temperature or pressure from the various oceans influence
wet and dry conditions across the African continent. The
selected climate indices included the North Atlantic Oscil-
lation (NAO) index (Jones et al. 1997), Atlantic Multi-
decadal Oscillation (AMO) index (van Oldenborgh et al.
2009), Nifio 3 index (Rayner et al. 2003; Trenberth 1997),
and the Indian Ocean Dipole (IOD) index. The NAO
index is the normalized SLP difference between SW Ice-
land (Reykjavik), Gibraltar, and Ponta Delgada (Azores).
The IOD index refers to the anomalous SST difference
between the western (50° E to 70° E and 10° S to 10° N)
and the southeastern (90° E to 110° E and 10° S to 0°
N) equatorial Indian Ocean. The Nifio 3 characterizes the
SST across the tropical Pacific region (90°-150° W and
5° N-5° S). The AMO index refers to the SST averaged
over 25° N-60° N, 7° W-70° W minus the regression on
global mean temperature (van Oldenborgh et al. 2009).
The AMO, NAO, and Nifio 3 were downloaded on the
13th November 2018 from the website of https://www.
esrl.noaa.gov/. However, the IOD index downloaded on
the 20th January 2014 via the link http://www.jamstec.go.
jp/frcge/research/d1/iod was used.

It is worth noting that there has been a considerable
debate on which forcing mechanism control AMO or the
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North Atlantic SST variations (Folland et al. 1986; Delworth
and Mann, 2000; Parker et al. 2007; Mann et al. 2009; Ottera
et al. 2010; Knudsen et al. 2014). However, AMO was
considered in this study solely for testing the predictability
of the variation in wet and dry conditions. In other words,
determining which forcing mechanism is responsible for
pacing the AMO was out of the scope of this study.

2.2 Analysis of drought incidence

Drought incidence can be taken to mean the commonness
of drought at a place or over a given period (Onyutha 2020a).
Incidence was determined at each grid point. Drought incidence
was computed as the ratio of the number of all the months with
the CWA below the threshold to the total number of months
within the period (under consideration) expressed as per-
centage (Onyutha 2017). For CWA obtained using daily
data, the incidence could be computed using number of days
instead of months. However in this study, the thresholds
were set to— 1 mm, —5 mm, —25 mm, and — 50 mm of the
CWA.

2.3 Analysis of trend

The magnitude (m) of the linear variation of the CWA in each
month with time was computed using (Theil 1950; Sen 1968)

m = Median (L), vi < )

The significance of the trend slope quantified in the CWA
of each month was assessed by testing the null hypothesis H,
(no trend) using the method developed by Onyutha (2021)
such that for a given dataset Y of sample size n, we can
rescale Y into series d, in terms of
dy;=n—-wy,; =2t forl<i<n )

where 7, ; denotes the number of times the ith observation
exceeds other data points in Y. In the same line, Wy refers
to number of times the ith data point appears within Y. For
instance, a given dataset ¥ with n=10 such that y={4, 5,
2,3,5,1,8,7,6,4} yields t,={3,5,1,2,5,0,9, 8,7, 3},
wy=1{2,2,1,1,2, 1, 1, I, 1, 2}, andd,={2,-2,7,5,-2,9,
-9, -7, -5,2}.

The trend statistic 7' was given by (Onyutha 2021)

T=Y Y e @

where

2 -1
e},,,.=d},v,.><\/(n— Dx(ZL (d,)") for1<i<n (4

The mean of T is zero and for large n, the distribution of
T is approximately normal with the variance of 7' given by
(Onyutha 2021)

vy =" )
(1) = B

The standardized test statistic Z which follows the stand-
ard normal distribution with mean (variance) of zero (one)
is given by

T

2= ©6)
\AXV(T)

where the term A with its details provided by Onyutha
(2021) corrects V(T) from the influence due to persistence
in the data. The mean of T is zero and the H,, (no trend) is
rejected for |Z]| > |Za /2‘ where Z ,, denotes the standard nor-

mal variate at the selected a; otherwise, the H is not rejected
at a. In this study, a was taken as 0.05 thereby corresponding
with the Z value of 1.96. This method for trend analysis can
be found implemented in a MATLAB-based tool called
CSD-VAT (Onyutha 2021) which can be downloaded via
https://www.researchgate.net/publication/332798309
(accessed: 25th May 2021).

2.4 Standardized non-parametric indices
of precipitation and evaporation

2.4.1 Temporal aggregation of the data

This procedure starts with the selection of the relevant time
scale H such as 1, 3, 6, and 12 months. Using a particular H,
an aggregation of the given monthly series X (or precipita-
tion minus PET, river flow, or soil moisture) of sample size
n can be performed in terms of

S
ak=;72xif0r1§k§nandg$i§f @)
i=g

where g, and b, are respectively the mean and number of
the x;’s in the kth time slice. While k is varied from 1 to n,
determination of b, and the computation of a, follow a step-
wise procedure. In the first step, for a selected H, v can be
computed using v =0.5 % (H + 1) and v = 0.5 X H when H
is odd and even, respectively.

In the second step, values of the terms f, g, and b, are
assigned based on how k is comparable with v such that

if k<v,g=1, f=H+k—-v-1,b,=f
if v<k<(n-v), g=k-v+1, f=k+v, by=H )
if m—-v)<k<n, g=k-v+1, f=nb,=n—k+v
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To apply Egs. (7)-(8), a step-wise procedure can be
adopted. For instance, if H=12, it means v=6. We can vary
i from 1 to n, and let us assume that n=100. For each k, the
terms g and f of Eq. (7) can be determined using three condi-
tions from Eq. (8). Next, as explained in Onyutha (2019), an
illustration of how the terms g and f can be determined for
every k (which is varied by setting k=1, 2, ..., 100) using
H=12,v=6, and n=100 is as follows:

i) If k=1, it means k <v and therefore, using the first con-
ditional part of Eq. (8), g=1,and f=124+1-6—-1=6.
Thus for k=1, the summation in Eq. (7) considers x
from i=1 (the 1st) to i=6 (the 6th) value.

ii) If k=15, it means k> v and thus, using the second con-
ditional component of Eq. (8), g=15-6+1=10, and
f=15+6=21. In other words, for k=15, the summation
in Eq. (7) considers x from the 10th to the 21st value.

iii) If k=96, it means k> (n —v) and k <n; thus, considering
the third conditional part of Eq. (2), g=96—6+1=091,
and f=100. This means that for j =96, the summation
of x according to Eq. (7) is done from i=91 (the 91st) to
i=100 (the 100th) value.

2.4.2 Non-parametric rescaling of the aggregated data

After temporal aggregation of a resulting from Eq. (7), we
rescale a into series d with a mean of zero using Eq. (2).

Let standardized non-parametric indices of precipitation
and evaporation (SNIPE) be denoted by S. To obtain S with
the mean (variance) of zero (one), we can make

o;= " for1 <icn ©)
_ (v .2\ -

c_<n—1[§0i> forl<i<n 10)
such that

S;=%forl<i<n (11

The classification of the dry and wet conditions based on
SNIPE computed using 100-year monthly data can be seen
in Table 1. The bounds for S depend on 7.

2.5 Correlation between SNIPE and climate indices

The co-variation of CWA and large-scale ocean—atmosphere
conditions was assessed in terms of correlation analyses.
It is worth noting that the relationship between independ-
ent and dependent variables may be linear or non-linear. A
plausible step would be to first determine which model best
describes the relationship between the two variables. This
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Table 1 Classification of dry and wet conditions based on SNIPE

Category From To Probability %
Dry conditions
Exceptionally dry < —2.2314 <3.30
Extremely dry —2.0000 —-2.2314 3.31
Severely dry —1.5000 —1.9999 5.40
Moderately dry —0.5000 —1.4999 12.95
Mildly dry 0.0000 —0.4999 35.21
Wet conditions
Mildly wet 0.0000 0.4999 35.21
Moderately wet 0.5000 1.4999 12.95
Severely wet 1.5000 1.9999 5.40
Extremely wet 2.0000 2.2314 3.31
Exceptionally wet >2.2314 <3.30

study considered about 13,000 grid points at which CWA
was computed. Therefore, linear model was selected for brev-
ity to test the predictability of the variation in dry and wet
conditions. Eventually, for a selected time scale, correlation
between SNIPE and the series resulting from the application
of Eq. (11) to each of the climate indices was assessed.
Given the possibility that wet or dry conditions at a loca-
tion can be influenced by two or more drivers, multiple linear
regression equation (MLRE) was used to explore the predic-
tive relationship between SNIPE and various combinations
of rescaled climate indices as predictors. Here, rescaled
climate indices refer to the series obtained after applying
Eq. (11) to the climate indices. The mismatch between the
rescaled climate indices and SNIPE was reduced through
the mean squared error minimization using an adjusted coef-
ficient of determination R? (Ezekiel 1930) as the statistical
“goodness-of-fit” measure. The MLRE used was

Yi=Ag +A1Xy; + 4K, + A3Xy, + AKX, e (12)

where Y is the ith value of the dependent variable, A, is the
intercept term while A, A,, A3, A, are the slope coefficients of
the first, second, third, and fourth independent variable, respec-
tively, and e denotes the error term. The four independent vari-
ables were the climate indices including NAO, AMO, IOD, and
Nifio 3. The index i was varied from 1 to g where ¢ is the
sample size of the climate index with the smallest number of
data points.

3 Results and discussion

3.1 Long-term mean of the difference
between precipitation and PET

Figure 1 shows the spatial distribution of long-term mean of
the CWA. It is noticeable that the Sahara desert or region
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Fig.1 Long-term mean (LTM) of the CWA in various seasons extracted after aggregation based on a—d 1-month, e-h 3-month, i-1 6-month, and m—p 12-month time scales
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North of 10° N was characterized by a large negative CWA
(Fig. la—p). This region is very dry due to the always low
mean annual precipitation (Almazroui et al. 2020). Large pos-
itive values of the CWA were confined to areas that receive
large amounts of precipitation including the western part of
the equatorial region, sub-region along the Gulf of Guinea,
and the Ethiopian Highlands (Fig. 1a—p). Results among sea-
sons were more comparable for 12-month than 3-month time
scale (Fig. la—d, m—p). This can be visually confirmed by
noticing the spatial extents of the areas with positive values
of the CWA. This means that an increase in time scale beyond
the length of the longest season in a year eliminates the pos-
sible influence of seasonality on the CWA. Each season con-
sidered comprised 3 months. When 4-month time scale was
used, the shifts in the region with positive values of CWA can
be clearly noticed for the December-January—February (DJF),
March—April-May (MAM), June-July—August (JJA), and Sep-
tember—October-November (SON) seasons. This suggests that
the results of drought based on a small window (for instance,
with the length of 3 months) can be influenced by the effect
of seasonal fluctuations in the data.

3.2 Droughtincidence

Figure 2 shows drought incidence for selected time scales
and thresholds. For simplicity, the severity of drought based
on incidence was categorized as 0-9% (extremely wet),
10-19% (severely wet), 20-44% (moderately wet), 45-55%
(near normal dry/wet condition), 56-69% (moderately dry),
70-89% (severely dry), and 90-100% (extremely dry). Regardless
of the threshold or time scale, areas with extremely dry conditions
are confined to the Sahara and Namib deserts as well as the
Horn of Africa. It is noticeable that for a given time scale, as
the threshold becomes large in magnitude or absolute term
(for instance, from — 1 to—5 mm), the geographical coverage
especially for low incidence in the range 0—5% also increases
(Fig. 2a—p). However, for a given threshold, as the aggregation
level becomes large, the area with low incidence in the range
0-9% also increases. From Fig. 2, it is evident that areas with
low drought incidence can be noticed across the Congo basin,
the Ethiopian Highlands, as well as the sub-region along the
Gulf of Guinea. Prolonged high incidence of drought has
wide ranging implications. It could indicate insufficient
soil moisture to support small-scale farming something on
which subsistence of the local population depends. Furthermore,
high drought incidence also indicates lack of pasture to sup-
port raring of livestock. These present worrying situations
in fighting food insecurity, a challenge which is already at a
formidable level especially in the SSA. Perhaps, improved
drought-resistant crops could be adopted by the farmers.
Importantly, to improve on the household income, the local
population could also get involved in non-farm activities that
generate income.
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Figure 3 shows magnitudes of linear increase or decrease
in the CWA across the continent. The largest part of the
continent was characterized by decreasing trend in CWA
(Fig. 3a-1). Decreasing trend in CWA indicates an increase
in climatic dryness. This can be attained under conditions
of decreasing precipitation and increasing PET. Large part
of Africa was also found to be characterized by decreasing
precipitation especially over the period 1961-2015 (Onyutha
2020b). Increasing temperature (a key determining factor) for
PET rate was also found in most areas of the African conti-
nent over the period 1901-2015 (Onyutha 2020b). In another
study, temperature from 1961 to 2000 across Sahel as well as
along the Coast of Guinea exhibited increasing trend (Ilori
and Ajayi 2020). Areas which experienced increasing trend
in CWA were confined within the Tropics (Fig. 3a—1). The
largest increases in CWA in January (Fig. 3a) were confined
to Gabon, Republic of Congo, and areas around the Lake Vic-
toria. In February and March (Fig. 3b—c), decrease in CWA
was over the eastern part of the continent. The April CWA
decreased mainly along the Equator (Fig. 3d). From May to
September, decreasing trends in CWA were mainly in the
region between 5° N and 15° N (Fig. 3e-i). However, the
same region also has patches of areas with increasing trends
in CWA. Increasing trend in CWA indicates transition from
dry to wet conditions. In other words, positive trend in long-
term CWA shows shift from climatic condition characterized
by water scarcity to water surplus or availability.

Significance of the CWA trends can be seen in Fig. 4.
It is noticeable that areas with significant decreasing CWA
trends (p < 0.05) were confined to the belt along the Tropic
of Capricorn from May to August (Fig. 4e-h), the south-
ernmost part of the continent from September to December
(Fig. 4i-1). Sahara desert also mainly exhibited significant
decrease in CWA of various months espacially from April to
October (Fig. 4d—j). Significant increases (p < 0.05) in CWA
over Gabon were obtained in July and October (Fig. 4g, j).

3.3 SNIPE

Figure 5 shows, at the location with longitude =25° and lati-
tude = —24.75°, the variation of SNIPE with time scales. Due
to the effect of temporal aggregation of CWA, it is evident
(Fig. 5a—c) that an increase in time scale leads to (i) reduc-
tion in the SNIPE variability, (ii) increase in drought duration
(or period over which the SNIPE is consecutively negative),
and (iii) reduction in the frequency (or number) of drought
events. Notable drought events at the location under consid-
eration occurred in the 1940s and the early 1980s. However,
wet conditions occurred in the 1930s, 1950s, and the 1970s.
The use of different time scales is relevant for careful plan-
ning of various water resources managemetn applications which
can be affected by scarcity of water. Such applications include
crop production, livestock raring, and reservoir operations.
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Fig.2 Incidence of wet and dry conditions across Africa after aggregation of the CWA based on a—d 1-month, e-h 3-month, i-1 6-month, and
m—p 12-month time scales. The thresholds used to obtain incidence can be seen put in “()” of the labels
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Furthermore, the relevance of a given time scale depends on the
application for which the study is being conducted. For instance,
if we are dealing with changes in terrestrial soil moisture changes
with time, there is a need for monitoring transition in seasonal
meteorological imbalance, and in this case, the time scale of up
to 4 months can be adopted (Onyutha 2017). The time scale of 6
to 9 months can be relevant for monitoring hydrological applica-
tions (such as reservoir operations). Finally, a large time scale like
12 months can be relevant for applications which are sensitive to
the alterations in groundwater levels (Onyutha 2017).
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Figure 6 shows spatial distribution of drought across
Africa in 1984. The Sahel region was one of the areas
largely affected by extreme dry conditions. Wet conditions
with SNIPE ranging from 2.00 to 2.23 (extreme wetness)
were in the equatorial region in December, January, Feb-
ruary, and March to some extent (Fig. 6a—c, 1). Climatic
condition of Sahara desert was also slightly wetter than the
long-term mean especially in January—February-March
(Fig. 6a—c) and October—November-December (Fig. 6j-1).
The dry conditions with SNIPE values ranging from —2.00
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to —2.23 mainly were exhibited in Ethiopia and the belt
along latitude 10° N during December, January, and Feb-
ruary (Fig. 6a—b, 1). From April to August (Fig. 6d-h), the
dry conditions were exhibited north of 10° N (or across
the Sahara desert). In June-July—August-September, the
wet conditions were mainly exhibited over West Africa
especially along the coastal areas near the Gulf of Guinea
(Fig. 6f—i). For September, October, and November, the dry
and wet conditions were generally nearly normal (or rang-
ing from — 0.5 to 0.5) except over Ethiopia where values
of SNIPE went down to —2.23 (extreme drought) at some
locations (Fig. 6i—k).

3.4 Co-variability of SNIPE with climate indices

Figure 7 shows results of the co-variation of SNIPE along
with climate indices (based on correlation analysis) across
the continent. For each climate index, the magnitude of cor-
relation coefficients varied across the vaious regions of the
continent. Furthermore, the correlation across a particular
region varied with time scales. For instance, SNIPE across
North Africa was shown to be positively correlated with
NAO (Fig. 7c, g, k, 0). However, for the region between
15° N and 25° N, the correlation between SNIPE and NAO
was negative (Fig. 7c, g, k, 0). The SNIPE of the West
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Fig.5 The SNIPE of a 3-month, b 6-month, and ¢ 12-month time scales for the CWA at the location with longitude =25° and latitude = —24.75°

African region tended to be positively influenced by AMO
(Fig. 7a, e, 1, m). The influence of Nifio 3 on the SNIPE
across Sahel was mainly negative. Low rainfall across the
Sahel is believed to be controlled by several factors such as
ocean warming, aerosol emissions, and a southward shift of
Inter Tropical Convergence Zone (Dong et al. 2014; Hwang
et al. 2013; Dai 2012; Prospero and Lamb 2003; Janicot
et al. 1998; Kerr 1985).

The SNIPE of all the selected time scales in the East Afri-
can region was positively correlated with Nifio 3 and IOD
(Fig. 7b, 1, j, n, d, h, 1, p). This means that the variation in
wet conditions across East Africa can be explained by the
positive phase of theIOD and the El Nifio phase of the ENSO.
On the other hand, the occurrence of dry conditions across
the East African region is linked to the negative phase of the
IOD and cold (or La Nifa) phase of the ENSO. There are

@ Springer

several studies which found variation in the East African pre-
cipitation correlated with ENSO (Dutra et al. 2013; Le et al.
2020), or IOD (Onyutha 2018; Nicholson 2015; Liebmann
et al. 2014; Tierney et al. 2013).

Contrary to the East African region, southern African
droughts occur during the warm (EI Nifio) phase of ENSO.
Precipitation in the southern part of Africa was previously
found to be negatively correlated with the warm ENSO
(Nicholson and Kim 1997). Another study by Rouault and
Richard (2005) showed 8 out of 12 droughts detected using
SPI over the southern Africa to be strongly correlated with
ENSO. Other studies which found correlation between
ENSO and precipitation of the southern African include
Lindesay (1988), Reason et al. (2000), and Landman and
Beraki (2012). However, it is vital to realize that droughts
may not necessarily occur over the El Nifio periods. Instead,
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droughts could also be caused by regional oceanic and
atmospheric anomalies. For instance, March to June extreme
positive Darwin sea level pressure anomalies can be addi-
tional predictor to supplement El Nifio for monitoring and
predicting droughts in southern Africa (Manatsa et al. 2008).

Results from Fig. 7 suggest that support of such correla-
tion analyses for planning of predictive adaptation related
to the occurrence of dry and wet conditions depends on the
region being considered and the time scale selected for anal-
yses. Furthermore, it is possible that dry or wet conditions
at a particular location can synergistically be linked to two
or more climate indices. In some cases, dry condition can be

due to one driver while the wet season is linked to another
driving force. The overall focus would on the total amount of
variance that could be explained using predictors comprising
combinations of various climate indices.

3.5 Predicting variation in wet and dry conditions
using climate indices

Figure 8 shows the amount of variance in dry and wet con-
ditions that could be explained by changes in large-scale
ocean—atmosphere conditions. Evidently, the combined
changes in temperature over the Indian Ocean (or IOD)

@ Springer



C.Onyutha

-040 -0.30 -0.20 -0.15 -0.05 0

Fig.7 Co-variation of the non-parametric indices from the difference between precipitation and PET with those obtained using AMO, 10D,
NAO, and Nifio 3 based on a—d 1-month, e-h 3-month, i—j 6-month, and m—p 12-month time scales

Correlation coefficient

and the tropical region of the Pacific Ocean (or Nifio 3)  the equatorial region (Fig. 8a). By combining IOD and
explain up to about 44% of the variance in dry and wet NAO (Fig. 8b), IOD and AMO (Fig. 8c), and IOD, AMO,
conditions along the Sahel belt as well as eastern part of  and NAO (Fig. 8f), the adjusted R* values remained low.
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Fig.8 Adjusted R? in predicting
12-month SNIPE using various

a—f combinations of climate
indices

For IOD and AMO (Fig. 8c), up to 15% of the variance
in CWA (or SNIPE) could be explained especially in the
Horn of Africa (or Somalia), and the southeastern part
of Africa. Addition of either AMO (Fig. 8d) or NAO
(Fig. 8e) to IOD and Nifio 3 produced minimal effect on
the adjusted R? especially across the Sahel belt and the
eastern part of the equatorial region. Even when both
AMO and NAO were added to IOD and Nifio 3 (Fig. 9a),
the result was not that very different from that in Fig. 8a.

As seen before in Fig. 7, the variation in dry and wet
conditions in the Sahara desert can be mainly explained
by the changes in the SLP in the North Atlantic Ocean
(or NAO). In this line, combination of NAO with I0OD
(Fig. 8b) or AMO and IOD (Fig. 8f) had minimal effect
on the adjusted R* across the Sahara desert. From these
results, it is evident that addition of many predictors is not
a guarantee to increase the values of adjusted R%. In other
words, apart from the Sahel belt and eastern part of the
equatorial region which have joint influence of the ENSO
and IOD, the variation in dry and wet conditions at other
locations is suggestively due to one main driver.

Figure 9 shows results for predictability of the variation
in dry and wet conditions using a combination of all the
four climate models. Based on the results of the MLRE
in terms of adjusted R* mapped in Fig. 9a, the amount of
variance in the meteorological conditions at any selected

12,000 24,000 Km

location can be tested. To do so, the coefficients of the
MLRE provided in Fig. 9b—f can be used.

The steps for predicting variation in wet and dry con-
ditions using climate indices as predictors include the
following:

i) Select the region or location to be considered; for
instance, see locations numbered 1 to 8 in Fig. 10.

ii) For each selected location, determine the coefficients of
the MLRE from Fig. 9b—f. For illustration considering
the 8 locations shown in Fig. 10, the coefficients of the
MLRE obtained from Fig. 9b—f can be seen in Table 2.

iii) For a selected location, the identified coefficients of the
MLRE can be fed into Eq. (12) using selected combina-
tion of climate indices to obtain an adjusted R?. Results
of this step based on the 8 selected locations can be seen
in Table 3.

It is noticeable from Table 3 that the amount of variance
in the CWA that can be explained by climate indices var-
ies among locations. However, the main contribution to the
overall amount of variance explained comes from the domi-
nant driver. For instance, at locations 1 and 5, the main driv-
ing forces are in the form of Nifio 3 and IOD, respectively.
This means that in the build-up of MLRE to predict dry and
wet conditions for a particular region, selection of the main
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Fig.9 Adjusted R? in predict-

ing 12-month SNIPE using a
combination of four climate
indices based on b—f various
coefficients of the MLRE

Ol° 40°E 0° 40°E
1 1
- '%”w = -
-'\ '\L\
i /‘\.,: +* ‘}' i |

B o2-145

[ ]146-21.4
[ ]215-297
Bl 208-442

B 0033--0012 | -0.200 - -0.069
[ 1-0.011--0.001 [[7]-0.068--0.009
[ 1-0001-0010 [7]-0.008-0.036
[ 10011-0.019 [ ]0.037-0.102
I 0.020-0.039 \ M 0.103-0.252

° ° 0°  40°E
00 40°E R .

0° 40°E
1 1 1
OZ_ /‘{M'}\\\J,
3
| AL Ty -

10°S

y 4
\ =
p

4 A2

f N ) B

\
1 A3 ‘,f“_

{eo ®$* L {9

o .

B 0.332--0.153
[ ]-0.152--0.085
[ 1-0.084 - -0.034
| 1-0.033-0.0247
I 0.0248 - 0.158

B 0.316--0.153
[ 1-0.152--0.035
[ 1-0.034-0.086

B -0.598 - -0.348
[ ]-0.3487--0.136

B -0.135-0.077

[ 10.087-0.201 | 10.078-0.272
BN 0202-0333 | 0.273 - 0.582

I
0

driver comprises a crucial step. If drivers of the variation in
dry and wet conditions are known, there can be improvement
in the forecasting and warning systems for predictive plan-
ning of water resources applications in the affected region.

4 Conclusions

This study characterized wet and dry conditions across
the African continent using standardized non-parametric
indices of precipitation and PET (SNIPE). The difference
between precipitation and potential evapotranspiration
(PET) (taken to be CWA) was computed from monthly
datasets of the Climatic Research Unit (RCU). These CRU
time series were in a gridded (0.5° % 0.5°) form cover-
ing the period 1901-2015. This study assessed trends,
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variability, and drought incidence based on CWA. Multi-
ple linear regression (MLR) was used to test the predict-
ability of the variation in wet and dry conditions while
taking into account possible difference in the regional
hydroclimate.

Low drought incidents or large positive values of the
CWA (ranging from moderate to extreme wetness) were
confined to areas that receive large amounts of precipita-
tion. Areas with low drought incidence included the region
along the Gulf of Guinea, the western part of the equatorial
region, and the Ethiopian Highlands. The Tropics were char-
acterized by positive trends in the CWA (or wetting trends).
However, most of these wetting trends were mostly insig-
nificant (p >0.05). Areas outside the Tropics were mainly
characterized by negative trends in CWA (or drying trends).
These drying trends which largely occurred in the CWA of
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Fig. 10 Location at which the 12-month SNIPE was predicted using a
combination of the four selected climate indices

April, May, June, July, August, and September were mainly
significant (p <0.05) over the Sahara desert.

Variation in the East African CWA was positively corre-
lated with Nifio 3 and IOD. CWA variability in the southern
Africa was negatively correlated with Nifio 3. Variability
of CWA across West Africa (or Sahel) was negatively cor-
related with Nifio 3 and also linked to changes in the sea
surface temperature over the Atlantic Ocean. The strength
of the co-variability of dry and wet conditions across any
region depended on the time scale used for analysis.

Results of predictability of variation in wet and dry con-
ditions using combinations of climate indices varied across
regions and among time scales. For instance, using combina-
tion of IOD and Nifio 3 as predictors, less than 10% of the total
variance in CWA of 12-month time scale across the Sahara
desert could be explained. However, up to about 40% of the
total variance in 12-month CWA across East Africa could be
explained using IOD and Nifio 3 as predictors.

An important remark is that due to some factors such as
the high signal-to-noise ratio and inter-correlation among the
climate indices, the correlation between SNIPE and climate
indices may not be indicative of the actual dynamics of how

Table 2 Coefficients of the

. Location 1 2 3 4 5 6 7 8

MLRE when all the four climate

indices were combined as a A0 0001  —0.003  0.013 0.022 0.027 0003 0019  0.021

predictor Al 0009  —0.022  0.008 0081  —0.031 —0087 0001  0.034
A2 0.054  —0.046  0.027 —0.100 0.034  -0.117 -0.087 -0.010
A3 —0.056 —0305  0.270 0.251 0.168 -0212 0281  0.279
A4 —0591 —-0276  0.042 0.110 0.573 0.031 —0031 0.012

Table 3 Adjusted R? (%) in Location 1 ) 3 1 5 6 7 3

predicting 9-month SNIPE

using climate indices AMO (A)  0.187 0.009  0.001 1.412 0.010  1.100 1679 0213
NAO(N)  0.178 8505 1986  2.398 1714 4.381 4168  3.875
10D (I) 1.638 0431 0066 0335  12.806  0.683 0.557  0.023
Nifio 3 (B) 17.109 1410 0494 0074  08.158  0.494 1985  0.806
LA 2.153 0535  0.005  2.673 0.956  1.826 1.967  0.250
LN 2836 12937 8964  9.594 6.011 5574 10567  9.799
LE 43.622 10824 0432 2562 40529  0.864 0.247  0.139
AN 1296 12263  9.008  9.424 4869  6.413 11440  9.650
AE 44048  10.834 0415 4146 40326  1.291 1.927 0353
N,E 44071 21637 9145 10526 43725  4.394 10.651  9.695
LAE 44068  10.835 0436 4573 40550  1.858 1981  0.367
LN,E 44105 21739  9.164 11.033  43.801  5.698 10.669  9.816
ANE 44445 21932 9243 11446 43826  6.429 11554  9.698
LAN 3283 13152 9.048  10.795 6.094  7.188 11444 9811
LANE 44453 21980 9251 12201 43933  7.301 11554  9.828

Italicized values are the adjusted R? for the best climate index used as a predictor while values in bold are
the adjusted R for the best predictor comprising two climate indices
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changes in SST or SLP from various oceans affect the dry
and wet conditions across Africa. In other words, the cor-
relation between SNIPE and climate indices may be taken to
merely indicate statistical measures of association. Further-
more, for brevity, the lag or precedence of the SNIPE by cli-
mate indices was not considered. It is also worth noting that
relationship between CWA and climate indices may be lin-
ear or non-linear. Although linear model was selected in this
study, it is recommended that future research considers the
suitability of linear and non-linear models to test the predict-
ability of the variation in dry and wet conditions across the
various regions of Africa. Furthermore, predictability of the
variation in wet and dry conditions across the continent was
tested using a single time scale. It is recommended that future
research takes into account possible differences in predicta-
bility of variations in wet and dry conditions due to the influ-
ence from the choice of time scales. Nevertheless, results
from this study can importantly be used to support planning
or strategies for management of risks related to extreme dry
and wet conditions across the continent of Africa.
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