
Weather and Climate Extremes 29 (2020) 100263

Available online 21 May 2020
2212-0947/© 2020 The Authors. Published by Elsevier B.V. This is an open access article under the CC BY-NC-ND license
(http://creativecommons.org/licenses/by-nc-nd/4.0/).

Climate trends and variability at adaptation scale: Patterns and perceptions 
in an agricultural region of the Ethiopian Highlands 

Dereje Ademe a,*, Benjamin F. Ziatchik b, Kindie Tesfaye c, Belay Simane d, 
Getachew Alemayehu e, Enyew Adgo e 

a Debre Markos University, College of Agriculture and Natural Resources, Debre Markos, Ethiopia 
b Department of Earth and Planetary Sciences, Johns Hopkins University, Baltimore, MD, 21218, USA 
c International Maize and Wheat Improvement Center (CMMYT), Addis Ababa, Ethiopia 
d Addis Ababa University, College of Development Studies (Center for Environment and Development Studies), Addis Ababa, Ethiopia 
e Bahir Dar University, College of Agriculture and Environmental Science, Bahir Dar, Ethiopia   

A R T I C L E  I N F O   

Keywords: 
Adaptation 
Climate change 
Climate variability 
Mann-Kendal test 
Sens’ slope 
Trend analysis 

A B S T R A C T   

Analysis of climate variability and trends frequently takes place at large scale. For agricultural applications, 
however, highly localized climate conditions can be critically important. This certainly applies to tropical 
highland regions, where dissected topography and convectively dominated precipitation processes can lead to 
strong variability in both mean climate conditions and year-to-year climate variability. This study examines 
recent climate variability and trends (1981–2016) on Choke Mountain, located in the western Ethiopian High-
lands. Through analysis of precipitation and temperature records at monitored locations, we explore observed 
variability in climate patterns and trends across sites and seasons. The lens for our spatial analysis is the agro-
ecosystem (AES), defined on the basis of prevailing climate and cropping systems, which currently serve as the 
foundation for climate adaptation planning in the region. We find that interannual temperature variability is 
greatest in the hottest, driest AES, and is most pronounced in the dry season. All AES warmed significantly in all 
seasons over the analysis period, but the magnitude of trend was greatest in high elevation AES. Precipitation 
variability was also large across AES, with largest interannual variability found in the dry season. This season is 
frequently excluded in climate analyses, but it is a critical harvest time and irrigation period. Trends in rainfall 
anomaly and precipitation concentration index are less clear, but there is a tendency towards drying and 
increasing irregularity of rainfall. Interestingly, we find little association between the El Ni~no Southern Oscil-
lation (ENSO) and temperature or precipitation variability at our study sites. This suggests that even though 
ENSO is a widely recognized driver of large-scale rainfall variability in the region, its impacts are highly spatially 
variable. This has implications for applying ENSO-based precipitation outlooks to agricultural management 
decisions. Farmer interviews reveal that local perceptions of climate variability and trends are generally 
consistent with the objective observations.   

1. Introduction 

Climate variability has long posed a challenge to Ethiopia, affecting 
agricultural productivity, economic growth, and food security (Conway 
and Schipper, 2011; Tigchelaar et al., 2018). Subsistence farmers are 
particularly vulnerable to climate variability on account of their low 
adaptive capacity (Asfaw et al., 2018; Mekasha et al., 2014) and 
dependence on consistent year-to-year agricultural production 
(Schlenker and Lobell, 2010). Climate change is expected to exacerbate 

variability in rainfall and temperature in Ethiopia, potentially increasing 
farmer exposure to climate-related hazards (Ayanlade et al., 2018; Samy 
et al., 2019) and associated food insecurity (Simane et al., 2016). 

These projections, however, are generally made at a broad spatial 
scale, and refer to general patterns across a region. This study focuses on 
a highland region in Ethiopia. In these highlands, strong topographic 
contrasts lead to high spatial variability in climatic conditions. This in-
cludes differences in mean climate conditions, ranging from dry valleys 
to cool and wet alpine zones over distances of just tens of kilometers, and 
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also low correlation in temporal variability in climate, particularly 
rainfall (Simane et al., 2012; Zaitchik et al., 2012). Given these con-
trasts, it is not clear how general statements about trends under climate 
change play out at the community or farm scale. Farmers in this region 
are dependent on rainfed subsistence agriculture (Simane et al., 2012) 
and rainfall variability can lead to significant loss of yield and food 
insecurity (Ashbindu, 2008; Brown et al., 2017; Eggen et al., 2019; 
Simane et al., 2016). 

Robust information is thus needed to better understand variability 
and trends in meteorological variables at fine spatial scale. The need for 
such local analysis has been recognized in Ethiopia (Hadgu et al., 2015) 
and in many other regions (e.g., Gocic and Trajkovic, 2013). These an-
alyses have been applied to inform adaptation options for the agricul-
tural sector (Alemayehu and Bewket, 2017a, 2016) and as a basis for 
understanding climate change impacts more generally (Asfaw et al., 
2018; Degefu and Bewket, 2014; Jain and Kumar, 2012; Mengistu et al., 
2014; Wagesho et al., 2013). Our study focuses on the watersheds of 
Choke Mountain, located in the western Ethiopian Highlands at the 
headwaters of the Blue Nile River. While a number of studies have 
examined climate variability and trends at national scale in Ethiopia, or 
for selected regions (Alemayehu and Bewket, 2017b, 2017b; Asfaw 
et al., 2018; Mengistu et al., 2014; Samy et al., 2019; Cheung et al., 
2008), no study has examined trends in our study area in local detail. 
Relying on coarse analyses to inform climate adaptation in a topo-
graphically dissected and climatically diverse region such as this can 
lead to misconceptions about local climate exposures (Alemayehu and 
Bewket, 2017a; Mekasha et al., 2014), and potentially lead to intro-
duction and implementation of ineffective technologies. Therefore, 
local-level analysis is required to draw context-specific climate change 
adaptation interventions (Alemayehu and Bewket, 2017b; De Beurs 
et al., 2009). In addressing local climate conditions on Choke Mountain, 
we recognize the need for appropriate spatial and seasonal framing for 
the analysis. Spatially, we want to capture local diversity, which is so 
significant in the area, but we also need to provide analysis at a scale 
that can credibly and usefully be applied to adaptation decision making. 
This requires some spatial generalization. Building on previous work 
(Simane et al., 2013), we choose the agroecosystem as the most 
appropriate spatial frame for analysis. The agroecosystem is defined on 
the basis of shared climate conditions, soil type, and cropping practices. 
As such, it is a more meaningful unit than an administrative boundary or 
river basin when considering adaptation in rainfed subsistence agricul-
ture. Seasonally, the region receives two rainy seasons, the small belg 
rains in spring and the main kiremt rains in summer, both of which have 
significant implications for agriculture. Delay in the onset of small rain 
and main rain season will cause livestock feed shortage (Nardone et al., 
2010) and early planted crops will be negatively affected (Asfaw et al., 
2018; Eggen et al., 2019; Suryabhagavan, 2017; Viste et al., 2013). 
During the main rainy season, weak early season rains reduce coverage 
and productivity of Maize and Sorghum (Eggen et al., 2019). Timing of 
rain onset and cessation also have strong impacts on farm productivity 
(Alemayehu and Bewket, 2016), with early cessation of rain and asso-
ciated high temperature leading to reduced grain filling and yield (Shah 
and Paulsen, 2003). The dry season is also important, as extended rain in 
the dry season can interfere with harvest operations and result in the loss 
of produce (Asfaw et al., 2018; Polsky and von Keyserlingk, 2017). To 
capture these three important seasons, we group months as follows: 
small rain season (Feb–May), main rain season (Jun–Sep), and dry 
season (Oct–Jan). 

Our study takes place on the background of contradictory results in 
previous studies of Ethiopian climate trends. Tabari et al. (2015) re-
ported no trend change in annual precipitation in Northeastern Ethiopia 
and Conway (2000) reported the absence of trend change in annual and 
seasonal rainfall in the area. On the other hand, Cheung et al. (2008) 
reported a significant decreasing trend for main season rainfall in 
Southwestern and central parts of Ethiopia, and more recently, Gedefaw 
et al. (2018) reported both a significant decreasing and increasing trend 

in Northwestern Ethiopia. Other studies have noted the importance of 
considering farmer perception when evaluating the agricultural signif-
icance of climate trends (Alemayehu and Bewket, 2017a; Asfaw et al., 
2018). Incorporating farmers’ experience in trend analysis discourse can 
offer important insights that are not captured in standard analysis of 
recorded data alone (Asfaw et al., 2018). 

The present study is therefore intended to answer the following 
complementary research questions:  

� Is there any temporal and spatial difference in measured variability 
and trends of temperature and rainfall across agroecosystems of 
Choke Mountain?  
� Is there consistency between perceived and measured variability and 

trend in the area? 

2. Materials and methods 

2.1. Description of the study site 

This study focuses on the watersheds of Choke Mountain, located in 
the Blue Nile Highlands of northwest Ethiopia. The watersheds span an 
elevation range from 800 to 4200 masl and are located within the area 
from 9�450 to 11�300 North and 37�50 to 38�20’ East (Fig. 1). 

The study area covers 19,915 km2 and it is home of 3.1 million 
people, of which 90.3% live in rural areas (CSA, 2007). The population 
density is 161 people per km2. Choke Mountain is characterized by 
significant interannual climate variability, complex topography and 
associated local climate contrasts, erosive rains and erodible soils, and 
intense land pressure due to an increasing population and an economy 
that is almost entirely dependent on smallholder, low-input agriculture 
(Simane et al., 2012; Zaitchik et al., 2012). Agriculture is predominantly 
crop-livestock mixed systems, operated by independent farmers on small 
plots (Simane et al., 2013). Currently, Eucalyptus plantation is 
expanding as an alternative revenue source and competes for land that 
has traditionally been used for annual crops (Alemneh et al., 2019). The 
dominant soil types in the areas are reddish Nitisols, Vertisols, Andosols, 
and Acrisols (Zaitchik et al., 2012). Dry valleys, gently rolling, deep soil 
midland plains, and cool, wet alpine zones are found within a short 
distance of reach other, and complex topography makes for strong local 
contrasts in precipitation and temperature (Simane et al., 2012; Zaitchik 
et al., 2012). The topographic climate gradient allows for production 
crops of both tropical and temperate origins. 

2.2. Methods and approaches 

2.2.1. Data type and source 
Records of daily precipitation and minimum and maximum tem-

perature were extracted from the Enhancing National Climate Services 
(ENACTS) dataset. ENACTS is a 4 � 4 km gridded dataset reconstructed 
from weather stations and meteorological satellite records from 1981 to 
2016 (Dinku et al., 2016, 2014). ENACTS has been evaluated extensively 
and has demonstrated strong performance when evaluated at station 
locations across the country (Alemayehu and Bewket, 2017a; Dinku 
et al., 2016, 2014). For this study, the Ethiopian National Meteorological 
Agency provided ENACTS data for 36 locations in the Choke Mountain 
watersheds. We compared ENACTS estimates to station data at selected 
sites and found good agreement (Supplementary Table 6). ENACTS data 
were selected for the analysis because (1) stations over the study area 
are sparse (Alemayehu and Bewket, 2017a) and didn’t cover all the 
study sites (2) station datasets have many missing values (Asfaw et al., 
2018), and (3) most stations are recently established and did not have 
sufficient data records to support trend analysis (Alemayehu and Bew-
ket, 2017a; Asfaw et al., 2018; Dinku et al., 2014). 

In addition to our quantitative analysis of meteorological records, we 
recorded perceptions of farmers across the study area through in-depth 
interviews and focus group discussion using an unstructured 
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questionnaire. These data were collected in December 2016 and January 
2017. 

2.2.2. Data preparation and quality control 
Daily data were averaged to monthly, seasonal and annual data as 

required for each analysis. Homogeneity and change points were 
checked using the penalized maximal F test (Wang, 2008a, 2008b). 
RHtestsV3 and RHtests_dlyPrcp software packages were used for tem-
perature and rainfall, respectively, to detect and adjust for artificial 
shifts in climate data series. These tests revealed no significant change 
points and inhomogeneities that would require mean adjustments, so 
the original data series was used for further analysis. Details of these 
tools are documented in the literature (Wang et al., 2010; Wang and 
Feng, 2013). Serial autocorrelation was calculated with an autocorre-
lation function (acf package) (Kafadar et al., 2006) using R statistical 
software. Detrending was performed for some analysis and was applied 
as a simple removal of the linear trend calculated over the full period of 
record. 

2.2.3. Data analysis 

2.2.3.1. Variability analysis. Interannual variability of annual and sea-
sonal rainfall was calculated as: 

CV ð%Þ¼
σ
μ� 100 (1)  

Where, CV ¼ coefficient of variation σ ¼ standard deviation and μ ¼
mean. Hare (2003) classified the degree of variability of rainfall events 
as low (CV < 20), moderate (20 < CV < 30), and high (CV > 30). 

Heterogeneity of intra-annual rainfall within each year (Oliver, 
1980) was calculated using the Precipitation Concentration Index (PCI) 
(De Luis et al., 2011): 

PCIannual¼
P12

i¼1P2
i

�P12
i¼1Pi

�2 � 100 (2)  

Where Pi ¼ rainfall amount of the ith month. 
The precipitation concentration index was also calculated on a sea-

sonal scale for dry season (Oct–Jan), small rain season (Feb–May), and 
main rain season (June–Sep) using the following formula (De Luis et al., 
2011): 

PCIseasonal¼
P4

i¼1P2
i

�P4
i¼1Pi

�2 � 33 (3) 

PCI values were categorized as uniform (�10), moderate (11–15), 
irregular (16–20), and strongly irregular (>20) in monthly rainfall dis-
tributions (De Luis et al., 2011; Oliver, 1980). 

Interannual variability of rainfall was evaluated using rainfall 
anomaly index (RAI) used by (Salehnia et al., 2017; Tilahun, 2006), and 
is calculated as follows for positive anomalies: 

RAI¼ þ 3
�
RF � MRF

MH10 � MRF

�

(4) 

And for negative anomalies: 

RAI¼ � 3
�
RF � MRF

ML10 � MRF

�

(5)  

where RAI ¼ rainfall anomaly index, RF ¼ the actual rainfall for a given 
year, MRF ¼ mean annual rainfall over the full record of analysis, MH10 
¼ the mean of the 10 highest values of annual rainfall on record, and 
ML10 ¼ the mean of the 10 lowest values of annual rainfall on record. 
Years with positive and negative anomaly indicate years of high and low 
rainfall, respectively, compared to the mean climatology. 

Fig. 1. Map of the study area: (a) map of Ethiopia, (b) map of the Amhara National Regional state in which the study area is found (c) map that shows study area with 
the topographic information and location of sites. 
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Annual temperature anomaly was computed as the difference be-
tween a year’s average temperature and the long-term mean. 

2.2.3.2. Trend analysis. Trend analysis was conducted using the Mann- 
Kendall trend test and Sens’s slope estimator (Mann, 1945; Sen, 1968), 
as implemented in R-package modifiedmk. All-time series were tested for 
serial autocorrelation. Where autocorrelation was not significant, a 
standard set of tests were applied (command mkktest). When serial 
autocorrelation was found to be significant, a trend test was performed 
following a method proposed by Hamed (Hamed, 2009; van Giersber-
gen, 2005) that applies a bias corrected prewhitening (bcpw) tool found 
in the same R package. 

The Mann-Kendall test (Mann, 1945; Sen, 1968) was applied using 
the formula: 

S¼
Xn� 1

k¼1

Xn

j¼kþ1
sgn
�
xj � xk

�
(6)  

where n ¼ number of data points, xk and xj ¼ data values in time series k 
and j (j > k), and sgn(xj-xk) is defined as: 

sgn
�
xj � xk

�
¼

8
<

:

1 if xj � xk > 0
0 if xj � xk ¼ 0
� 1 if xj � xk < 0

9
=

;
(7) 

The variance of S is computed as: 

VARðSÞ ¼

h
nðn � 1Þð2nþ 5Þ �

Pq
p¼1tp

�
tp � 1

��
2tp þ 5

�i

18
(8)  

where q ¼ number of tied groups and tp ¼ the number of data points in 
the pth group. 

The values of S and VAR(S) are used to compute the test statistic Zs as 
follows: 

Zs¼

8
>>>>>><

>>>>>>:

S � 1
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
VARðSÞ

p if S > 0

0 if S ¼ 0
Sþ 1
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
VARðSÞ

p if S < 0

9
>>>>>>=

>>>>>>;

(9) 

Positive/negative Zs indicates an upward/downward trend for the 
period. 

Sen’s slope estimator (Sen, 1968) was used to estimate the slope of 
the trend. Sen’s method can be used in cases where the trend can be 
assumed to be linear and is equal to: 

f ðtÞ¼Qt þ B (10)  

where f(t) is a continuous monotonic increasing or decreasing function 
of time, Qt is the slope and B is a constant. The slopes of all data value 
pairs were calculated to get the slope estimate Q in equation (8) as: 

Qi ¼
xj � xk
j � k

for i ¼ 1; …; N; (11)  

Where Xj and Xk are the data values at times j and k (j > k). Hence we 
only have one datum in each period, and N is computed as: 

N¼
nðn � 1Þ

2
(12)  

where n is the number of time periods. The N values of Qi were ranked 
from smallest to largest and the median of slope or Sen’s estimator was 
computed as (Gocic and Trajkovic, 2013): 

Qmed ¼

8
>>>>><

>>>>>:

Q�
Nþ1

2

� if N is odd

Q�
N
2

� þ Q�
Nþ2

2

�

2
if N is even

(13) 

Positive/negative values of Qi indicate an increasing/decreasing 
trend, respectively. Confidence intervals (Cα) about the time slopes were 
used to test significance of the trend and were computed as follows 
(Gilbert, 1987): 

Cα ¼ z1� α=2
ffiffiffiffiffiffiffiffiffiffiffiffiffiffi
VarðSÞ

p
(14)  

where Var(S) is defined in Eq. (8) and z1� α=2 is obtained from the 
standard normal distribution table. 

El Ni~no is widely understood to be the largest driver of drought 
events in the western highlands of Ethiopia (Gleixner et al., 2017). For 
this study, we define El Ni~no and La Ni~na years using the NOAA Ni~no3.4 
index (https://psl.noaa.gov/gcos_wgsp/Timeseries/Nino34/). El Nino 
(La Ni~na) events are defined as years in which there are 5 consecutive 
overlapping three-month periods in which the three-month running 
average of Nino 3.4 index is greater than 0.5 �C (less than � 0.5 �C). 
“Weak” events are for cases where the anomaly is between 0.5 and 0.9 
�C, “moderate” events are for anomalies between 1.0 and 1.4 �C, 
“strong” are between 1.5 and 1.9 �C, and “very strong” are >1.9 �C 
(https://ggweather.com/enso/oni.htm). 

The 36 study sites were grouped into five agroecosystems (AESs) that 
have been previously defined for the study region, as described in 
(Simane et al., 2013, 2012) and summarized in Table 1and Fig. 2. These 
AESs represent the intersection of a common set of climate conditions, 
soil properties, and farming systems, and thus offer a unit that is relevant 
for analyzing and communicating impacts of climate on agriculture. For 
agroecosystem level analyses, climate metrics calculated at each site 
were averaged across sites within an agroecosystem. No site weighting 
was applied. For simplicity of presentation, we focus on agroecosystem 
averaged results for the remainder of the paper. Some site-specific re-
sults are shown to demonstrate intra-agroecosystem variability, and full 
results at site scale for all sites are included as Supplementary Material. 

3. Results and discussion 

The mean annual, main rain, small rain and dry season precipitation 

Table 1 
Characteristics of Agroecosystems of the Choke Mountain Watersheds (adapted 
from Simane et al., 2013).  

Agroecosystem Farming 
system 

Traditional 
Climatic 
Zone 

Dominant 
soils 

Major crops 

AES1: Lowlands 
and Abay 
valley 

Fragmented 
sorghum- 
based 
extensive 

Upper Kola Leptosols Sorghum, 
Teff, Maize, 
Haricot bean 

Cambisols 

AES2: Midland 
plains with 
black soil 

Intensive teff- 
based 

Lower 
Weyna Dega 

Vertisols Teff, Durum 
wheat, 
Barely, 
Chickpea, 
Grass pea 

AES3: Midland 
plains with 
brown soil 

Intensive 
Maize-Wheat 
based 

Lower 
Weyna Dega 

Nitosols Wheat, 
Maize, Teff Alisols 

AES4: Midland 
sloping lands 

Semi- 
intensive 
Wheat/Barely 
based 

Upper 
Weyna Dega 
- Lower Dega 

Leptosols Wheat, Teff, 
Barely, 
Engido 
(Avena spp.) 

Nitosols 
Alisols 

AES5: Hilly and 
mountainous 
highlands 

Potato/Barely 
based 

Upper Dega Leptosols Potato, 
Barely, Faba 
bean, Engido 

Luvisols  
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Fig. 2. Distribution of stations in the Choke Mountain Watersheds: AES ¼ Agroecosystem. Refer to Table 1 for details about AES.  

Fig. 3. Mean precipitation and temperature in the Choke Mountain Watersheds (1981–2016). In panels from a-d the x-axis shows the mean temperature (oC) and the 
y-axis shows the mean rainfall (mm) for different seasons. In panels from e-h the x-axis shows the mean maximum temperature (oC) and the y-axis shows the mean 
minimum temperature (oC) for different seasons. 
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ranges from 800 to 2000 (Fig. 3a), 600–1600 (Figs. 3b), 100–250 
(Figs. 3d) and 50–200 mm (Fig. 3c), respectively, and higher elevation 
AES received more rain than lower and dry AES. 

Mean temperature for the area ranges from 14 to 22 �C and higher 
mean temperature is observed in lower dry AES and in the small rain 
season (Fig. 3a–d). Mean maximum daily temperature ranged from 21 to 
29.75 �C and generally higher magnitude was recorded in small rain 
season and lower elevation AES. Mean minimum daily temperature 
ranged from 7.5 to 13.5 �C and followed a similar AES and seasonal 
pattern (Fig. 3e–h). 

3.1. Temperature 

3.1.1. Temperature variability 
We begin by examining detrended temperature records for all 

agroecosystems and seasons. The seasonally averaged maximum tem-
perature (hereafter referred to as “maximum temperature”) shows some 
coherent variability across agroecosystems, but with considerable dif-
ferences by agroecosystem and season (Fig. 4 and Supplementary 
Table 7). In general, the early to mid-1980s were cold while the early to 
mid-1990s were warm. The 2000s are mixed, as in some agroecosystems 
and seasons the detrended maximum temperatures were below average 
for much of this period in AES1, while the record is more mixed in other 
agroecosystems and seasons. In higher elevation agroecosystems (AES4 
and AES5) interannual variability in maximum temperature has a high 
frequency character, with temperature anomalies flipping signs at 1-3- 
year timescales. In the drier, warmer low elevation AES, there is more 
evidence of coherent variability on longer timescales. The small rainy 
season in particular shows approximately decadal scale variability in 
maximum temperature, suggesting that there could be some external 
multi-year driver of temperature variability that is most evident in drier 
agroecosystems. This could be a product of covariance in temperature 
and precipitation variability, as periods of low precipitation in the small 
rain season might lead to more pronounced sunny and dry conditions in 
lower elevation AES than in higher AES (Fig. 4 and Supplementary 
Table 7), resulting in coherent temperature variability that is not seen 

higher on the mountain. 
Variability in detrended seasonally-averaged minimum temperature 

(hereafter: “minimum temperature”) anomaly also showed high 
spatiotemporal variability (Fig. 5 and Supplementary Table 9). As with 
maximum temperature, high frequency variability is observed in high 
elevation AES while larger and more temporally coherent variability is 
seen in lower elevation AES. But there is strikingly low correlation be-
tween anomalies in maximum and minimum temperature (Supplemen-
tary Table 4). This suggests that daily maximum and daily minimum 
temperature anomalies are responding to different climate processes. 

3.1.2. Temperature trends 
Analysis of detrended temperature data is useful for characterizing 

interannual variability. But this variability occurred on the background 
of region-wide warming over the analysis period. Supplementary figures 
1 and 2 present versions of the data shown in Figs. 4 and 5 prior to trend 
removal. As shown in those figures, there is a marked positive temper-
ature trend for all AES in all seasons, and the linear trend is statistically 
significant in all cases for both maximum and minimum temperature, 
except in AES1 in the main season. 

Agroecosystem level trend analysis for maximum and minimum 
temperature showed a significant warming trend with spatial and sea-
sonal differences in magnitude except minimum temperature for AES1 in 
the main rain season (Table 2). Generally, high altitude AES (5 and 4) 
and the lowest AES (1) showed a higher warming trend in maximum 
temperature, except in the dry season, which showed a higher warming 
trend in lower and hot AES (AES1 and AES2). A consistently higher 
warming trend in minimum temperature was observed in AES3 and 
AES4, followed by AES1. Generally, we did not observe a direct linear 
relationship between the rate of warming and altitude. These differences 
point to the multiple processes that influence localized warming rates 
under a general greenhouse gas radiative forcing; elevation-dependent 
warming, land-atmosphere temperature feedbacks under aridification, 
and nighttime humidity effects can all play a role. 

Considering trends on a site-by-site basis, a scale that is more 
representative of farmer experience, we find that 81–89 percent of the 

Fig. 4. Spatial (horizontal) and temporal (vertical) maximum temperature anomalies in the Choke Mountain Watersheds (1981–2016).  
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sites showed a significant warming trend with spatiotemporal differ-
ences (Supplementary Table 2). No site and season showed a significant 
decreasing trend in maximum and minimum temperature (Table 3). The 
significant warming trends in maximum temperature ranges from 0.22 
to 0.76, 0.29–0.89, 0.22–0.55, and 0.24–0.55 

�

C/decade for annual 
(Fig. 6a), small rain (Fig. 6d), main rain (Fig. 6b) and dry seasons 
(Fig. 6c) respectively. There is a tendency for more consistent temper-
ature increases across sites at higher elevation AES (Table 3). 

The trend test for minimum temperature for each site revealed that 
64–78 percent of the sites showed a significant warming trend, with 
spatial and seasonal differences (0.13–0.74 �C/decade), and no site and 
season showed a significant decreasing trend in minimum temperature 
in the study period (Supplementary Table 3). The significant warming 
trends in minimum temperature ranges from 0.18–0.38, 0.21–0.74, 
0.10–0.35, and 0.15–0.57 �C/decade for annual (Fig. 7a), small rain 
season (Fig. 7d), main rain season (Fig. 7b) and dry season (Fig. 7c) 

respectively, with no systematic differences between agroecosystems. 
The present study revealed that maximum temperature showed 

higher warming trend than the minimum temperature in all agro-
ecosystems and season, and the observed warming in mean daily tem-
perature is thus dominated by the increase in maximum temperature. 
This phenomenon has negative implications for crop production on ac-
count of exposure to high temperature stress, increasing the evaporative 
demand of the atmosphere, and reducing water productivity. It will also 
reduce the number of chill hours that some temperate crops grown in 
AES5 require to initiate flower buds. On the other hand, the number of 
frost-free days will be reduced in high elevation AESs, thereby 
increasing growing season length. 

Farmers participating in focus group discussion and in-depth inter-
view also explained that temperature becomes hotter every year, which 
is consistent with the statistical result. Other studies conducted in the 
area also showed that most residents perceived that temperature has 

Fig. 5. Spatial (horizontal) and temporal (vertical) minimum temperature anomalies in the Choke Mountain Watersheds (1981–2016).  

Table 2 
Temperature trends at AES scale in the Choke Mountain Watersheds (1981–2016).  

Maximum temperature 

AES Annual Main rain season Small rain season Dry season 

Mean Z Sens slope Mean Z Sens slope Mean Z Sens slope Mean Z Sens slope 

AES1 25.89 4.56*** 0.053 23.31 4.10*** 0.050 28.04 3.42*** 0.068 26.1 3.5*** 0.054 
AES2 23.55 4.15*** 0.044 21.77 2.82** 0.032 25.23 3.45*** 0.056 23.2 3.5*** 0.048 
AES3 24.17 3.83*** 0.043 21.68 2.74** 0.024 26.27 3.23** 0.060 24.4 3.5*** 0.045 
AES4 22.72 5.24*** 0.055 20.44 4.73*** 0.051 24.90 5.03*** 0.076 22.9 4.0*** 0.046 
AES5 21.66 5.03*** 0.054 19.63 4.10*** 0.046 23.53 5.05*** 0.075 21.7 4.0*** 0.045 

Minimum temperature 

AES Annual Main rain season Small rain season Dry season 
Mean Z Sens slope Mean Z Sens slope Mean Z Sens slope Mean Z Sens slope 

AES1 11.42 3.01** 0.035 12.28 0.26ns 0.002 11.84 3.28** 0.039 10.42 3.47*** 0.037 
AES2 9.46 4.26*** 0.034 10.20 3.42** 0.025 10.03 3.64*** 0.037 8.17 3.94*** 0.038 
AES3 10.43 6.01*** 0.041 11.19 3.12** 0.023 11.08 4.89*** 0.048 9.19 5.24*** 0.051 
AES4 9.26 4.97*** 0.040 10.22 3.66*** 0.029 9.69 4.30*** 0.051 7.77 4.86*** 0.047 
AES5 9.25 4.37*** 0.024 9.81 2.7** 0.018 9.65 4.05*** 0.034 8.10 4.45*** 0.029 

AES ¼ Agroecosystem, Z ¼ Mann Kendal test, ***and ** significant at 0.001 and 0.01 p level and ns ¼ non-significant at p < 0.05. 
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increased over the last decades (Weldlul, 2016; Zaitchik et al., 2012). 
Another survey done in the area reported that farmers perceived the rise 
of temperature and a decline of rainfall (Alemayehu and Bewket, 
2017b). All participants in the present study in all agroecosystems also 
reported that total rainfall is decreasing and the temperature is 
increasing at an alarming rate. 

Many previous studies in this region (Alemayehu and Bewket, 2017a; 
Asfaw et al., 2018; Mengistu et al., 2014) and in Ethiopia in general 
(Addisu et al., 2015; Gebrehiwot, 2014) also confirmed the presence of 
significant warming trends, with spatial variability. Some studies have 
shown a mix of warming and cooling trends, including a study of the 
Blue Nile basin, which includes our study area (Mengistu et al., 2014). 

3.2. Rainfall 

3.2.1. Variability of rainfall 
Annual precipitation totals are dominated by the main rain season. 

For this reason, annual rainfall and main rain season rainfall show 

similar coefficient of variation (CV) across all AES (Fig. 8a, c). As rainfall 
is relatively plentiful in the main rain season in this region, the CV is 
generally modest across all AES: the median site CV falls near or below 
20% in all cases. CV is smallest in the high elevation AES (AES4 and 
AES5), where mean rainfall is greatest. The small rain season and dry 
season have substantially less rainfall than the main rain season and 
show high interannual variability at all sites in all AES (Fig. 8 b, d). The 
high elevation AES still tend to show slightly smaller CV than the lower 
elevation AES, but even AES5 has a median CV greater than 45% in the 
small rain season and greater than 60% in the dry season. 

Discussion and interview participants in the area also stated that 
rainfall is concentrated in some months, which causes critical water 
shortage for drinking and irrigation during the dry season. Heavy rain-
fall during main rain season interferes with agricultural practices and 
can cause severe erosion, landslides and waterlogging. Farmers added 
that irregularities in main rain season rainfall challenged teff planting, 
as planting that crop requires regular and sufficient moisture for land 
preparation and planting. 

Table 3 
Summary of temperature trends in the Choke Mountain Watersheds (1981–2016).  

AES Annual Main rain season Small rain season Dry season 

Maximum temperature 

%↑ %↓ %ns %↑ %↓ %ns %↑ %↓ %ns %↑ %↓ %ns 

1 80 0 20 80 0 20 40 0 60 80 0 20 
2 78 0 22 78 0 22 78 0 22 89 0 11 
3 71 0 29 86 0 14 71 0 29 86 0 14 
4 100 0 0 100 0 0 100 0 0 100 0 0 
5 100 0 0 100 0 0 100 0 0 91 0 9  

Minimum temperature 

1 60 0 40 20 0 80 60 0 40 60 0 40 
2 67 0 33 67 0 33 67 0 33 56 0 44 
3 71 0 29 71 0 29 71 0 29 86 0 14 
4 75 0 25 75 0 25 100 0 0 100 0 0 
5 91 0 9 73 0 27 91 0 9 91 0 9 

AES ¼Agroecosystem; %↑ ¼ Percent of sites with the significant increasing trend; %↓ ¼ Percent of sites with the significant decreasing trend; and %ns ¼ Percent of sites 
with no trend change. 

Fig. 6. Mean maximum temperature trends in the Choke Mountain Watersheds (1982–2016): In each panel, the x-axis represents the slope of trend and the y-axis 
represents the mean maximum temperature (oC). Panel (a) is for annual values and (b–d) are for each season. 
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3.2.2. Association with El Ni~no Southern Oscillation (ENSO) 
El Ni~no is widely understood to be the largest driver of drought 

events in the western highlands of Ethiopia (Gleixner et al., 2017). As 
such, we consider the rainfall anomaly index (RAI) over the period of 
record and examine its associations with ENSO (Fig. 9) and three general 
patterns are evident in these results. 

First, the Choke Mountain Watersheds tend to experience negative 
rainfall anomalies when the nation reports a large drought, but this is 

not always the case: in only four of the eight declared national droughts 
do we observe consistently negative RAI across all AES. This reflects the 
diversity of climate variability across the country and the complexity of 
drought diagnosis; even though Choke Mountain lies in the region of the 
dominant summertime rainfall regime, its droughts do not always 
coincide with nationally declared drought emergencies. Second, the AES 
have similar but not identical interannual variability. There are a 
number of years in the record in which AES differ in the sign of their RAI, 

Fig. 7. Mean minimum temperature trends in the Choke Mountain Watersheds (1982–2016): In each panel, the x-axis represents the slope of trend and the y-axis 
represents the mean minimum temperature (oC). Panel (a) is for annual values and (b–d) are for each season. 

Fig. 8. Coefficient of variation (CV, %) in the Choke Mountain Watersheds (1981–2016): In each panel, the x-axis shows agroecosystems and the y-axis shows CV 
(%). Panel (a) is for annual values and (b–d) are for different seasons. 
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and others in which the magnitude of the anomaly varies across AES. 
Third, the general understanding that El Ni~no events are associated with 
drought in Ethiopia holds for the Choke Mountain Watersheds in most 
but not all cases. All AES experienced positive RAI during the very strong 
El Ni~no years of 1982 and 1997, countering the expected signal, while in 
the strong La Ni~na year of 1988, only AES1 and AES2 (Fig. 9a and b) 
showed a positive anomaly and AES3-AES5 (Fig. 9c–e) showed a nega-
tive anomaly. In 2014, AES5 showed a positive anomaly in a weak El 
Ni~no year while the other AES had negative anomalies (Fig. 9a). These 
inconsistencies have significant implications for agriculture early 
warning systems, planning decisions, and, in some contexts, climate 
change adaptation plans. The understanding that El Ni~no drives drought 
in northern and western Ethiopia is widely accepted, but at the scale of 
the agroecosystem or the scale of the farm, El Ni~no may be less reliable 

as a drought predictor, and climate information systems for farmers 
should be designed bearing this in mind. 

Beyond ENSO, the RAI also demonstrates that there is general het-
erogeneity in rainfall anomalies across AES, with a range of positive and 
negative anomalies often found in the same year. In the ENSO-neutral 
year of 1992, AES2 experienced positive anomalies while the other 
AES experienced negative anomalies. Site-level variability was particu-
larly notable in 1992, when some AES sites experienced severe drought 
(RAI as low as � 9.29 in AES1) while extremely wet conditions were 
found in other sites (RAI as high as 11.86 in AES2). 

The precipitation concentration index (PCI) calculated on an annual 
basis for monthly data shows moderate to strong irregular rainfall dis-
tribution over most of the study area (Fig. 10a). The lowest and the 
highest PCI values were recorded in AES1 and AES2, respectively. 

Fig. 9. Rainfall anomaly index in the Choke Mountain Watersheds (1981–2016):the left side of the figure shows the RAI for each site and the right side of the figure 
shows the AES-averaged RAI value, with ENSO phase indicated by text and recorded drought years in Ethiopia indicated by purple color. VSE ¼ very strong El Ni~no, 
SE ¼ strong El Ni~no, ME ¼ moderate El Ni~no, WE ¼ weak El Ni~no, VSL ¼ very strong La Ni~na, SL ¼ strong La Ni~na, ML ¼ moderate La Ni~na, WL ¼ weak La Ni~na, 
Purple color ¼ drought years in Ethiopia. Each row is for a different AES. 
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Generally, no site was found with uniform monthly rainfall distribution 
in annual bases and only 3% of the sites in AES1, AES2 and AES5 showed 
a moderate monthly rainfall distribution. More than half of the sites in 
each AES showed irregular rainfall distribution, out of which 44%, 31%, 
44%, 31% and 44% of the sites in AES1 – AES5, respectively, showed 
strong irregularity. The result is as expected, given the strong seasonality 
of precipitation in the region. PCI analysis for seasonal rainfall showed 
that small rain season experienced moderate to strong irregular rainfall 
distribution dominates the study area (Fig. 10c). Accordingly, 3% of the 
years in AES1, AES4, and AES5 and 6% of the years in AES2 and AES3 
showed uniform rainfall distribution. 36%, 47%, 28%, 44% and 47% of 
the years in AES1 – AES5, respectively showed moderate distribution. 
Moreover, 33%, 33%, 44%, 28% and 31% of the years in AES1 – AES5, 
respectively showed irregular rainfall distribution. To the extreme cases, 
22%, 14%, 22%, 25% and 19% of the sites showed strong irregularity in 
monthly rainfall distribution. PCI analysis for dry season showed a 
stronger monthly rainfall variability is observed than other seasons or 
annual scale (Fig. 10b). Almost all AES showed a uniform monthly 
rainfall distribution for the main rain season in all years included in the 
study period. 

3.2.3. Rainfall trends 
Trend analysis at AES level revealed that annual and main season 

rainfall showed a significant decreasing trend in AES1: annual and main 
rain season rainfall in AES1 decreased by 44.4 mm and 29.4 mm/decade, 

respectively. In all other seasons and AES there was a mix of non- 
significant decreasing and increasing trends (Table 4). 

Site-by-site trend analysis for annual rainfall indicated that 20, 30, 
25, and 36% of the sites showed a significant decreasing trend for 
AES1–2 and AES4-5, respectively and 18% of the sites in AES5 showed a 
significant increasing trend in annual rainfall (Table 5). 

Annual rainfall in the area showed a significant decreasing trend 
(ranging from 40.6 to 179.2 mm/decade) except for sites in AES3 with 
higher magnitude in sites in AES5 (Fig. 11a and Supplementary Table 1). 
Two sites in AES5 showed a significant (p < 0.1) increasing trend in 
annual rainfall with 71.8 and 99.7 mm/decade (Supplementary 
Table 1). 

At site level, trend analysis for the small rain season revealed that 3% 
and 22% of the sites in the entire study area showed a significant 
increasing and decreasing trend, respectively (Fig. 11d and Supple-
mentary Table 1). Accordingly, significant decreasing trend were 
observed only in AES2 (19.5–28 mm/decade) and AES5 (23.8–25.6 mm/ 
decade) while only one site in AES5 showed a significant increasing 
trend (36.4 mm/decade) (Supplementary Table 1). 

Over the entire study area, 3% of sites showed a significant positive 
trend in main season rainfall, while 19% of sites showed a significant 
decline (Fig. 11b and Supplementary Table 1). This tendency towards 
declining rain in the main rain season showed variability across AES: 
statistically significant negative trends were more common than positive 
trends in AES1, AES4, and AES5, but no significant trends were found in 

Fig. 10. PCI for different Agroecosystems in the Choke Mountain Watersheds (1981–2016): the x-axis and the y-axis in each panel represent the years and PCI, 
respectively, and each panel shows a season. Horizontal broken (green) lines show thresholds of PCI applied when interpreting results. 

Table 4 
Trends of rainfall at AES scale in the Choke Mountain Watersheds (1981–2016).  

AES Annual Main rain season Small rain season Dry season 

Mean Z Sens slope Mean Z Sens slope Mean Test Z Sens slope Mean Test Z Sens slope 

AES1 1 067 � 1.95þ � 4.44 817 � 1.68þ � 2.94 126.2 0.0 0.06 110 � 1.4 � 1.0 
AES2 1 019 � 0.80 � 1.26 754 0.07 0.04 176.6 � 1.2 � 1.24 73 � 0.6 � 0.3 
AES3 1 237 0.18 0.41 928 0.45 0.95 169.8 0.6 0.51 98 � 0.6 � 0.5 
AES4 1 250 � 1.29 � 3.22 951 � 1.06 � 1.84 166.9 0.1 0.20 118 � 1.2 � 1.0 
AES5 1 498 � 1.55 � 5.63 1 105 � 1.43 � 2.20 197.1 � 0.3 � 0.34 128 � 1.0 � 0.9 

AES ¼ Agroecosystem, z ¼ Mann-Kendall trend Z-test, þ significant at p < 0.1. 
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AES3, and in AES2 there were some positive trends but no significant 
negative trends (Table 5). Similarly, negative trends were more common 
than positive trends overall in the small rain season and dry season, but 
prevalence of significant negative trends varied by AES, and some sites 
show the opposite trend. Site specific results are provided in Supple-
mentary Table 1. 

Trend analysis for rainfall also showed that 17–25% of the sites from 
the entire area showed a significant decreasing trend (11.71–179.2 mm/ 
decade) with spatial and temporal/seasonal variations (Supplementary 
Table 1). Tabari et al. (2015) also reported that annual rainfall 
decreased in most stations over Ethiopia, though Mengistu et al. (2014) 
reported insignificant annual rainfall trends in the Upper Blue Nile 
(UBN). Alemayehu and Bewket (2017b) also reported that annual 
rainfall exhibits statistically insignificant increasing trends in most areas 
in the UBN basin, which includes the study area. 

Reduction in rainfall during the small rain season (11–22% reduction 
per decade) will negatively affect agriculture in all agroecosystems 
because of its importance for land preparation, sowing of long season 
crops, and rejuvenation of grazing land. This season receives very low 
precipitation (101–240 mm) and further reduction will negatively affect 
agricultural practices. Moreover, this season is characterized by very 
high temperature and consequently, evapotranspiration will be 
increased leading to agricultural drought in the season. 

A significant decreasing trend in areas with lower mean annual 
rainfall like AES1 (928–1053 mm) and AES2 (671–852 mm) coupled 

with higher temperature will limit crop production particularly during 
early and late growing seasons and crops that require longer growing 
season will be negatively affected at planting (seedling stage) and 
maturity (grain filling) stages and yield will significantly be affected. 

Reduction in dry season rainfall will facilitate harvesting operation 
for main season crops despite it negatively affected small scale irrigation 
practiced by smallholder farmers. Many farmers in the area grow veg-
etables for cash and domestic use using supplementary irrigation assis-
ted by periodic rain showers in the season. 

There is also some evidence of trends in the seasonal distribution of 
rainfall across the year. Perhaps more interestingly, trend tests on PCI 
indicated that 20%, 44% and 36% of the sites in AES1, AES2, and AES5, 
respectively, showed a significant positive trend in PCI, whereas only 9 
percent of the sites in AES5 showed a significant decreasing trend 
(Supplementary Table 5). These trends indicate that there is a concen-
tration of rainfall in only some months in dry and small rain season over 
much of the area, with potential implications for water management, 
soil and water conservation designs, and for crop management decisions 
that depend on the presence of some rain outside of the main rain sea-
son. Aggregated data at AES level showed that the small rain season PCI 
showed a significant increasing trend in all AES and only AES1 and AES2 
PCI showed a significant increasing trend in the dry season. Other sea-
sons showed a non-significant trend change in all AES (Table 6). 

Farmers also perceived the interannual variability and changes in 
precipitation pattern. Focus group discussion and in-depth interview 

Table 5 
Summary for rainfall trends in the Choke Mountain Watersheds (1981–2016).  

AES Annual Main rain season Small rain season Dry season 

%↑ %↓ %ns %↑ %↓ %ns %↑ %↓ %ns %↑ %↓ %ns 

1 0 20 80 0 20 80 0 0 100 0 20 80 
2 0 30 70 11 0 89 0 56 44 0 11 89 
3 0 0 100 0 0 100 0 0 100 0 0 100 
4 0 25 75 0 25 75 0 0 100 0 0 100 
5 18 36 46 9 36 55 9 18 73 0 36 64 

AES ¼ Agroecosystem, %↑ ¼ Percent of sites with a significant increasing trend; %↓ ¼ Percent of sites with a significant decreasing trend; and %ns ¼ Percent of sites 
with no trend change. 

Fig. 11. Annual and seasonal rainfall trends in Choke Mountain Watersheds (1981–2016): In each panel, the x-axis represents the slope of trend and the y-axis represents 
the mean minimum rainfall (mm). Panel (a) is for annual values and (b-d) are for seasons. 
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participants described the frequent occurrence of rainfall deficit in 
April–May, and 2015 and 2012 were cited as the best evidence among 
the drought years. The unusual dry conditions that were experienced in 
AES4 and AES5 during the period of the interviews was also mentioned 
by participants as evidence of the new trend in rainfall for the area. 
Participants explained that a shower of rain in January and February 
was common in previous decades, but now these small rain events have 
disappeared. The participants also noted that sowing of potato in 
February/March in AES4 and AES5 is constrained because of absence of 
rain. Respondents detailed that small rain season rainfall is important 
for the farming community because of the abovementioned reasons and 
for the planting of long season crops like maize and sorghum. They 
agreed that the small rain season is becoming sporadic, unpredictable 
and frequent crop failure and significant yield reduction are happening 
in the area, as supported by the presented statistical analysis. Previous 
studies also stated that decrease in winter rainfall impacted agricultural 
practices as it affected fodder availability, land preparation and planting 
of early sown crops, and streamflow and irrigation (Viste et al., 2013). 

The present result is also supported by previous studies in the area 
that show flat or declining rainfall in the region, with varying degrees of 
statistical significance (Onyutha et al., 2016). Mengistu et al. (2014) 
reported insignificant trends for all rain seasons. Alemayehu and Bewket 
(2017a) also found insignificant increasing trends in annual and Kiremt 
rainfall and significant decreasing trends in Belg rainfall in the UBN 
basin. Taken in this context, the present study is reasonably consistent 
with large scale analyses of the region and the analysis highlights the 
local variability of these patterns and trends at AES and site scale. 

3.3. Farm management implications 

Results of the present analysis show that rainfall has declined and 
temperature is increasing at a notable rate. This higher temperature 
could affect basic physiological processes within a plant (Zhao et al., 
2017), create a conducive environment for pest occurrence (Ochieng 
et al., 2016), and alter nutrient uptake and use (Bassirirad, 2000). 
High-temperature shocks could affect pollination, fertilization, tuber-
ization, and other important processes, potentially leading to yield 
reduction (Hatfield and Prueger, 2015). Rising temperatures have also 
led to reduced cropping area and intensity in some regions (Iizumi and 
Ramankutty, 2015), particularly in dry and drought prone environments 
like AES1 and AES2, and can cause an increase in evapotranspiration 
(Aber and Federer, 1992; Hargreaves and Allen, 2003) which leads to 
water loss and alteration of soil water regimes. This phenomenon 
coupled with reduced rainfall will affect irrigation capacity and water 
productivity. Of particular concern to our study region, warming in 
tropical highland environments threatens the viability of temperate 
fruits and vegetables currently grown at higher altitude. 

Reduction in rainfall and increase in temperature have many impli-
cations on adaptation strategies to variability and climate change. 
Reduced rainfall and rising temperature will negatively affect produc-
tion and productivity of currently grown crops (Alemayehu and Bewket, 
2016) and the ongoing change in temperature and rainfall pattern in the 
area will have serious implications for food security (Alemayehu and 
Bewket, 2017b, 2016). In response to perceived changes, farmers have 

tried to make adjustments by shifting cropping calendar (Simane et al., 
2012). Given the change in trends with high spatial and temporal var-
iations, proposed climate variability and change adaptation options may 
not be sufficient. Farmers are not confident in their ability to identify all 
possible adaptation options and to select those most suitable for their 
practical problems. They stressed that current rainfall timing is unpre-
dictable, making it difficult to choose crops, pick the right sowing date, 
and plan in-season management. 

4. Conclusion 

The present analysis indicated that maximum and minimum tem-
perature showed high spatiotemporal anomaly with the overall signifi-
cant warming since the 2000s. Rainfall variability and anomaly also 
showed spatiotemporal differences and high heterogeneity, and 38–50% 
of the years showed below-average rainfall anomaly and positive trend 
change for PCI is observed. Temperature and rainfall of the area showed 
a significant increasing and decreasing trend respectively, with the 
exception of a few sites that showed significant increasing trend in 
rainfall. Results from the meteorological analysis are consistent with the 
perceptions of farmers in all agroecosystems, as farmers generally 
perceived a warming trend and increasingly erratic and concentrated 
rainfall patterns. They indicated that unpredictability of rainfall timing 
and distribution complicates their choice of management practices. 
These challenges demand a concerted effort from farmers, agricultural 
researchers, and extension agents. They also require localized climate 
trend analysis, as performed in this study, in order to characterize 
commonalities and differences in the climate challenges faced by 
farmers across agroecological setting. 
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Table 6 
Trends of PCI in the Choke Mountain Watersheds (1981–2016).  

AES Annual Dry season Small rain season Main rain season 

Mean Z S Mean Z S Mean Z S Mean Z S 

1 18.97 0.78 0.03 19.66* 2.25 0.23 13.22* 2.44 0.18 9.57 � 0.10 0.00 
2 18.66 1.53 0.08 17.44* 2.17 0.21 11.94** 2.63 0.16 10.24 0.18 0.00 
3 17.40 1.19 0.05 19.82 1.51 0.13 13.47** 2.74 0.20 9.14 � 0.23 0.00 
4 18.00 0.84 0.00 19.16 0.91 0.08 12.86* 2.22 0.16 9.33 � 0.29 0.00 
5 18.18 1.01 0.05 19.36 0.48 0.06 13.05* 2.38 0.15 9.44 0.89 0.01 

AES ¼ Agroecosystems, Z ¼ Mann-Kendall Z test, S¼ Sen slope, * and ** significant at P ¼ 0.5 and 0.1%. 
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