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Abstract
The occurrences of some intense rainfall episodes in Somalia in recent years, resulting in flash floods in riverine areas, 
prompted researchers to investigate the significance of long-term shifts in severe rainfall across Somalia in the past century. 
The study aimed to examine the changes in precipitation trends in Somalia by carrying out an analysis of the frequency of 
rainfall extremes during the two different phases 1901–1958 and 1959–2016, as well as return level analysis. The Mann–
Kendall test and Sen’s slope were used to measure the changes in precipitation trends. The generalized extreme value dis-
tribution was also fitted to the two phases considered in the analysis. The study revealed that heavy rainfall events and flood 
risks are becoming more common in Somalia. Furthermore, the behavior of extreme rainfall has evolved over the two phases 
considered. This evolution is shown by the presence of change in distribution (using Kolmogorov–Smirnov and Anderson 
Darling tests) in phase I (1901–1958) and phase II (1959–2016) and the significant difference in the maximum likelihood 
estimates of the location parameter for the two phases. The findings provide some intriguing results that will be beneficial 
to hydrological planning and disaster management.

1 Introduction

Precipitation extremes are more likely to increase in certain 
areas as a result of global warming (Toride et al. 2018) and 
this triggers urban flooding (Schreider et al. 2000), soil ero-
sion (Martınez-Casasnovas 2002) and landslides (Lazzari 
and Piccarreta 2018). Moreover, the Earth's climate encoun-
ters significant changes due to anthropogenic emissions of 
aerosol and greenhouse gases as projected by climate simu-
lations (Solomon et al. 2007; Bessou et al. 2011). Conse-
quently, rising temperature and precipitation variability have 
been witnessed in recent decades due to climate anomalies. 
However, there is a growing interest in examining extreme 

weather and climate phenomenon issues owing to unfavora-
ble effect on the environment, society and economy. Accord-
ingly, several previous studies have documented that extreme 
precipitation is a trending increase (Li et al. 2019; Pińskwar 
et al. 2019; An et al. 2020). Whereas some other studies, 
such as Li and Wang (2016) and Wen et al. (2017), revealed 
that precipitation is a decreasing trend. In view of the above, 
the inconclusive results of extreme precipitation can be 
attributed to the geography of the countries’ locations. In 
particular, arid and semi-arid locations are considered to be 
more prone to climate variabilities (Wen et al. 2017).

During recent decades, extreme precipitation events have 
impacted many locations in Africa, Asia and Europe (Bis-
solli et al. 2011; Erman et al. 2019; Takahashi et al. 2015). In 
these locations, extreme precipitation episodes have shown 
to have an impact on agriculture (Lobell et al. 2007; Prasad 
et al. 2017; Gentilucci et al. 2020), water quality (Barbieri 
et al. 2021) and so on. Therefore, changes in extreme precip-
itation in various regions of the world have been investigated 
in several previous studies. Rahayu (2013) studied changes 
in maximum rainfall in Indramayu, Indonesia, by compar-
ing two different phases (1961–1990 versus 1991–2013) and 
then applying generalized extreme value (GEV) distribution 
to each phase. The results from Rahayu (2013) verified that 
there is no change in extreme rainfall in Indramayu station. 
Sherrer and Dhakal (2017) examined the time-dependent 
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shifts in the extreme rainfall return levels in three counties 
within the Metro Atlanta Region in Georgia, USA, over 
a 30-year block (1950–1979 and 1980–2009) using GEV 
distribution. For the recent time period, a 16%, 22% and 
28% rise in 25-year, 50-year and 100-year return levels were 
obtained across the Georgia State, respectively. Pińskwar 
et al. (2019) examined changes in precipitation extremes 
in Poland by comparing two different periods, colder and 
warmer periods (1961–1990 versus 1991–2015) and most 
considered indices exhibited increasing trends. However, 
the trend patterns discussed were not statistically signifi-
cant except for a few cases of the indices and stations stud-
ied (Pińskwar et al. 2019). An et al. (2020) compared the 
change in extent and frequency of precipitation and tempera-
ture extremes in Gansu Province, China, before and after the 
late 1970s climate shift. The findings from An et al. (2020) 
show that, for different extreme indices, changes in mean 
and return levels between pre-shift and after-shift times 
vary greatly in time and space. The results from An et al. 
(2020) also indicated that the North's precipitation extremes 
have risen, potentially resulting in more severe floods and 
droughts in the future. Yaduvanshi et al. (2020) investigated 
the spatial and temporal changes in precipitation extremes 
throughout the Godavari River basin, India. The results from 
Yaduvanshi et al. (2020) revealed a significant increase in 
the rainfall extremes from 1977 to 2015 as compared to the 
1901–1976 period in both semi-arid and humid regions.

Somalia has been enduring severe impacts of extreme 
weather consequences of floods and droughts for over a long 
period of time. As a result, agriculture production (both crop 
and livestock)—the main livelihood sector for the major-
ity of the Somali population—has been hindered (Warsame 
et al. 2021, 2022). Other sectors of the economy and the 
environment have also not been spared from these crises. 
Floods become recurrent events which are reported every 
year. For instance, the latest floods occurred in 2019 and 
2020 and resulted in property and life casualties. The loss 
of lives, 412,000 individual displacements and damage to 
crops were documented in 2019 due to floods (FAO 2020). 
Another flood hit Somalia in 2020 and caused property 
damage and the death of 16 people (BBC 2020). This is, 
therefore, evidenced by Somalia’s vulnerability to climate 
change in which it is ranked as one of the most vulnerable 
nations in the world to climate variability, extreme weather 
of floods and droughts (Wheeler 2011). In Somalia, there has 
been a few studies that focus on modeling extreme rainfall 
magnitude and frequency. For example, extreme value inves-
tigation of monthly and annual maxima of daily temperature 
and rainfall in nine nations of the Greater Horn of Africa 
region, including Somalia, was presented by Afuecheta and 
Omar (2021). Also, Mohamed and Adam (2022) focus on 
selecting the best extreme value distribution for modeling 
frequency and magnitude of annual maximum rainfall in 

Somalia. However, these studies did not concentrate on 
changes in trends of extreme precipitation. Moreover, these 
studies considered only one sample phase which can result 
in biased estimates as stated by Gentilucci et al. (2019) and 
Merabtene et al. (2016).

Despite the fact that extreme weather events were high-
lighted in Somalia's national development plan in 2013 (Fed-
eral Republic of Somalia 2013) and the previous mentioned 
studies (Afuecheta and Omar 2021; Mohamed and Adam 
2022), there are limitations due to a lack of significant stud-
ies relating to extreme weather that project the changes in 
trends of extreme weather events in distant years. Findings 
of changes in extreme rainfall frequency and magnitude 
information play a key role in sustainable management of 
water resources, planning and designing the emergencies 
resulting from weather shocks, such as flood protection and 
irrigation ditches.

Nevertheless, due to its limited study and topical rele-
vance in the context of Somalia, there is an urgent need to 
model the trends of extreme precipitation, which will partici-
pate in the development of appropriate policies for extreme 
weather events. Hence, the objective of the present study is 
to assess the extreme rainfall trends in Somalia. More impor-
tantly, what this study is seeking to determine is whether 
there is a distributional change in rainfall extremes by divid-
ing the sample into two phases. As mentioned, using one 
sample phase can lead to biased and incorrect inferences as 
the majority of previous studies ascertained extreme precipi-
tation events (Gentilucci et al. 2019; Merabtene et al. 2016). 
In this study, the first sample phase spans from 1901 to 1958 
and the second sample is between 1959 and 2016. Since the 
two phases have different extreme values and heterogeneous 
detrimental effects on the economy and society as a whole, 
the study fits a GEV distribution to both periods and then 
uses the likelihood ratio test and/or information criteria and 
the Kolmogorov–Smirnov and/or Anderson–Darling tests 
to confirm the goodness of fit and the existence of change in 
rainfall extremes in Somalia, respectively.

2  Materials and methods

2.1  Study area

The area of the study is Somalia which is a country located 
in the Horn of Africa, and it is bordered by Ethiopia in the 
west, Kenya in the southwest, Djibouti in the northwest, 
Indian Ocean in the east and Gulf of Aden in the north. 
Somalia lies between latitudes 2°S and 12°N, and longitudes 
41° and 52°E. With an area of 637,657  km2 and an estimated 
population of around 15 million, Somalia’s landscape con-
sists mainly of plateaus, plains and highlands. Mogadishu 
is the largest city as well as the capital city. The rugged 
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east–west ranges of the Karkaar Mountains lie at varying 
distances from the Gulf of Aden coast in the far north. The 
country's northern region is hilly, while the central and 
southern regions are flat. The country has two significant 
rivers: the Jubba and Shabelle rivers. The Shebelle River 
does not reach the sea except during heavy rain seasons. 
The north and south movement of the inter-tropical conver-
gence zone (ITCZ) as well as the southwest and the north-
east monsoon winds determines the climate of Somalia. 
The coastal regions of Somalia have hot and humid climate, 
while the hinterland of the country has a hot and dry semi-
arid to arid climate. Annual rainfall in the northeast is less 
than 100 mm; in the central plateaus, it is between 200 and 
300 mm. The northwestern and southwestern parts of the 
country, on the other hand, receive significantly more rain, 
averaging 510–610 mm per year. Figure 1 shows the map 
of Somalia with annual rainfall distribution (Fig. 1a) and 
seasonal rainfall distribution (Fig. 1b). There are four sea-
sons, two of which are rainy and two are dry. The first major 
rainy season occurs between March and May, and the second 
occurs between September and November. From December 
to February is the harshest dry season of the year, and from 
June to August is the second dry season.

2.2  Data sources

The data set used for this study is a gridded monthly rain-
fall data with a high resolution of 0.5° × 0.5° latitude/longi-
tude grid spanning 1901–2016. Data were extracted from 

the World Bank Climate Change Knowledge Portal (https:// 
clima tekno wledg eport al. world bank. org). The World Bank 
Group sourced the Somalia monthly rainfall data set from 
the University of East Anglia's Climatic Research Unit 
(CRU) (www. cru. uea. ac. uk/ data), which is a quality regu-
lated source of climate data. The CRU monthly rainfall time 
series (CRU TS) version 4.0 is derived from meteorological 
stations. According to Harris et al. (2020), absolute monthly 
values were obtained by interpolating station anomalies 
(from 1961 to 1990 means) into 0.5° latitude/longitude grid 
cells covering the global land surface (excluding Antarctica) 
and combining them with an established climatology. Gap 
filling was employed using data from more distant stations 
or relationships with other variables. If no gap filling was 
necessary, the value for that attribute for the grid box in 
question was relaxed to the average for 1961–1990. Outly-
ing precipitation observations exceeding a threshold of ± 4 
standard deviations (SD) are omitted. Outliers are omitted 
from the data in a very small number of cases (< 1%). The 
reason for using this gridded time series data is that the rain-
fall data from the rainfall stations in Somalia is limited (the 
sample size is small) and the missing data is high. This grid-
ded rainfall data set was also chosen based on its suitability 
and record duration, as well as the seasonal distribution of 
rainfall across Somalia and the absence of missing values 
in the data set. The reliability of the CRU data set was also 
verified by previous studies such as Tsidu et al. (2012) and 
Zaroug et al. (2014). As a result, this data set was applica-
ble to the current study. The data set contains 116 values of 

Fig. 1  Maps showing a annual rainfall distribution and b rainfall from rainy seasons (Gu and Deyr) in Somalia. ( Source: Federal Republic of 
Somalia (2013))

https://climateknowledgeportal.worldbank.org
https://climateknowledgeportal.worldbank.org
http://www.cru.uea.ac.uk/data
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annual maximum monthly rainfall for the 116-year period. 
For the present study, the data set was divided into two 
phases: 1901–1958 and 1959–2016 to identify the changes 
in the distribution of annual maximum rainfall in Somalia. 
The conceptual framework of the overall methodology is 
shown in Fig. 2.

2.3  Generalized extreme value distribution

In this study, extreme value analysis was carried out by fit-
ting generalized extreme value (GEV) model to each sub-
sample of the annual maximum monthly precipitation data 
employing maximum likelihood as a parameter estimation 
method. The GEV distribution with the cumulative distribu-
tion function is given by:

where μ is the location parameter, σ is the scale parameter 
and ξ is the shape parameter. Special cases of Eq. (1) with 
shape parameter 𝜉 > 0 , � → 0 and 𝜉 < 0 lead to the Fréchet, 
Gumbel and the negative Weibull distribution, respectively 
(Coles 2001). The goodness of fit of the GEV models can 

(1)

G(z) =

⎧⎪⎪⎨⎪⎪⎩

exp
�
− exp

�
−
z − 𝜇

𝜎

��
, for 𝜉 = 0

exp

�
−
�
1 + 𝜉

�
z − 𝜇

𝜎

��−1∕𝜉
�

, for 𝜉 ≠ 0, 1 + 𝜉

�
z − u

𝜎

�
> 0,

be examined using different diagnostic plots. Probability, 
quantile, return level and density plots are considered. If the 
GEV model is appropriate for the data, then the probability 
plot, quantile plot and return level plot will be approximately 
linear and the density plot of the fitted model will be roughly 
the same as the actual density of the data.

Estimation of the return levels of annual maxima is 
important for analyzing weather and climate extremes. Let zp 
be the return level related with the return period 1/p. There-
fore, zp is the level exceeded on average once every 1⁄p years. 
The formula to estimate the return level is as follows:

where xp = − log (1 − p).

2.4  Assessment of goodness of fit

Several assessment criteria are employed to choose the 
best GEV family models, i.e., Akaike information criterion 

(2)ẑp =

{
�̂ −

�̂

�̂

[
1 − x�̂

p

]
, � ≠ 0

�̂ − �̂ log xp, � = 0
,

Fig. 2  Flowchart of the methodology

(AIC), Bayesian information criterion (BIC) and likelihood 
ratio test. According to Kim et al. (2017), likelihood ratio 
test can only be employed to pairs of nested GEV fami-
lies presenting different number of parameters. The null 
hypothesis of likelihood ratio test assumes that there is no 
difference between restricted and full models. It follows �2 
distribution with degrees of freedom equal to the number of 
additional parameters in the saturated model, but not in the 
restricted model. The likelihood ratio test statistic is:

where log li is the maximized log likelihood under  H0 and 
log lj is the maximized log likelihood under  H1.

The performance of a collection of statistical models is 
compared using AIC and BIC. The model with the smallest 
AIC and BIC values may be selected (Burnham and Ander-
son 2004). The AIC and the BIC are presented in Eq. (4) and 
Eq. (5), respectively:

where log(L) is the maximized log likelihood of the model 
of interest and p is the number of parameters in a given 
model.

(3)LRT = −2
{
log li − log lj

}
,

(4)AIC = −2 log (L) + 2p,

(5)BIC = −2 log (L) + p log (n),
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2.5  Agreement tests

When detecting the changes in rainfall extremes, we are very 
interested in detecting the difference between the distribu-
tion of two data phases. Four types of agreement tests are 
used in this study: location agreement, variance agreement, 
quantile agreement and distribution agreement tests. We 
used Wilcoxon matched pairs, Levene, quantile and two-
sample Kolmogorov–Smirov and Anderson–Darling tests 
for the location, variance, quantile and distribution agree-
ment tests, respectively. The reason why we used these non-
parametric tests is that the normality assumption is almost 
always violated when it comes to the precipitation series.

Wilcoxon-matched pairs test is a non-parametric version 
of a paired t test that is used to compare two groups and it 
tests the difference between paired data. The null hypothesis 
is that the median differences between the paired observa-
tions is zero. Let n be the sample size except for equal pairs, 
Di the difference between each pair of observations and Ri 
the ranks of the differences. The Wilcoxon-matched pairs 
test statistic is given by:

In Wilcoxon-matched pairs test, the presence of a sys-
tematic effect is indicated by a significant result, while the 
absence of a systematic effect is indicated by a non-signif-
icant result.

The Levene test is a non-parametric test used to detect 
whether the variances of two or more groups are equal. The 
null hypothesis that the group variances are identical (known 
as homogeneity of variances) is tested. The Levene test sta-
tistic is given by:

where N is the total number of observations in all groups, 
k is the number of groups, Ni is the number of observations 
in the ith group, Zij is the within-group absolute deviations, 
Zi is the mean of Zij for the ith group and Z is the mean of 
all Zij. This test statistic can be compared with F distribu-
tion with k – 1 and N – k degrees of freedom at a level of 
significance of α.

The quantile test is a two-sample rank test that is used 
to detect a change in the lower and upper tails of the dis-
tribution of one sample relative to the distribution of the 
other sample (Johnson et al. 1987). The null hypothesis 
states that the quantiles of both samples are identical and 
the alternative hypothesis indicates that the first sample’s 
distribution is shifted partially to the right of the second 
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sample. The test statistic for this test can be obtained by 
combining the observations, ranking them and calculating 
k, which is the number of the first sample observations out 
of the r largest observations. If k is too large or the p value 
of the test statistic is less than the level of significance, 
then the null hypothesis can be rejected.

Kolmogorov–Smirnov test is a non-parametric test 
which compares the distributions of two or more samples. 
The null hypothesis is that the data from the two sam-
ples have the same continuous distribution. Suppose that 
m is the sample size of the first sample with observed 
cumulative distribution function Fm(t) and n is the sam-
ple size of the second sample with observed cumulative 
distribution function Gn(t) . Hence, the two sample Kol-
mogorov–Smirnov test statistic is the maximum differ-
ence between Fm(t) and Gn(t) . Mathematically, this can 
be written as:

We reject the null hypothesis that the two phases have 
the same distribution if D is too large for the two-sided 
alternative F ≠ G.

The two-sample Anderson–Darling test (Anderson 
1957; Pettitt 1976) is alternative to Kolmogorov–Smirov 
test for detecting shift in two distributions. Because of its 
consistency in contrast to other tests and its widespread 
use of samples with fat tails, the Anderson–Darling test 
has been commonly used in hydrology (López-Rodríguez 
et al. 2019). When presented with a range of hydrological 
approaches, this test is very interesting when compared to 
widely used tests (Shorack and Wellner 2009). According 
to Engmann and Cousineau (2011), the Anderson–Darling 
test can detect shifts better than the Kolmogorov–Smirnov 
test. The two-sample Anderson–Darling test statistic is 
given by:

In this equation, m and n are the sample sizes of the 
two samples, Z(n+m) is the combined and ordered samples 
of X(n) and Y(m) , and Ni is the number of data points such 
that X(n) ≤ Z(n+m) . Based on α and sample size, the critical 
value for this test can be obtained from Pettitt (1976). If 
AD is greater than the corresponding critical value, the 
null hypothesis that the two samples come from the same 
continuous distribution can be rejected.

(8)D = sup
t

[
Fm(t) − Gn(t)

]
.

(9)AD =
1

mn

n+m∑
i=1

(
NiZ(n+m−ni)

)2 1
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2.6  Methods for detecting changes in precipitation 
trend

The determination of existence of any trend in the data is an 
essential step for hydrological modeling. There are many 
methods for identifying trends. Outliers (extremes) are less 
resilient to non-parametric trend detection techniques than 
parametric approaches like Pearson's correlation coefficient 
(Wang et al. 2008). Furthermore, nonparametric tests can 
be used to detect a trend in a time series without requiring 
the trend to be linear or nonlinear (Wang et al. 2008). Thus, 
the Mann–Kendall test (Mann 1945; Kendall 1975; Gilbert 
1987) and Sen’s slope estimator (Sen 1968) are used for 
this study.

The Mann–Kendall test can be used to determine if the 
variable of interest has a monotonic upward or downward 
trend over time. The term ‘monotonic upward (downward) 
trend’ refers to a variable that steadily increases (decreases) 
over time, though the trend may or may not be linear. The 
null hypothesis for the Mann–Kendall test is that the time 
series data do not have a trend and the alternative hypothesis 
is that the data have a positive or negative trend. The test 
statistic for the Mann–Kendall test is as follows:

where n is the length of the data set, zk represents a time 
series data for k = 1, 2, …, n – 1, zj ranges from j = i + 1, 
i + 2, …, n and

The Kendall’s � determines the monotonic trend’s 
strength and can be calculated by using the equation:

The quantity Zc =
S±1√
var(S)

 follows standard normal distri-
bution, i.e., Zc ∼ N(0, 1) . Therefore, if |Zc|> 1.96, the null 
hypothesis for the Mann–Kendall test can be rejected. How-
ever, if the data are autocorrelated, the Mann–Kendall test 
may give misleading results (Hamed and Rao 1998). There-
fore, a modified version of the Mann–Kendall test (Hamed 
and Rao 1998; Hamed 2009) may be used in this case. In this 
study, we applied Durbin–Watson test for testing serial auto-
correlation before employing Mann–Kendall test.

Another non-parametric technique for determining the 
strength of a trend in a hydrologic and climatic time series 
is the Sen’s slope estimator. To calculate Sen's slope, a time 
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n−1∑
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n∑
j=k+1

sgn
(
zj − zk

)
,
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series must have at least ten values. The Sen’s slope tech-
nique calculates both the linear rate of change (i.e., slope) 
and intercepts. In the case of linear trend, the process can 
be written as:

In this equation, Q is the slope and B is a constant. A set 
of linear slopes can then be calculated as follows:

where zi and zj imply values of the series with j > k. Sen’s 
slope estimator is the computed median from N observations 
of Qi. Mathematically, this can be written as:

We can also obtain a two-sided confidence interval about 
the slope of 100(1 – α)% using the normal distribution and 
nonparametric approach. If the value of Q is positive, the 
trend will be increasing or upward, while if the value of Q is 
negative, the trend will be decreasing or downward.

2.7  Software used in the analysis

The overall results from this study were obtained by using 
the RStudio (the integrated development environment for 
RSoftware) particularly the fevd procedure in the exTRemes 
package with version 2.0 (Gilleland and Katz 2016) and 
trend package version 1.1.4 (Pohlert 2020).

3  Results and discussion

3.1  Preliminary analysis

In this analysis, we divided the data evenly into two groups 
1901–1958 and 1959–2016 to identify whether there is a 
distributional change in rainfall patterns. Figure 3 depicts 
the pattern and the variability of the monthly rainfall dis-
tribution in Somalia during the mentioned phases. In both 
phases (Fig. 3a and b), the rainfall will start to decrease from 
December and reach its lowest point in January and Febru-
ary. The rainfall then will increase from March and reach its 
highest point in April and May. The rainfall again starts to 
decrease from June to August. The rainfall then will begin to 
increase after September and reach its peak in October and 
November. However, in Fig. 3, it is hard to see the months 
in which there is a change in rainfall pattern. In both phases, 
the monthly rainfall pattern observed indicates that extreme 

(13)f (t) = Qt + B.
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value theory is suitable to analyze severe rainfall events in 
Somalia.

To identify the months in which there is a climate change, 
we conducted Wilcoxon matched-pairs, Levene, quantile 
and Anderson–Darling tests. Table 1 shows the results (p 
values) from these tests. The comparison of the two phases 
(1901–1958 and 1959–2016) reveals that a significant cli-
mate change (with regard to location and distribution) exists 
in November. However, there is a location shift in both April 
and October. There is also a variance shift in both August 
and September. Finally, there is no quantile shift in any of 
the months.

3.2  Frequency of precipitation extremes

The analysis of frequency of cluster maxima occurrence over 
large threshold is addressed. Figure 4 shows a bar chart of 
the number of months that maximum monthly rainfall (mm) 

in Somalia exceeds u = 30 mm. The years 1905 and 1968 
(belonging to the first and second phases, respectively) are 
the two years that have the highest number of months (i.e., 
6) in which the maximum monthly rainfall exceeds 30 mm. 
Moreover, the years 1920, 1937, 1941 and 1951 in the first 
phase and the years 1967, 1989, 2011 and 2016 in the second 
phase, all had 5 months in which the average precipitation 
was greater than 30 mm. However, 10 years in the first phase 
and 22 years in the second phase had 4 months in which 
the average precipitation was higher than the determined 
threshold. This shows that rainfall extremes were higher in 
the second phase of the data. In Fig. 4b, we can also observe 
that the average number of months for which the precipita-
tion was greater than 30 mm had increased in comparison 
with the number of months for which the rainfall was higher 
than 30 mm in Fig. 4a. Similarly, Fig. 5 is a bar graph show-
ing the occurrence frequency of cluster maxima above u = 30 
in the periods 1901–1958 and 1959–2016. In the first phase, 

Fig. 3  Seasonal notched box plot for monthly rainfall (mm) between a 1901– 958 and b 1959–2016

Table 1  P values for Wilcoxon 
matched-pairs, Levene, quantile 
and Anderson–Darling tests

***, ** and * indicate significance at 1%, 5% and 10% levels, respectively

Month Wilcoxon-matched 
pairs test

Levene test Quantile test Anderson–Darling test

Jan 0.8708 0.1969 0.3343 0.6613
Feb 0.9753 0.5390 0.9033 0.7592
Mar 0.2959 0.2991 0.9797 0.1680
Apr 0.08425* 0.3704 0.9033 0.1563
May 0.8344 0.1635 0.8234 0.2580
Jun 0.2649 0.2904 0.9923 0.1391
Jul 0.4074 0.8657 0.9033 0.6593
Aug 0.2301 0.0511* 0.5736 0.3290
Sep 0.6929 0.0139** 0.9797 0.2336
Oct 0.0700* 0.1301 0.9797 0.1304
Nov 0.0387** 0.3326 0.9974 0.0045***
Dec 0.4620 0.3778 0.9033 0.5271
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the chart (Fig. 5a) shows that the lowest average cluster is 0 
and occurred in January and February, followed by 1, 1, 2, 
2, 6 and 7 in July, August, June, December, September and 
March, respectively. The occurrence of 18, 38 and 49 cluster 
maxima occurred in November, October and April, respec-
tively, while the maximum number of 50 was identified in 
May. In the second phase, Fig. 5b exhibits that the lowest 
average cluster is 0 and occurred in January, February and 
August, followed by 1, 2, 4, 5 and 7 in September, July, June, 
March and December, respectively. The occurrence of 32, 
39 and 50 cluster maxima occurred in November, October 
and April, respectively, while the maximum number of 51 
occurred in May. In the first phase, out of 696, the number 
of observations above a precipitation threshold of 30 mm 
is 174, while in the second phase, it is 191. This gives the 

probability of exceedances: �̂30 =
174

696
= 0.25 for the first 

phase and �̂30 =
191

696
= 0.2744 for the second phase. From 

this analysis, it seems that the second phase has a slightly 
higher number of occurrences of precipitation extremes than 
the first phase.

3.3  Precipitation trend analysis

In this analysis, we used Mann–Kendall test and Sen’s slope 
estimator to measure precipitation trends during the two 
phases considered. We first applied serial correlation test 
to determine whether pre-whitening is needed. The results 
from Durbin–Watson test is given in Table 2. Since the p 
values for the Durbin–Watson test of phase 1 precipitation 

Fig. 4  Bar graph of the number of months for which maximum rainfall is greater than 30 mm (with trend) in the phases a 1901–1958 and b 
1959–2016

Fig. 5  Bar chart of monthly frequency of occurrence of cluster maxima above u = 30 for the phases a 1901–1958 and b 1959–2016
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and phase II precipitation is less than 0.05, we reject the null 
hypothesis that there is no serial autocorrelation. Therefore, 
pre-whitening is needed and modified Man– Kendall test is 
used for this purpose.

From the modified Mann–Kendall test result in Table 3, it 
was obtained that the Zc value for phase I precipitation and 
phase II precipitation were − 4.7857 and 2.8291, respec-
tively. The negative value of Kendall’s Zc for phase I precipi-
tation shows downward decreasing trend over time. Since 
the p value is less than 0.05, there is a significant decrease 
in the trend at a 5% level of significance. On the other hand, 
the positive value of Kendall’s Zc for phase II precipitation 

indicates upward and increasing trend over time. This 
implies that there is a significant increase in the trend at a 
5% level of significance since the p value is less than 0.05.

Further trend analysis was carried out for the total precip-
itation of the two phases. Figure 6 shows the changes in total 
precipitation trends in Somalia. In the first phase, the annual 
total precipitation in Somalia exhibits a decreasing trend at 
a rate of 1.33 mm per year (see Fig. 6a). The p value asso-
ciated with this trend rate is 0.009 indicating a significant 
decrease in annual total precipitation. On the other hand, 
the yearly total precipitation (shown in Fig. 6b) exhibits a 
non-significant decreasing trend at a rate of 0.22 mm per 
year in the second phase because its p value is 0.643, which 
is greater than 0.05 level of significance.

Table 4 shows the Mann–Kendall trend, its statistical 
significance and Sen’s slope estimate for phase I and phase 
II total precipitations. The first phase showed significant 
decreasing monotonic trend with Zc = − 3.0991 and p value 
0.0019, while the second phase exhibited a non-significant 
increasing trend. This result is further proved by the Sen’s 
slope estimates (− 1.6214 and 0.1926) with their 95% confi-
dence intervals i.e. (− 2.599, − 0.621) and (− 0.868, 1.058). 
The first Sen’s slope estimate is negative indicating decreas-
ing trend, while the second Sen’s slope is positive implying 
increasing trend. Furthermore, since the first confidence 
interval does not include zero and the second confidence 
interval includes zero, the first phase shows a significant 

Table 2  Results from Durbin–Watson statistic for monthly rainfall

Data Durbin–Watson statistic P value

Rainfall_phase I DW = 1.4818 0.0000
Rainfall_phase II DW = 1.4712 0.0000

Table 3  Results from modified Mann–Kendall test and Sen’s slope 
estimator for monthly rainfall

Data Zc p value 
(two-
sided)

Tau Sen’s slope

Rainfall_phase I − 4.7857 0.0000 − 0.0465 − 0.0037
Rainfall_phase II 2.8291 0.0047 0.0417 0.0039

Fig. 6  Changes in yearly total precipitation over the phases a 1901–1958 and b 1959–2016

Table 4  Results from Mann–
Kendall test and Sen’s slope 
estimator for annual total 
precipitation

Data Zc P value 
(two-sided)

Tau Sen’s slope Sen’s slope 95% CI

Total rainfall_phase I − 3.0991 0.0019 − 0.2801 − 1.6214 (− 2.599, − 0.621)
Total rainfall_phase II 0.3220 0.7475 0.0296 0.1926 (− 0.868, 1.058)



 J. Mohamed et al.

1 3

   54  Page 10 of 16

downward trend, while the second phase revealed a non-
significant upward trend.

The distribution changes in the yearly total precipitation 
for the two phases is tested by using two-sample Kolmogo-
rov–Smirnov and Anderson–Darling tests. The findings from 
these tests are shown in Table 5. The calculated test statistics 
for these tests are D = 0.2931 and AD = 4.034 and their p 
values are 0.0133 and 0.0080, respectively. Both p values 
are less than 0.05 significance level. Hence, we conclude 
that there is a significant change in the annual total rainfall 
distribution of the two phases.

3.4  Annual maxima analysis

In this analysis, we have considered the sequence of annual 
maxima of rainfall series. The annual maximum rainfall 
data are divided evenly into two phases (1901–1958 and 
1959–2016) and the associated scatter plots are shown 

in Fig. 7a and b. From these figures, it can be deduced 
that the behavior of rainfall extremes has evolved over 
the years; the average rainfall recorded during the severe 
events in particular has seemed to have risen between the 
initial and subsequent phases.

The block maxima method is implemented to each sam-
ple in the light of these observations and the fitted GEV 
distribution model is contrasted to figure out the change 
of extreme behavior. Initially, the years from 1901 to 1958 
are taken into consideration. The results of maximum like-
lihood estimation on this data are given in Table 6.

The estimate for the parameter of shape implies Fré-
chet distribution. However, the confidence interval for 
the shape parameter implies Gumbel distribution, since 
the lower limit of the confidence interval is below zero. 
The profile log-likelihood confidence interval for ξ, whose 
lower-end limit is below zero, supports this hypothesis, as 
shown in Fig. 8.

A likelihood ratio test can therefore be carried out to 
validate the earlier discussions. From Table 7, by taking 
into consideration the significance level α = 0.05, the test 
statistic is � = 3.3859 and its p value is 0.0658. This result 
implies that the null hypothesis of reduction to the Gumbel 
distribution is not rejected in favor of GEV distribution.

Table 5  Results from two-sample Kolmogorov–Smirnov and Ander-
son–Darling tests for yearly total precipitation

Test Test statistic P value

Kolmogorov–Smirnov D = 0.2931 0.0133
Anderson–Darling AD = 4.034 0.0080

Fig. 7  Annual maximum rainfall recorded between a 1901–1959 and b 1959–2016

Table 6  GEV parameter 
estimates for phase 1

Parameters Estimates Standard errors 95% confidence interval (CI) Variance–covariance matrix

Location (μ) 56.059 2.346 (51.460, 60.658)

 Scale (σ) 15.640 1.860 (11.996, 19.285)
Shape (ξ) 0.190 0.113 (− 0.033, 0.412)
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The study is then performed on the observations col-
lected in the phase 1959–2016. The maximum likelihood 
estimation for the three parameters are given in Table 8.

The estimates of μ and σ are slightly higher than those 
found during the preceding phase, whereas the estimate of 
negative result for ξ suggests a bounded distribution. How-
ever, the evidence of the prior hypothesis is not powerful 
since zero lies within the confidence interval. The Gumbel 
distribution is fitted to the data to make inferences on the 
shape parameter, and the sequential models are contrasted 
utilizing the likelihood ratio test and AIC/BIC criterion 
as illustrated in Tables 9 and 10, respectively. The large p 
value in the likelihood ratio test makes it difficult to reject 
the null hypothesis of the reduction to the nested model 
and the AIC and BIC criteria for the Gumbel distribution 
are smaller. Hence, both approaches indicate that the Gum-
bel family is preferred.

The diagnostic plots, shown in Fig. 9, support the valid-
ity of the fitted distribution. Points are near the diagonal 
unit in the probability and quantile plots, suggesting that the 
approximate model gives a good data approximation, also 

in the distribution tails’ correspondence. The return level 
plot also shows the suitability of the fitted distribution: the 
return level estimates are in fact consistent with the modeled 
curve, and the confidence bands stay small, also for long 
return periods.

The previous analysis has demonstrated major variations 
between the two time intervals in terms of extreme distri-
butions. The most interesting distinction, however, comes 
from measuring the return levels. Let us consider the most 
accurate model (i.e., Gumbel ( ̂�1 , �̂1 ) and Gumbel ( ̂�2,�̂2 )) 
for each subsample to obtain the estimates given in Table 11. 
The return level resulting from the Gumbel model fitted over 
the phase from 1901 to 1958 appears to be smaller than 
that achieved in subsequent years (second phase). It can be 
attributed to the fact that the extreme rainfalls recorded in 
the first phase, as has already been pointed out, were less fre-
quent than those in the second. Nonetheless, it is important 
to note that the return level computations are different as a 
result of the shift in extreme rainfall behavior, depending 
on whether the model is fitted utilizing the full collection of 
a sub-sample or only the annual maxima. The return levels 
appear to be higher than those measured in different phases. 
Let us use the 50-year return level as an example. If the GEV 
model is measured using all the annual maxima, it results in 
z0.02 ≈ 148.1 , while it is z0.02 ≈ 124.5 or z0.01 ≈ 143.7 if only 
the years from 1901 to 1958 or 1959 to 2016 are taken into 
consideration, respectively. Thus, fitting the model over the 
overall phase, without considering the variability in weather 
conditions, may overestimate the return levels.

Fig. 8  Profile likelihood for ξ with 95% confidence interval

Table 7  Likelihood ratio test for phase I

Data Likelihood ratio statistic P value

Max.rainfall_phaseI 3.3859 0.0658

Table 8  GEV parameter 
estimates for phase II

Parameters Estimates Standard errors 95% confidence interval (CI) Variance–covariance matrix

Location (μ) 65.8754 3.1042 (59.791, 71.960)

 Scale (σ) 20.1909 2.3199 (15.644, 24.738)
Shape (ξ) − 0.0230 0.1248 (− 0.268, 0.222)

Table 9  Likelihood ratio test for phase II

Data Likelihood ratio statistic p value

Max.rainfall_phaseII 0.0332 0.8553

Table 10  Information criteria 
for GEV and Gumbel models

Model Information Criteria

AIC BIC

GEV 536.8761 543.0574
Gumbel 534.9093 539.0302
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According to the above discussions, we imply that the 
nature of extreme rainfall has slightly changed over the 
years. It would be important, however, to know whether or 
not the two modeled distributions could be considered sta-
tistically distinct. The comparisons between empirical, mod-
eled and probability distributions are shown in Fig. 10a–c. 
The density curve of the first sample is more peaked than 
the density curve of the second sample and has been slightly 
transformed. Such variations can be attributed to the location 
and scale parameters which are large for the second period 
as pointed out in the prior findings. In Fig. 10c, one can see 
that the two cumulative distribution functions (CDFs) do not 
overlap and they seem to be of the same order.

To determine whether the two distributions from the 
two phases agree, i.e., the difference between the two 

distributions is statistically significant, two-sample Kolmog-
orov–Smirnov and Anderson–Darling tests are conducted. 
The results from these tests are shown in Table 12. For Kol-
mogorov–Smirnov test, we tested the null hypothesis that the 
real distribution function of the first sample is greater than 
the distribution of the second one and for Anderson–Dar-
ling test, we tested that the two phases came from the same 
distribution. Therefore, taking into consideration a level of 
significance α = 0.05, we reject the null hypothesis that the 
two phases have the same distribution and we conclude that 
the distribution of the data is stochastically different in the 
first phase than the other.

3.5  Discussion

The Intergovernmental Panel on Climate Change (IPCC) 
has described sub-Saharan Africa, including Somalia, as the 
most vulnerable area to climate change impacts (Carabine 
et al. 2014). The most significant impediment to determining 
whether severe events have altered in Africa over the previ-
ous decades is a lack of long-term climatic data suited for 
analysis of environmental extremes. Due to the multiscale 
complexity of the atmospheric systems responsible for pre-
cipitation occurrence and accompanying intrinsic variability 
of these phenomena over time and space, predicting severe 
precipitation is also a difficult task (Fritsch et al. 1998). 
Thus, this in-depth analysis, for the first time, investigates 
the long-term shifts in precipitation extremes in Somalia 
using gridded data with high accuracy and resolution from 
the CRU of the University of East Angelia. Changes in 
extreme precipitation identified in this study were compared 

Fig. 9  Diagnostic plots for 
Gumbel fit

Table 11  Return levels for Gumbel models

The numbers in parenthesis are standard errors of the return level 
estimates

Return level 95% lower CI Estimate 95% upper CI

First phase 
(1901–1958)

 10-year 85.757 96.241 (5.349) 106.725
 20-year 95.661 108.561 (6.582) 121.462
 50-year 108.390 124.509 (8.224) 140.628

Second phase (1959–2016)
 10-year 98.608 110.681 (6.160) 122.754
 20-year 110.302 125.090 (7.545) 139.878
 50-year 125.333 143.740 (9.537) 162.147
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to those discovered in other studies undertaken on a regional 
scale in East Africa.

Results from this study show that monthly precipitation 
trends have increased significantly over the second phase 
(1959–2016) compared to the first phase (1901–1958). The 
study showed increase in the frequency and intensity of rainfall 
extremes in Somalia. Moreover, changes in the distribution 
of maximum rainfall during the two phases were significant 
at 5% level of significance. These findings are in line with 
those of Shongwe et al. (2011), who found that there was a 
greater chance of an increase in the frequency and intensity of 
rainfall events in East Africa. Since the frequency of extreme 
precipitation is strongly associated with total precipitation (not 
shown), we investigated the significance of long-term shift in 
total precipitation and the study obtained a significant decline 
in the first phase and non-significant increase in the second 
phase. These findings are consistent with a recent study in the 

Greater Horn of Africa region (Shiferaw 2018) and the fourth 
IPCC report, which indicate that rainfall extremes are likely to 
increase globally in the future (Pachauri and Reisinger 2008). 
However, there are other studies indicating that there is a sig-
nificant decrease in annual total precipitation in Djibouti (Ozer 
and Mahamoud 2013), Ethiopia (Viste et al. 2013) and Greater 
Horn of Africa (Omondi et al. 2014). The other studies such 
as Gebrechorkos et al. (2019) revealed increasing and decreas-
ing trends in Ethiopia, Kenya and Tanzania, but no overall 
pattern. This is likely to be more impacted by the sea surface 
temperature in the Indian Ocean (Williams et al. 2012) and, 
therefore, it is the main determinant of variation of rainfall in 
the region of East Africa (Mutai 1998; Saji et al. 1999; Web-
ster et al. 1999). In Somalia, it is likely that the problems due to 
floods from huge rainfalls, such as loss of life, individual dis-
placements and damage to crops, will increase in the coming 
decades. Within country-level contingency planning policies, 
government officials should pay close attention to this threat.

4  Conclusions and policy implications

In Somalia, there has been an abundance of extreme rainfall 
with significant economic and social consequences in recent 
decades. Urban flood inundations can occur as precipitation 

Fig. 10  Comparison between a empirical densities, b modeled densities and c cumulative distribution functions

Table 12  Results from two-sample Kolmogorov–Smirnov and Ander-
son–Darling tests for maximum annual precipitation

Test Test statistic P value

Kolmogor–-Smirnov D = 0.2414 0.0341
Anderson–Darling AD = 2.78 0.0344
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intensifies. We have investigated the changes in extreme 
rainfall trends for the two phases 1901–1958 and 1959–2016 
across Somalia. The findings illustrate that there were some 
interesting shifts in precipitation extremes in the past cen-
tury. The most important finding from this study is that the 
extreme rainfall intensity and frequency have increased sig-
nificantly over Somalia. In the second phase (1959–2016), 
the extreme rainfall and floods were riskier than those in 
the first phase (1901–1958). Moreover, the extreme rain-
fall behavior has slightly changed over the years. The shifts 
were the presence of change in the location parameter of 
the extreme value distribution of the two phases considered 
and thus in return levels of rainfall extremes. This evolution 
of the yearly intense rainfall can cause much more regular 
and extreme precipitation. Such weather changes may lead 
to erroneous estimates, particularly for what involves return 
levels.

This study suggests the rigorous need for new country-
level contingency planning, as the current situation dem-
onstrates more intense and regular precipitation extremes. 
Understanding these changes is critical when implementing 
a country’s climate change and adaptation plan, especially in 
the context of municipal-level contingency plans. This will 
also aid in the formulation of policies regarding hydrological 
management infrastructure and protection against disasters 
caused by shifts in extreme rainfall events in particular areas.

Author contributions All authors contributed to the preparation of 
the manuscript. JM performed data collection, analysis, first draft 
preparation and organization of the manuscript. AAW contributed to 
the manuscript by writing the introduction section of the manuscript. 
DAA wrote the materials and methods section of the manuscript. MBA 
reviewed and edited the first draft. All authors read and approved the 
final manuscript.

Funding No funding was received to assist with the preparation of 
this manuscript.

Data availability The data that support the findings of this study were 
secondary data obtained from the Climate Knowledge Portal of the 
World Bank Group at https:// clima tekno wledg eport al. world bank. org.

Code availability The code that supports the findings of this study is 
available from the corresponding author upon reasonable request.

Declarations 

Conflict of interest The authors have no conflicts of interest to declare 
that are relevant to the content of this article.

Ethical approval This article does not contain any studies with humans 
and animals performed by any of the authors.

Consent to participate Not applicable.

Consent for publication Not applicable.

References

Afuecheta E, Omar MH (2021) Characterization of variability and 
trends in daily precipitation and temperature extremes in the Horn 
of Africa. Clim Risk Manag 32:100295. https:// doi. org/ 10. 1016/j. 
crm. 2021. 100295

An D, Du Y, Berndtsson R, Niu Z, Zhang L, Yuan F (2020) Evidence 
of climate shift for temperature and precipitation extremes across 
Gansu Province in China. Theor Appl Climatol 139:1137–1149. 
https:// doi. org/ 10. 1007/ s00704- 019- 03041-1

Barbieri M, Barberio MD, Banzato F et al (2021) Climate change 
and its effect on groundwater quality. Environ Geochem Health. 
https:// doi. org/ 10. 1007/ s10653- 021- 01140-5

BBC (2020) Kenya, Somalia and Rwanda hit by deadly flooding. BBC 
News Website. https:// www. bbc. com/ news/ world- africa- 52571 
322. Accessed 25 May 2021

Bessou C, Ferchaud F, Gabrielle B, Mary B (2011) Biofuels, green-
house gases and climate change. Sustain Agric 2:365–468. https:// 
doi. org/ 10. 1007/ 978- 94- 007- 0394-0_ 20

Bissolli P, Friedrich K, Rapp J, Ziese M (2011) Flooding in eastern 
central Europe in May 2010 - reasons, evolution and climatologi-
cal assessment. Weather 66:147–153. https:// doi. org/ 10. 1002/ wea. 
759

Burnham KP, Anderson DR (2004) Multimodel inference: understand-
ing AIC and BIC in model selection. Social Methods Res 33:261–
304. https:// doi. org/ 10. 1177/ 00491 24104 268644

Carabine E, Lemma A, Dupar M, Jones L, Muluguetta Y, Ranger N, 
Van Aalst M (2014) The IPCC’s fifth assessment report: What’s 
in it for Africa. Overseas Development Institute and Climate and 
Development Knowledge Network. London, UK

Coles S (2001) An introduction to statistical modeling of extreme val-
ues. Springer, London

Darling DA (1957) The kolmogorov-smirnov, cramer-von mises tests. 
Ann Math Stat 28:823–838. https:// doi. org/ 10. 1214/ aoms/ 11777 
06788

Engmann S, Cousineau D (2011) Comparing distributions: the two-
sample Anderson-Darling test as an alternative to the Kolmogo-
rov-Smirnoff test. J Appl Quantitative Methods 6(3):1–17

Erman A, Tariverdi M, Obolensky M et al (2019) Wading out the 
storm: the role of poverty in exposure, vulnerability and resil-
ience to floods in Dar Es Salaam. https:// doi. org/ 10. 1596/ 
1813- 9450- 8976

FAO (2020) GIEWS Country Brief Somalia, global information and 
early warning system on food and agriculture. Food and Agricul-
ture Organization Website. http:// www. fao. org/ giews/ count rybri 
ef/ count ry. jsp? code= SOM. Accessed 25 May 2021

Federal Republic of Somalia (2013) Somalia national adaptation pro-
gramme of action to climate change, Mogadishu: Ministry of 
Natural Resources

Fritsch JM, Houze RA Jr, Adler R et al (1998) Quantitative precipi-
tation forecasting: report of the eighth prospectus development 
team, US Weather Research Program. Bull Am Meteorol Soc 
79:285–299. https:// doi. org/ 10. 1175/ 1520- 0477(1998) 079% 
3C0285: qpfrot% 3E2.0. co;2

Gebrechorkos SH, Hülsmann S, Bernhofer C (2019) Changes in tem-
perature and precipitation extremes in Ethiopia, Kenya, and Tan-
zania. Int J Climatol 39:18–30. https:// doi. org/ 10. 1002/ joc. 5777

Gentilucci M, Barbieri M, Lee HS, Zardi D (2019) Analysis of rain-
fall trends and extreme precipitation in the Middle Adriatic Side, 
Marche Region (Central Italy). Water 11:1948. https:// doi. org/ 
10. 3390/ w1109 1948

Gentilucci M, Materazzi M, Pambianchi G et al (2020) Temperature 
variations in Central Italy (Marche region) and effects on wine 
grape production. Theor Appl Climatol 140:303–312. https:// doi. 
org/ 10. 1007/ s00704- 020- 03089-4

https://climateknowledgeportal.worldbank.org
https://doi.org/10.1016/j.crm.2021.100295
https://doi.org/10.1016/j.crm.2021.100295
https://doi.org/10.1007/s00704-019-03041-1
https://doi.org/10.1007/s10653-021-01140-5
https://www.bbc.com/news/world-africa-52571322
https://www.bbc.com/news/world-africa-52571322
https://doi.org/10.1007/978-94-007-0394-0_20
https://doi.org/10.1007/978-94-007-0394-0_20
https://doi.org/10.1002/wea.759
https://doi.org/10.1002/wea.759
https://doi.org/10.1177/0049124104268644
https://doi.org/10.1214/aoms/1177706788
https://doi.org/10.1214/aoms/1177706788
https://doi.org/10.1596/1813-9450-8976
https://doi.org/10.1596/1813-9450-8976
http://www.fao.org/giews/countrybrief/country.jsp?code=SOM
http://www.fao.org/giews/countrybrief/country.jsp?code=SOM
https://doi.org/10.1175/1520-0477(1998)079%3C0285:qpfrot%3E2.0.co;2
https://doi.org/10.1175/1520-0477(1998)079%3C0285:qpfrot%3E2.0.co;2
https://doi.org/10.1002/joc.5777
https://doi.org/10.3390/w11091948
https://doi.org/10.3390/w11091948
https://doi.org/10.1007/s00704-020-03089-4
https://doi.org/10.1007/s00704-020-03089-4


Two phases of long-term shift in extreme precipitation in Somalia  

1 3

Page 15 of 16    54 

Gilbert RO (1987) Statistical methods for environmental pollution 
monitoring. John Wiley & Sons

Gilleland E, Katz R (2016) extRemes 2.0: an extreme value analysis 
package in R. J Stat Soft 72(8):1–39. https:// doi. org/ 10. 18637/ 
jss. v072. i08

Hamed KH (2009) Enhancing the effectiveness of prewhitening 
in trend analysis of hydrologic data. J Hydrol 368:143–155. 
https:// doi. org/ 10. 1016/j. jhydr ol. 2009. 01. 040

Hamed KH, Rao AR (1998) A modified Mann-Kendall trend test for 
autocorrelated data. J Hydrol 204:182–196. https:// doi. org/ 10. 
1016/ s0022- 1694(97) 00125-x

Harris I, Osborn TJ, Jones P, Lister D (2020) Version 4 of the 
CRU TS monthly high-resolution gridded multivariate cli-
mate dataset. Sci Data 7:1–18. https:// doi. org/ 10. 1038/ 
s41597- 020- 0453-3

Johnson RA, Verrill S, Moore DH (1987) Two-sample rank tests for 
detecting changes that occur in a small proportion of the treated 
population. Biom. https:// doi. org/ 10. 2307/ 25320 01

Kendall M (1975) Rank correlation methods, 4th edn. Charles Grif-
fin, London

Kim H, Kim S, Shin H, Heo JH (2017) Appropriate model selection 
methods for nonstationary generalized extreme value models. 
J Hydrol 547:557–574. https:// doi. org/ 10. 1016/j. jhydr ol. 2017. 
02. 005

Lazzari M, Piccarreta M (2018) Landslide disasters triggered by 
extreme rainfall events: the case of Montescaglioso (Basilicata, 
Southern Italy). Geosci 8:377. https:// doi. org/ 10. 3390/ geosc 
ience s8100 377

Li C, Wang R (2016) Recent changes of precipitation in Gansu, 
Northwest China: an index-based analysis. Theor Appl Climatol 
129:397–412. https:// doi. org/ 10. 1007/ s00704- 016- 1783-0

Li W, He X, Scaioni M et al (2019) Annual precipitation and daily 
extreme precipitation distribution: possible trends from 1960 
to 2010 in urban areas of China. Geomat Nat Hazards Risk 
10:1694–1711. https:// doi. org/ 10. 1080/ 19475 705. 2019. 16096 04

Lobell DB, Cahill KN, Field CB (2007) Historical effects of tempera-
ture and precipitation on California crop yields. Clim Change 
81:187–203. https:// doi. org/ 10. 1007/ s10584- 006- 9141-3

López-Rodríguez F, García-Sanz-Calcedo J, Moral-García FJ, 
García-Conde AJ (2019) Statistical study of rainfall control: 
the Dagum distribution and applicability to the Southwest of 
Spain. Water 11(3):453. https:// doi. org/ 10. 3390/ w1103 0453

Mann HB (1945) Nonparametric tests against trend. Econometrica. 
https:// doi. org/ 10. 2307/ 19071 87

Martınez-Casasnovas JA, Ramos MC, Ribes-Dasi M (2002) Soil 
erosion caused by extreme rainfall events: mapping and quan-
tification in agricultural plots from very detailed digital eleva-
tion models. Geoderma 105:125–140. https:// doi. org/ 10. 1016/ 
s0016- 7061(01) 00096-9

Merabtene T, Siddique M, Shanableh A (2016) Assessment of sea-
sonal and annual rainfall trends and variability in Sharjah City. 
UAE Adv Meteorol. https:// doi. org/ 10. 1155/ 2016/ 62062 38

Mohamed J, Adam MB (2022) Modelling of magnitude and fre-
quency of extreme rainfall in Somalia. Model Earth Syst Envi-
ron. https:// doi. org/ 10. 1007/ s40808- 022- 01363-0

Mutai CC, Ward MN, Colman AW (1998) Towards the prediction 
of the East Africa short rains based on sea-surface tempera-
ture–atmosphere coupling. Int J Climatol 18:975–997. https:// 
doi. org/ 10. 1002/ (sici) 1097- 0088(199807) 18:9% 3C975:: aid- 
joc259% 3E3.0. co;2-u

Ozer P, Mahamoud A (2013) Recent extreme precipitation and tem-
perature changes in Djibouti City (1966–2011). J Climatol. 
https:// doi. org/ 10. 1155/ 2013/ 928501

Omondi PAO, Awange JL, Forootan E, Ogallo LA, Barakiza R, Gir-
maw GB, Komutunga E (2014) Changes in temperature and 
precipitation extremes over the Greater Horn of Africa region 

from 1961 to 2010. Int J Climatol 34:1262–1277. https:// doi. 
org/ 10. 1002/ joc. 3763

Pachauri RK, Reisinger A (2008) Climate change 2007 Synthesis 
report. Contribution of Working Groups I, II and III to the fourth 
assessment report

Pettitt AN (1976) A two-sample Anderson-Darling rank statistic. 
Biometrika 63:161–168. https:// doi. org/ 10. 1093/ biomet/ 63.1. 161

Pińskwar I, Choryński A, Graczyk D, Kundzewicz ZW (2019) 
Observed changes in extreme precipitation in Poland: 1991–2015 
versus 1961–1990. Theor Appl Climatol 135:773–787. https:// doi. 
org/ 10. 1007/ s00704- 018- 2372-1

Pohlert T (2020) trend: Non-parametric trend tests and change-point 
detection. R package version 1.1.4. https:// CRAN.R- proje ct. org/ 
packa ge= trend

Prasad PV, Bheemanahalli R, Jagadish SK (2017) Field crops and the 
fear of heat stress—opportunities, challenges and future direc-
tions. Field Crops Res 200:114–121. https:// doi. org/ 10. 1016/j. 
fcr. 2016. 09. 024

Rahayu A (2013) Identification of climate change with generalized 
extreme value (GEV) distribution approach. J Phys Conf Ser 423, 
IOP Publishing. https:// doi. org/ 10. 1088/ 1742- 6596/ 423/1/ 012026

Saji NH, Goswami BN, Vinayachandran PN, Yamagata T (1999) A 
dipole mode in the tropical Indian Ocean. Nature 401:360–363. 
https:// doi. org/ 10. 1038/ 43854

Schreider SY, Smith DI, Jakeman AJ (2000) Climate change impacts 
on urban flooding. Clim Change 47:91–115. https:// doi. org/ 10. 
1007/ bf001 39304

Sen PK (1968) Estimates of the regression coefficient based on Kend-
all’s tau. J Am Stat Assoc 63:1379–1389. https:// doi. org/ 10. 1080/ 
01621 459. 1968. 10480 934

Sherrer GE, Dhakal N (2017) Climate change and water resources 
management: an integrated assessment of temporal change in 
population and extreme precipitation. In: Proceedings from the 
ICERP 2016: 79–84, Sciendo Migration. https:// doi. org/ 10. 1515/ 
97831 10559 040- 012

Shiferaw A, Tadesse T, Rowe C, Oglesby R (2018) Precipitation 
extremes in dynamically downscaled climate scenarios over the 
Greater Horn of Africa. Atmosphere 9:112. https:// doi. org/ 10. 
3390/ atmos 90301 12

Shongwe ME, van Oldenborgh GJ, van den Hurk B, van Aalst M 
(2011) Projected changes in mean and extreme precipitation in 
Africa under global warming. Part II: East Africa J Clim 24:3718–
3733. https:// doi. org/ 10. 1175/ 2010j cli28 83.1

Shorack GR, Wellner JA (2009) Empirical processes with applications 
to statistics. Society for Industrial and Applied Mathematics

Solomon S, Manning M, Marquis M, Qin D (2007) Climate change 
2007-the physical science basis: Working group I contribution 
to the fourth assessment report of the IPCC 4. Cambridge Uni-
versity Press

Takahashi HG, Fujinami H, Yasunari T, Matsumoto J, Baimoung S 
(2015) Role of tropical cyclones along the monsoon trough in the 
2011 Thai flood and interannual variability. J Clim 28:1465–1476. 
https:// doi. org/ 10. 1175/ JCLI-D- 14- 00147.1

Toride K, Cawthorne DL, Ishida K, Kavvas ML, Anderson ML (2018) 
Long-term trend analysis on total and extreme precipitation over 
Shasta Dam watershed. Sci Total Environ 626:244–254. https:// 
doi. org/ 10. 1016/j. scito tenv. 2018. 01. 004

Tsidu GM (2012) High-resolution monthly rainfall database for Ethi-
opia: homogenization, reconstruction, and gridding. J Climate 
25:8422–8443. https:// doi. org/ 10. 1175/ JCLI-D- 12- 00027.1

Viste E, Korecha D, Sorteberg A (2013) Recent drought and precipita-
tion tendencies in Ethiopia. Theor Appl Climatol 112:535–551. 
https:// doi. org/ 10. 1007/ s00704- 012- 0746-3

Wang W, Chen X, Shi P, Gelder PV (2008) Detecting changes in 
extreme precipitation and extreme streamflow in the Dongjiang 

https://doi.org/10.18637/jss.v072.i08
https://doi.org/10.18637/jss.v072.i08
https://doi.org/10.1016/j.jhydrol.2009.01.040
https://doi.org/10.1016/s0022-1694(97)00125-x
https://doi.org/10.1016/s0022-1694(97)00125-x
https://doi.org/10.1038/s41597-020-0453-3
https://doi.org/10.1038/s41597-020-0453-3
https://doi.org/10.2307/2532001
https://doi.org/10.1016/j.jhydrol.2017.02.005
https://doi.org/10.1016/j.jhydrol.2017.02.005
https://doi.org/10.3390/geosciences8100377
https://doi.org/10.3390/geosciences8100377
https://doi.org/10.1007/s00704-016-1783-0
https://doi.org/10.1080/19475705.2019.1609604
https://doi.org/10.1007/s10584-006-9141-3
https://doi.org/10.3390/w11030453
https://doi.org/10.2307/1907187
https://doi.org/10.1016/s0016-7061(01)00096-9
https://doi.org/10.1016/s0016-7061(01)00096-9
https://doi.org/10.1155/2016/6206238
https://doi.org/10.1007/s40808-022-01363-0
https://doi.org/10.1002/(sici)1097-0088(199807)18:9%3C975::aid-joc259%3E3.0.co;2-u
https://doi.org/10.1002/(sici)1097-0088(199807)18:9%3C975::aid-joc259%3E3.0.co;2-u
https://doi.org/10.1002/(sici)1097-0088(199807)18:9%3C975::aid-joc259%3E3.0.co;2-u
https://doi.org/10.1155/2013/928501
https://doi.org/10.1002/joc.3763
https://doi.org/10.1002/joc.3763
https://doi.org/10.1093/biomet/63.1.161
https://doi.org/10.1007/s00704-018-2372-1
https://doi.org/10.1007/s00704-018-2372-1
https://CRAN.R-project.org/package=trend
https://CRAN.R-project.org/package=trend
https://doi.org/10.1016/j.fcr.2016.09.024
https://doi.org/10.1016/j.fcr.2016.09.024
https://doi.org/10.1088/1742-6596/423/1/012026
https://doi.org/10.1038/43854
https://doi.org/10.1007/bf00139304
https://doi.org/10.1007/bf00139304
https://doi.org/10.1080/01621459.1968.10480934
https://doi.org/10.1080/01621459.1968.10480934
https://doi.org/10.1515/9783110559040-012
https://doi.org/10.1515/9783110559040-012
https://doi.org/10.3390/atmos9030112
https://doi.org/10.3390/atmos9030112
https://doi.org/10.1175/2010jcli2883.1
https://doi.org/10.1175/JCLI-D-14-00147.1
https://doi.org/10.1016/j.scitotenv.2018.01.004
https://doi.org/10.1016/j.scitotenv.2018.01.004
https://doi.org/10.1175/JCLI-D-12-00027.1
https://doi.org/10.1007/s00704-012-0746-3


 J. Mohamed et al.

1 3

   54  Page 16 of 16

River Basin in southern China. Hydrol Earth Syst Sci 12:207–221. 
https:// doi. org/ 10. 5194/ hess- 12- 207- 2008

Warsame AA, Sheik-Ali IA, Ali AO, Sarkodie SA (2021) Climate 
change and crop production nexus in Somalia: an empirical evi-
dence from ARDL technique. Environ Sci Pollut Res. https:// doi. 
org/ 10. 1007/ s11356- 020- 11739-3

Warsame AA, Sheik-Ali IA, Hassan AA, Sarkodie SA (2022) Extreme 
climatic effects hamper livestock production in Somalia. Environ 
Sci Pollut Res. https:// doi. org/ 10. 1007/ s11356- 021- 18114-w

Webster PJ, Moore AM, Loschnigg JP, Leben RR (1999) Coupled 
ocean–atmosphere dynamics in the Indian Ocean during 1997–98. 
Nature 401:356–360. https:// doi. org/ 10. 1038/ 43848

Wen X, Wu X, Gao M (2017) Spatiotemporal variability of temperature 
and precipitation in Gansu Province (Northwest China) during 
1951–2015. Atmos Res 197:132–149. https:// doi. org/ 10. 1016/j. 
atmos res. 2017. 07. 001

Wheeler D (2011) Quantifying vulnerability to climate change: impli-
cations for adaptation assistance. Center for Global Development 
Working Paper 240. https:// doi. org/ 10. 2139/ ssrn. 18246 11

Williams AP, Funk C, Michaelsen J, Rauscher SA, Robertson I, Wils 
TH, Loader NJ (2012) Recent summer precipitation trends in the 
Greater Horn of Africa and the emerging role of Indian Ocean sea 
surface temperature. Clim Dyn 39:2307–2328. https:// doi. org/ 10. 
1007/ s00382- 011

Yaduvanshi A, Kulkarni A, Bendapudi R, Haldar K (2020) Observed 
changes in extreme rain indices in semiarid and humid regions 

of Godavari basin, India: risks and opportunities. Nat Hazards 
103:685–711. https:// doi. org/ 10. 1007/ s11069- 020- 04006-8

Zaroug MAH, Giorgi F, Coppola E et al (2014) Simulating the con-
nections of ENSO and the rainfall regime of East Africa and the 
upper Blue Nile region using a climate model of the Tropics. 
Hydrol Earth Syst Sci 18:4311–4323. https:// doi. org/ 10. 5194/ 
hess- 18- 4311- 2014

Publisher's Note Springer Nature remains neutral with regard to 
jurisdictional claims in published maps and institutional affiliations.

https://doi.org/10.5194/hess-12-207-2008
https://doi.org/10.1007/s11356-020-11739-3
https://doi.org/10.1007/s11356-020-11739-3
https://doi.org/10.1007/s11356-021-18114-w
https://doi.org/10.1038/43848
https://doi.org/10.1016/j.atmosres.2017.07.001
https://doi.org/10.1016/j.atmosres.2017.07.001
https://doi.org/10.2139/ssrn.1824611
https://doi.org/10.1007/s00382-011
https://doi.org/10.1007/s00382-011
https://doi.org/10.1007/s11069-020-04006-8
https://doi.org/10.5194/hess-18-4311-2014
https://doi.org/10.5194/hess-18-4311-2014

	Two phases of long-term shift in extreme precipitation in Somalia
	Abstract
	1 Introduction
	2 Materials and methods
	2.1 Study area
	2.2 Data sources
	2.3 Generalized extreme value distribution
	2.4 Assessment of goodness of fit
	2.5 Agreement tests
	2.6 Methods for detecting changes in precipitation trend
	2.7 Software used in the analysis

	3 Results and discussion
	3.1 Preliminary analysis
	3.2 Frequency of precipitation extremes
	3.3 Precipitation trend analysis
	3.4 Annual maxima analysis
	3.5 Discussion

	4 Conclusions and policy implications
	References




