
Field Crops Research 261 (2021) 108012

Available online 28 November 2020
0378-4290/© 2020 The Authors. Published by Elsevier B.V. This is an open access article under the CC BY license (http://creativecommons.org/licenses/by/4.0/).

Cowpea yield variation in three dominant soil types in the Sudan Savanna 
of West Africa 

Kohtaro Iseki a,*, Kenta Ikazaki a, Joseph B. Batieno b 

a Japan International Research Center for Agricultural Sciences (JIRCAS), Ohwashi 1-1, Tsukuba, 3058686, Japan 
b Institut de l’Environnement et de Recherches Agricoles (INERA), Station de Kamboinse B.P. 476, Ouagadougou, Burkina Faso   

A R T I C L E  I N F O   

Keywords: 
Vigna unguiculata 
Genotype-environment interaction 
Additive main effect and multiplicative 
interaction model 
Additive bayesian network analysis 
Lixisols 
Plinthosols 

A B S T R A C T   

Cowpea (Vigna unguiculata) is a legume crop widely cultivated across the Sudan Savanna. Despite its importance 
for farmers’ food security in this region, the grain yields are highly variable among years and locations. To 
identify environmental and plant factors underlying this yield variation and select cowpeas with a stable yield, 
the grain yield variation of 16 cowpea genotypes in three dominant soils in the Sudan Savanna, namely, Ferric 
Lixisols (LXfr), Petric Plinthosols (PTpt), and Pisoplinthic Petric Plinthosols (PTpt.px), were analyzed in two 
consecutive years with different precipitation. In this study, the three soils were located near each other at the 
experimental site and thus the meteorological conditions were assumed to be identical for the soil types. Results 
of analysis of variance showed that the factor of year, representing the effect of precipitation, was the largest 
cause of annual yield variation although there was a significant interaction between year and soil type. Based on 
this result, environment was defined as each combination of year and soil type in a subsequent additive main 
effect and multiplicative interaction (AMMI) model analysis to detect the effects of the environment, genotype, 
and genotype-environmental interaction (GEI) on grain yield variation. Then, additive Bayesian network (ABN) 
analysis was performed to investigate the relationships between environmental and plant factors. The AMMI 
model revealed that the effect of GEI on grain yield was the complete opposite between the years even for the 
same soil type, indicating no single genotype achieved both stable and high yields across these soil types. The 
ABN analysis suggested that the primary cause of yield variation among the different soil types under same 
precipitation was the difference in soil total nitrogen and available phosphorus content rather than that in 
available soil water. The larger GEI in LXfr and PTpt was caused partly by their high water holding capacity, 
which led to excess water stress under high precipitation for LXfr and PTpt, and partly by deep soils, which led to 
drought stress under low precipitation for LXfr because of infiltration into the subsurface layer. However, the 
higher fertility of these two soils compensated for excess water/drought stress, and thus, the average yields were 
higher than that in PTpt.p × . PTpt.px showed the lowest mean yield and the smallest GEI because of poor soil 
fertility, although the soil with low water holding capacity was prone to drought stress even during short dry 
spells. The AMMI model uncovered two cowpea genotypes with stable yield across all the environments; how-
ever, the grain yields of these genotypes were not the highest in each environment. Selection of a genotype with a 
medium but stable yield would be favorable to improve long-term average yield in the Sudan Savanna, where 
multiple soils with a large GEI are distributed in mosaic patterns.   

1. Introduction 

Cowpea (Vigna unguiculata (L.) Walp) is a legume crop widely grown 
in West Africa, where the regional cowpea production accounts for more 
than 80 % of the global cowpea production. Famers traditionally culti-
vate cowpea as a low-cost and high-quality protein source and as a major 
cash crop. The primary production area is located between 300 and 

1000 mm yr–1 isohyet, which roughly corresponds to the Sudan Savanna 
and part of the Sahel (Langyintuo et al., 2003). Cowpea production in 
West Africa has increased six-fold over the last 60 years to meet the 
increase in food demand. However, the average yield is substantially 
below the biological potential, and yield vulnerability, which accounted 
for 10–40 % of the mean yield, has been a cause of food insecurity of this 
region (FAOSTAT; http://www.fao.org/faostat/en). 
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One of the yield constraints is unstable meteorological conditions, 
especially low precipitation combined with high temperature, and thus, 
breeding efforts have been directed at developing varieties adapted to 
drought and heat (Hall, 2004). The occurrence of agricultural drought is 
not only determined by precipitation, but also by the soil type (Sileshi 
et al., 2010). For example, low precipitation severely affects plant 
growth and grain yield in well-drained soils (Padi and Ehlers, 2008). 
Therefore, both climate and soil type should be considered in genotype 
selection and distribution. 

In the Sudan Savanna, the dominant soils are Lixisols and Plinthosols 
at the continental scale (Dewitte et al., 2013) and Ferric Lixisols (LXfr), 
Petric Plinthisols (PTpt), and Pisoplinthic Petric Plinthosols (PTpt.px) at 
the local scale (Ikazaki et al., 2018). In previous studies, we found that 
the local distribution of the dominant soils was closely related to the 
distance from a river bottom; LXfr were distributed on the lower to toe 
slope, PTpt were on the middle slope, and PTpt.px were on the upper 
slope. A major distinction between the three soils is their effective depth 
(rooting depth) for crop cultivation (LXfr > PTpt > PTpt.px). Accord-
ingly, sorghum yield decreases in the order LXfr > PTpt > PTpt.px 
(Ikazaki et al., 2018). 

For cowpea, which is a frequent intercrop of sorghum in the Sudan 
Savanna (Singh and Ajeigbe, 2007), the effects of soil type on grain yield 
are not yet well described. In addition to effective depth, the three 
dominant soils are expected to differ not only in fertility, but also in 
water drainage (Narh et al., 2014). Because the root nitrogen fixation of 
cowpea is highly sensitive to soil water conditions (Hong et al., 1977), 
differences in drainage could indicate that cowpea has a more sensitive 
yield response to varying precipitation than sorghum. 

Such a local distribution of soils with different properties makes it 
difficult to understand the causes of yield variation and to select stable 
and high yielding genotypes. To understand the genotype response to 
environments, the effects of environment, genotype, and genotype- 
environmental interaction (GEI) on grain yield are generally analyzed 
through additive main effect and multiplicative interaction (AMMI) 
models or genotype plus genotype-environmental interaction (GGE) 
biplots (Samonte et al., 2005; Yan et al., 2007). These approaches are 
powerful tools to detect adaptive genotypes in each environment, but 
they do not detect the relationships between the environment and plant 
factors necessary to understand the causes of the yield variation. 
Because it is not feasible to conduct a field trial to detect the 
highest-yielding genotype in each agricultural region, analysis to clarify 
the environmental and plant factors underlying yield variation is 
important to accelerate local breeding and improve the grain yield at the 
regional level. 

In this study, cowpea grain yield variation in the three dominant soils 
located close to each other was analyzed in two consecutive years with 
different precipitation. Because the meteorological conditions could be 
assumed as identical for the three fields with different soil types, the sole 
effect of soil type on cowpea growth and grain yield could be identified 
separately from the effect of meteorological conditions. The objectives 
were to clarify (i) the effects of genotype, environment, and GEI on yield 
variation by AMMI model analysis, and (ii) the relationships between 
environmental and plant factors by additive Bayesian network (ABN) 
analysis. ABN analysis is similar to multiple regression modeling but can 
analyze associations between all covariates and all potentially depen-
dent variables (Pittavino et al., 2017). By combining AMMI model 
analysis and ABN analysis, suitable genotypes and the environmental 
and plant factors determining cowpea yield variation could be 
identified. 

2. Materials and methods 

2.1. Experimental fields 

Three experimental fields with different soil types were selected 
within the Institute of Environment and Agricultural Research (INERA) 

Saria station sited in the Central Plateau of Burkina Faso (12◦16ʹ N, 2◦09ʹ 
W, 300 m.a.s.l.). Each field was located on a gentle slope starting from 
the river bottom, with a distance of 400–600 m between the fields 
(Fig. 1A and B). The soil properties in each field are shown in Table 1 
(after Ikazaki et al., 2018). LXfr on the lower slope has a topsoil with a 
small amount of coarse fragments (iron nodule >2 mm) and petroplin-
thite (iron hard pan) at approximately 100 cm deep; PTpt on the middle 
slope has a topsoil with a moderate amount of coarse fragments and 
petroplinthite at approximately 50 cm deep; PTpt.px on the upper slope 
has a topsoil with a large amount of coarse fragments and petroplinthite 
at approximately 25 cm deep (Fig. 1C, Table 1). Soil fertility is generally 
thought to be in the order LXfr > PTpt > PTpt.p × . 

2.2. Soil parameters 

Volumetric soil water content (VSWC) was continuously recorded at 
10-min intervals in each field using TDR probes (CS616; Campbell Sci-
entific, Logan, UT, USA) installed at depths of 0–10 cm and 10–25 cm. 
To correct the temperature dependence of the CS616, soil temperature 
was also recorded in each soil layer using thermistor probes (107; 
Campbell Scientific). The estimated VSWC was calibrated using the 
gravimetric method as per the manufacturer’s instructions (Campbell 
Scientific, 2016). Soil samples were collected from each field and soil 
layer, and gravimetric VSWC was determined after oven-drying at 105 
◦C for more than 24 h. The amount of available water [mm] in each soil 
layer was calculated as (VSWCt − VSWCthreshold) × soil layer thickness, 
where VSWCt is VSWC [%] at time t and VSWCthreshold is VSWC at pF 3.0 
for each soil layer. The threshold of soil water potential below which 
plant growth starts to be suppressed was set to pF 3.0 according to 
Osonubi (1985). For the ABN analysis, cumulative available water [mm 
day] at the soil depth of 0–25 cm was calculated as the time integration 
of the available water. 

Soil chemical properties were also measured for the ABN analysis. 
Soil samples were taken from 0 to 18 cm deep with a hand auger (One- 
Piece Combination Auger, Eijkelkamp, Giesbeek, Netherlands) at three 
points in each plot and mixed to obtain a composite sample. The com-
posite samples were air-dried and passed through a 2-mm sieve. Total 
nitrogen content [g kg–1] was determined by the dry combustion method 
using an elemental analyzer (Sumigraph NC-220 F; Sumika Chemical 
Analysis Service, Tokyo, Japan). Available phosphorus content [mg 
kg–1] was measured by the Bray-I method using a spectrophotometer 
(UV-1800; Shimadzu Corporation, Kyoto, Japan). To take account of 
differences in the coarse fragment content [%] between the soil types 
(Table 1), the total amounts [g m− 2] of soil nitrogen and available 
phosphorus were calculated as follows:  

Total amount = thickness × bulk density/1000 × (100 – coarse fragment 
content)/100 × content,                                                                          

where the thickness is 0.18 m and bulk density [Mg m− 3] was not 
measured in each plot, but the weighted average of the bulk density for 
each soil type shown in Table 1 was used, e.g., the bulk density for 160 
plots in PTpt was (1.67 × 5 + 1.63 × 13)/18 = 1.64 Mg m–3). 

2.3. Plant materials and growth conditions 

In total, 16 cowpea genotypes (Table 2), comprising six landraces 
collected in the south of Burkina Faso (ID 1–6), five landraces collected 
in the north of Burkina Faso (ID 7–11), and five breeding lines were 
used. ID12, 14, and 16 were breeding lines developed in Burkina Faso. 
ID13 and ID 15 were breeding lines developed in Nigeria and Senegal, 
respectively. All the genotypes could complete their life cycle at the 
experimental site. Sowing was done on July 21, 2016 and on July 26, 
2017. For each soil type, the experiment entailed 16 genotypes in 5 
replicates. Each experimental plot represented one genotype and thus 
the total number of plots per field was 80 (16 genotypes × 5 
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Fig. 1. Experimental site in the INERA Saria station (12◦16ʹ N, 2◦09ʹ W). (A) Location of the fields and automatic weather station (AWS). (B) Soil toposequence of the 
dotted line shown in (A) (after Ikazaki et al., 2018). The relationship between relative altitude and distance from the river bottom is plotted. (C) Photos of the soil 
surface in each field. 

Table 1 
Soil physical and chemical properties in the studied fields.  

Field soil type Depth Coarse fragment 
(>2 mm) 

Clay content 
(<0.002 mm) 

Bulk 
density 

pH 
(H2O) 

EC TN 
content†

Amount of 
TN 

Available P 
content†

Amount of 
available P  

cm weight % weight % Mg m− 3  mS 
m− 1 

g kg− 1 g m− 2 mg kg− 1 mg m− 2 

Ferric Lixisols (LXfr) 

0–5 2.0 4.9 1.60 5.0 4.5 0.3 21.2 4.8 374.3 
5–15 1.1 5.6 1.60 4.9 4.2 0.2 36.5 2.7 427.1 
15–30 1.3 17.8 1.73 5.4 4.1 0.3 79.2 0.5 133.9 
30–70 2.5 23.6 1.58 5.2 2.6 0.3 191.6 0.4 256.1 
70–97 17.4 21.3 1.63 5.5 2.3 0.2 83.9 0.7 238.9 
97–106 81.7 24.0 1.86 5.4 2.6 0.2 7.0 0.5 14.4 
106–130+ – – – – – – – – – 

Petric Plinthosols 
(PTpt) 

0–5 20.8 3.3 1.67 5.2 2.6 0.3 18.5 3.8 250.5 
5–18 34.8 8.3 1.63 5.4 2.9 0.3 42.8 2.1 289.8 
18–39 45.6 14.3 1.62 6.2 3.7 0.3 59.3 0.8 157.1 
39–45/50 73.8 23.4 1.85 6.2 3.0 0.3 16.5 0.4 23.0 
45/ 
50–90+ – – – – – – – – – 

Pisoplinthic Petric 
Plinthosols (PTpt.px) 

0–5 49.7 1.8 1.69 5.7 3.0 0.3 12.3 2.6 108.9 
5–20/25 58.4 2.7 1.86 5.3 2.6 0.2 25.8 1.6 214.2 
20/ 
25–50+

– – – – – – – – – 

The data are cited from Ikazaki et al., 2018. 
EC: electrical conductivity; TN: total nitrogen; P: phosphorus. 
– : A soil sample could not be taken from petroplinthite because it was consolidated. 

† Content was measured for fine earth (< 2 mm) and that for coarse fragment was assumed zero in calculating the amount of TN and available P. 

Table 2 
Cowpea genotypes used in this study.  

ID Status/Name Origin Color pattern Seed color Eye color Seed texture Seed size (100 grains weight: g) 

1 Landrace Burkina Faso Sparkle Dark brown Black Smooth 11.0 
2 Landrace Burkina Faso Single color Dark red Dark red Smooth 15.0 
3 Landrace Burkina Faso Single color Dark red Dark red Smooth 9.6 
4 Landrace Burkina Faso Single color Brown Brown Smooth 8.4 
5 Landrace Burkina Faso Single color White Brown Smooth 8.7 
6 Landrace Burkina Faso Single color Dark red Dark red Smooth 9.7 
7 Landrace Burkina Faso Single color White Brown Rough 12.7 
8 Landrace Burkina Faso Single color White Brown Rough 13.9 
9 Landrace Burkina Faso Single color White Brown Rough 14.0 
10 Landrace Burkina Faso Single color White Brown Rough 13.4 
11 Landrace Burkina Faso Sparkle Brown/Dark red Dark red Smooth to rough 14.2 
12 KVx775− 33-2 Burkina Faso Single color White Brown Rough 19.3 
13 IT98K-205− 8 Nigeria Single color White Black Rough 13.9 
14 KVx771− 10 Burkina Faso Single color White Brown Smooth to rough 18.8 
15 Melakh Senegal Single color White Brown Rough 12.1 
16 KVx 421− 2J Burkina Faso Single color Dark red Dark red Rough 16.7  
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replications). The distance between plants was 40 cm, and rows were 
spaced 80 cm apart, for a planting density of 3.1 plants m–2 according to 
the INERA recommendation. One plot was 4.4 m × 3.2 m in size and 
comprised five rows with 12 plants per row, for a total of 60 plants per 
plot. The plot layout was followed by a randomized block design. The 
total field size was approximately 0.15 ha per field. The same plot layout 
and management were applied to all three experimental fields, and thus, 
the total number of plots was 240, comprising 16 varieties, five repli-
cations, and three soil types. Weeding was conducted weekly, using a 
hand hoe. According to the conventional method, fertilizers were not 
applied. Insecticides were applied two to three times, as needed. 

Meteorological conditions were recorded at 10-min intervals with an 
automatic weather station which consists of a temperature sensor 
(HygroVUE™5, Campbell Scientific), rain gauge (TE525MM-L, Camp-
bell Scientific), albedo meter (CHF-SRA01, Hukseflux, Delft, 
Netherlands). The total precipitation, average minimum/maximum 
temperatures, and average solar radiation for the growing periods (July 
15 to October 15) were 590 mm, 22.1/32.3 ◦C, and 21.7 MJ day–1, 
respectively, in 2016, and 444 mm, 21.9/33.4 ◦C, and 23.0 MJ day–1, 
respectively, in 2017 (Supplemental Fig. S1). The rainy season normally 
started in middle June and ended before November, with a short dry 
spell in early August. Compared to the average precipitation in the same 
periods over the last 40 years (536 ± 104 mm; mean ± standard devi-
ation), the precipitation was near-average in 2016 and below-average in 
2017. The trends for precipitation for the growth periods were consis-
tent with annual precipitation, which amounted to 999 mm, 795 mm, 
and 824 mm in 2016, 2017 and the average over the last 40 years, 
respectively. The above meteorological conditions were considered as 
identical for the three fields with different soil types because the fields 
were located near each other (Fig. 1A). 

2.4. Growth and yield evaluation 

Plant growth was evaluated by measuring leaf coverage (LCR). Pic-
tures of each plot in the three fields were taken from 3 m above the 
canopy using a digital camera (Coolpix, Nikon, Tokyo, Japan). Photo-
graphs were acquired three times during the growth period, at 5, 7, and 
9 weeks after sowing (WAS). The photos were analyzed to calculate the 
percentage of leaf coverage area to total image area using image analysis 
software (ImageJ version1.46, National Institutes of Health; http://rsb. 
info.nih.gov/ij/). To evaluate plant phenology, 50 % flowering date and 
pod harvesting date were recorded. Pods were harvested several times 
because of gradual maturation on the plant, and the harvesting date was 
defined as the date when the highest number of pods was harvested. 
Harvested pods were dried in the sun for a week until constant moisture 
content, and then threshed. Total grain weight and seed moisture con-
tent were measured by electric weighing (GX-1000; A&D, Tokyo, Japan) 
and using a grain moisture tester (MT-16; Agratronix, Streetsboro, OH, 
USA). Grain yield was represented as g m–2 at a 12 % seed moisture 
content. 

2.5. Analysis of variance 

The effects of soil type, year, and genotype were analyzed by three- 
way analysis of variance (ANOVA). The F-values obtained in the ANOVA 
were compared among the factors. The total number of data samples was 
480 comprising 16 genotypes, 5 replications, 3 soil types, and 2 years. 
The analysis was performed using statistical software R version 3.4.1 (R 
Core Team, 2018). 

2.6. AMMI model analysis 

The effects of environment, genotype, and GEI on grain yield were 
analyzed using an AMMI model (Sabaghnia et al., 2008). The main ef-
fects of genotype and environment were first estimated through ANOVA, 
using Eq. (1). 

Yijk = μ + gi + ej + θij + εijk (1)  

where Yijk is the grain yield of genotype i in environment j for replication 
k, μ is the grand mean of grain yield, and gi and ej are the deviation 
between the mean and grand mean for genotype i and environment j, 
respectively. θij and ε represent residuals and error term, respectively. 
Then, the residuals were divided into the interaction effects of genotype 
and environment through principal component analysis (PCA), using Eq. 
(2). 

θij =
∑N

n = 1
λnγinδjn + ρij (2)  

where N is the number of interaction principal components (IPC) used in 
the model, λn is the singular value of the N axis in the PCA, γin and δjn are 
the IPC scores for axis N of genotype i and environment j. ρij represents 
AMMI residuals. The total number of environments was six, comprising 
each combination of the three soil types and two years, based on the 
significant effect of soil type × year interaction detected by the three- 
way ANOVA in section 2.5. The effects of interactions between the 6 
environments and the 16 genotypes on the grain yield were analyzed. 

To select genotypes with higher yield stability over the environ-
ments, the AMMI stability value (ASV) and yield stability index (YSI) 
were calculated according to Oliveira et al. (2014). 

ASV =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
[(

ssIPCA1
ssIPCA2

)

(IPCA1)
]2

+ (IPCA2)2

√

(3)  

YSI = rASV + rY (4)  

where ssIPCA1 and ssIPCA2 are the sum of squares for first IPC axis 
scores (IPCA1) and second IPC axis scores (IPCA2) of all genotypes. rASV 
is the rank of ASV and rY is the rank of the mean yield for each genotype. 
The lower the ASV, the higher the yield stability, and the lower the YSI 
value, the higher the basal yield and stability of the genotype. All ana-
lyses were performed using the R software and the package ‘agricolae’. 

2.7. ABN analysis 

2.7.1. Dataset 
All plant factors, including leaf coverage [%] (LCR), number of days 

from sowing to 50 % of flowering (DTF), number of days from flowering 
to harvest (FTH), and yield [g m–2], and the environmental factors, 
including soil type, total amount of soil nitrogen at 0–18 cm deep [kg 
ha− 1] (solN), total amount of available phosphorus at 0–18 cm deep [kg 
ha− 1] (solP), and cumulative available soil water at 0–25 cm deep [mm 
day] (SW), were summarized for the total of 480 samples comprising 16 
genotypes, three soil types, five replications, and two years. The soil type 
was numerically represented by the coarse fragment content at 0–25 cm 
deep (Cof; PTpt.px > PTpt > LXfr). Because these soil parameters were 
not considered to change drastically within a year, the same values were 
applied for the two years. The amount of cumulative available soil water 
was divided into three periods depending on the plant growth stage; 
SW1, early growth stage until flowering time (0–4 WAS); SW2, middle 
growth stage until maximum vegetation (5–8 WAS); and SW3, late 
growth stage until harvest (9–13 WAS). A multiple comparison test in 
the R software and the package ‘multcomp’ was performed to detect 
significant differences in the plant traits among the environments. 

2.7.2. ABN analysis 
Relationships among the environmental and plant factors were 

analyzed through ABN analysis according to Iseki et al. (2020). ABN 
analysis was applied separately for each experimental year with 
different precipitation, using the R software and the package ‘abn’ 
version 2.1 (Kratzer et al., 2016). Because the data from the different 
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replications were independent from each other, variations in each plant 
factor might cause over-dispersion in the parameter estimation. How-
ever, it has been verified that data grouping does not affect the model-
ling results and estimated parameter intervals (Kratzer and Pittavino, 
2018). Therefore, data from the five replications per accession were not 
averaged but were analyzed as individual data. To evaluate parameter 
contributions among the variables, all data were standardized to a mean 
of 0 and a standard deviation of 1 before the analysis. Uninformative 
Gaussian priors were used for all variables to determine the optimal 
model structure. Certain dependencies that were inconsistent with a 
logical time frame were removed from the structure. For example, the 
direct effect of grain yield on the leaf coverage was eliminated because 
the former never influenced the latter. 

The output of the ABN model was expressed as a directed acyclic 
graph (DAG), in which variables were directly or indirectly connected 
by arcs. To identify the DAG that showed the best fit to the observed 
data, a parallel search was performed for a series of models with 
different maximum allowable numbers of parents per variable. The DAG 
with the lowest maximum number of parents and the highest log mar-
ginal likelihood was selected as the globally optimal model. The 
maximum log marginal likelihood was attained when the maximum 
number of parents was four and three for the datasets of 2016 and 2017, 
respectively. 

The optimal model was checked for overfitting as the log marginal 
likelihood can easily overfit smaller datasets (Kratzer et al., 2016). 
Parametric bootstrapping was applied with the JAGS (Just Another 
Gibbs Sampler) software (Plummer, 2003) and the ‘rjags’ package in R. 
In total, 10,000 DAGs were obtained from the simulation data, each of 
which had the same sized dataset as the observed one. The datasets were 
generated by Markov chain Monte Carlo simulations. All dependencies 
that were not repeated more than 5000 times (50 %) were removed to 
determine the final DAG as a statistically robust model. 

3. Results 

3.1. Available soil water 

Time-course changes in the amount of available soil water at 0–25 

cm deep are shown in Fig. 2. The cumulative available soil water during 
the experimental periods were the highest in PTpt and the lowest in 
PTpt.px for both years; 777, 844, and 467 mm day in 2016 and 351, 373, 
and 313 mm day in 2017 for LXfr, PTpt, and PTpt.px, respectively. 
Differences among soil types were larger in 2016 than in 2017. In 2016, 
the available soil water was higher in PTpt in the early growth stage, but 
higher in LXfr after the middle growth stage. The available soil water in 
PTpt.px reached zero for several days during the dry spell around 50 
DAS, and it also showed the fastest decrease after the rain stopped at 67 
DAS. In 2017, the available soil water was similar for all soil types in the 
early growth stage, but after the middle growth stage, PTpt showed 
higher values, except for short peaks in LXfr at 53 DAS and in PTpt.px at 
53 and 63 DAS. In the late growth period, the available soil water in LXfr 
was nearly zero. 

3.2. ANOVA 

The largest F-value was observed for the factor of year followed by 
soil type that accounted for 87.6 % and 8.2 % of the total variation of 
grain yield, respectively (Table 3). A significant effect was also observed 
in the factor of genotype, but the F-value was smallest among the factors. 
Owing to the significant interaction between the soil type and year 
which were the first and second largest factors of the yield variation, 
each combination of the three soil types and two years was defined as an 

Fig. 2. Temporal changes in the amount of available soil water at 0–25 cm deep during the growth periods. The values are daily averages of soil water above pF 3.0. 
Graphs are separately shown for the two experimental years. Light gray, gray, and black lines represent LXfr, PTpt, and PTpt.px, respectively. Growth periods were 
separated into three periods of early (SW1), middle (SW2), and late (SW3) growth stages of cowpea. 

Table 3 
F-values and contribution of the factors obtained in the ANOVA for the variation 
of grain yield.   

Df %total F-value P-value 

Soil type 2 8.2 27.4 < 0.001 *** 
Year 1 87.6 293.5 < 0.001 *** 
Genotype 15 2.0 6.8 < 0.001 *** 
Soil type × Year 2 0.9 3.0 0.049* 
Soil type × Genotype 30 0.1 0.4 0.996 ns 

Year × Genotype 15 0.7 2.5 0.002 ** 

Df: degree of freedom; %total: contribution ratio to the total variance. 
*, **, and *** represent significant difference at P < 0.05, P < 0.01, and P <
0.001 level, respectively, and “ns” represents no significance. 
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environment in the following AMMI analysis according to Samonte et al. 
(2005). 

3.3. AMMI model analysis 

The IPCA1 and IPCA2 in the AMMI model accounted for 63.6 % and 
15.8 % of the GEI, respectively. The AMMI biplot demonstrated that 
genotypes and environments with smaller absolute IPC scores had 
smaller interactions (Fig. 3A). Even for the same soil type, the GEI was 
the complete opposite in the two experimental years. Environments 
were largely divided into two groups; environments in 2016 had a 
positive IPCA1 and those in 2017 had a negative IPCA1. In both years, 
PTpt.px had a small IPCA1. The landraces of ID1− 6 and ID7− 11, which 
were collected in the south and north of Burkina Faso, respectively, 
tended to have a positive and negative IPCA1, i.e., a large GEI. In 
contrast, for most breeding lines, the IPCA1 was nearly zero. 

The AMMI biplot also showed the relative performance of each ge-
notype among the environments. Genotypes and environments with 
similar patterns of GEI were located nearby in the biplot and were 
considered to have good congeniality. The GEI pattern was similar for 
LXfr and PTpt in 2016 where ID2, ID8, ID9, and ID10 were detected as 
adaptive genotypes (Fig. 3A). On the other hand, LXfr and PTpt in 2017 
had very different IPCA2 values; the former was congenial with ID12 
and the latter was congenial with ID1 and ID6. PTpt.px in 2016 had large 
negative values in IPCA2 and ID1, ID14, and ID15 were detected as 
adaptive genotypes. PTpt.px in 2017 was closest to the origin among the 
environments and was congenial with ID5 and ID7. The above-
mentioned adaptive genotypes did not correspond with the genotypes 
with high yield at each environment (Supplemental Table S1) because 
several genotypes had a small main effect on grain yield which was in-
dependent from the congeniality of GEI between genotype and the 
environment. 

IPCA1 was plotted to mean grain yield, the main effect, for the ge-
notypes and environments (Fig. 3B). To understand the genotype main 
effect over the years, the grain yields of genotypes were the means for 
the three soil types and two years. The genotype main effect rather than 
annual yield is more important for farmers because it is not feasible to 
change the genotypes every year depending on the meteorological 
conditions. The environments and genotypes with a higher IPCA1 ten-
ded to have larger main effects, i.e., environments showed a higher 
mean yield in 2016 than in 2017, and the landraces of ID7− 11 collected 
in the north of Burkina Faso showed a higher mean yield than the 
landraces of ID1− 6 collected in the south of Burkina Faso. In both years, 
LXfr showed the highest mean yield (79.3 g m–2 and 43.8 g m–2 in 2016 
and 2017, respectively). Among the genotypes, a higher mean yield was 

observed for ID7, 8, 10, 16, and genotypes with a stable yield over the 
environments, represented by a lower ASV, were observed for ID5, ID7, 
ID14, ID16 (Table 4). Based on the higher mean yield and stability, ID7 
and ID16, which had lower YSI values, were identified as well-adapted 
varieties over the environments comprising different soil types and 
precipitation. 

3.4. Shoot growth and phenology 

Mean shoot biomass represented by the LCR at 5, 7, and 9 WAS was 
higher in 2016 than in 2017 for all soil types (Fig. 4A, B, and C). Among 
the soil types, LXfr and PTpt.px tended to have the highest and lowest 
value in all growth stages, respectively. Even in the genotype with the 
highest LCR, the LCR value did not reach 100 % in both years. In 
contrast, there were no drastic differences in phenological traits be-
tween the two years and among the soil types (Fig. 4D and E). Compared 
to 2016, the time from 50 % of flowering to harvest was 2–4 days longer 
on average in 2017. 

3.5. DAGs of the Bayesian network model 

The final models were visually represented as DAGs for each exper-
imental year (Fig. 5A and B). Parameters in the DAGs were connected by 
direct arcs with the standardized marginal posterior median and the 

Fig. 3. Genotype-environment interaction of cowpea grain yield on three soil types in two consecutive years. (A) AMMI biplot of the first and second interaction 
principal component scores. IPCA1: first interaction principal component axis; IPCA2: second interaction principal component axis. (B) Relationship between IPCA1 
and mean grain yield. Environments are represented by red boxes. Genotypes of landraces and breeding lines are represented by white and black boxes, respectively. 

Table 4 
AMMI stability values (ASV), yield stability index (YSI), and the ranking orders 
of the 16 varieties studied.  

ID ASV YSI rASV rY Average yield (g m− 2) 

1 4.1 24 10 14 40.2 
2 6.2 23 14 9 54.0 
3 2.9 19 8 11 44.5 
4 7.2 32 16 16 35.2 
5 1.3 14 1 13 41.6 
6 3.8 21 9 12 43.8 
7 2.0 8 4 4 60.8 
8 5.5 16 13 3 61.4 
9 4.4 16 11 5 59.9 
10 6.3 16 15 1 65.9 
11 2.4 12 6 6 56.4 
12 5.2 22 12 10 53.9 
13 2.6 22 7 15 35.8 
14 2.0 10 3 7 55.8 
15 2.2 13 5 8 54.5 
16 1.3 4 2 2 61.8 

rASV: genotype ranking of the ASV; rY: genotype ranking of the mean grain 
yield. 
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repeatability represented as a percentage. The former values represent 
the effect size or strength of the dependency and the latter values 
represent the statistical reliability of the arc. The variables connected by 
arcs can be considered the same as the objective and explanatory vari-
ables in the generalized linear model. The direction of the arc represents 
the dependency between the variables connected by it. The 95 % in-
terval of the standardized marginal posterior is shown for all de-
pendencies in Fig. 5C, in which no overdispersion was detected. 

The soil type, represented by Cof, had negative effects on SW1, SW2, 
solN, and solP, which were consistent in both years. This indicated that 
the soil type with less coarse fragments had a higher amount of cumu-
lative available soil water at the early and middle growth stages as well 
as a higher amount of total nitrogen and available phosphorus. On the 
other hand, an annual difference was observed in the effect of Cof on 
SW3. The relationships were negative in 2016, but positive in 2017, 
indicating that the available soil water at the late growth stage was LXfr 
> PTpt.px in 2016, but PTpt.px > LXfr in 2017. This was consistent to 
the result in Fig. 2. 

All the positive arcs from solN to LCR5, from LCR5 to LCR7, from 
LCR7 to LCR9, and from LCR9 to Yield were consistent for both years. 
These relationships indicated that a higher amount of total nitrogen was 
associated with seedling vigor and consequently, higher shoot biomass, 
which finally resulted in higher grain yield. The positive effect from solP 
on LCR9 was only observed in 2016. 

Compared to the effects of soil fertility, those of cumulative available 
soil water on shoot biomass were small. In 2016, there were no arcs from 
SW1 and SW3 to LCR, although a weak positive effect of SW2 on LCR7 
was detected. In 2017, SW1 had a negative effect on LCR5, which 
indicated that a higher shoot biomass at 5 WAS was observed in a soil 
type with lower available soil water. The weak positive effect of SW3 on 
FTH indicated that the period from flowering to harvest was longer in 
the soil type with higher cumulative available soil water in the late 
growth stage. 

Both FTH and DTF positively affected LCR9, which indicated that 

plants with later flowering and a longer period of maturity showed 
higher shoot biomass in the late growth period and consequently, higher 
grain yield. These positive effects of the phenological traits were 
consistent for both years. The effect size of DTF was larger than that of 
FTH. There were negative relationships between DTF and FTH, which 
indicated that plants with later flowering showed a shorter period of 
maturity. 

4. Discussion 

4.1. Effects of environment, genotype, and genotype-environment 
interaction on grain yield 

The yield varied more among the two years than among the different 
soil types (Table 3), which indicated that precipitation was the major 
factor affecting annual yield variation in the Sudan Savanna. The lower 
precipitation in 2017 might have caused plant water deficiency in the 
middle and late growth periods when the plants reached maximum 
growth and needed more soil water than the early growth stage to 
maintain leaf functions. This was consistent with the higher leaf tem-
perature at the middle and late growth stages in 2017 than that in 2016 
(Supplemental Fig. S2). Leaf water scarcity reduces transpiration and 
latent heat flux and leads to an increase in leaf temperature (Maes and 
Steppe, 2012). In relation to precipitation, air temperature, especially 
during the reproductive periods, could be another cause of the yearly 
yield variation. Soil drying because of low precipitation leads to an in-
crease in air temperature (Supplemental Fig. S1), which can cause pollen 
sterility and indehiscence of anthers (Hall, 2004). 

The IPCA1 of the environments, which were expected to relate to soil 
fertility and soil water conditions including annual variations in pre-
cipitation, were the complete opposite between the two years (Fig. 3). 
This indicated that, even for the same soil type, the adaptive genotype 
was different depending on the precipitation. Notably, the large absolute 
values of PCA1 in LXfr and PTpt indicate that no single genotype can 

Fig. 4. Genotype distributions of the plant 
factors of grain yield, phenology, and shoot 
biomass which were used as input variables in 
the ABN analysis. Distributions of 80 samples in 
total comprising 16 genotypes and five repli-
cations are shown. The horizontal lines in the 
boxes are the median values. The height of the 
box represents the interquartile distance, indi-
cating the distribution for 50 % of the data. 
Approximately 99 % of the data fall within the 
top and bottom of the lines extending from the 
box. Black dots are the outliers. LCR5: Leaf 
coverage at 5 weeks after sowing; LCR7: leaf 
coverage at 7 weeks after sowing; LCR9: leaf 
coverage at 9 weeks after sowing; DTF: number 
of days from sowing to 50 % flowering; FTH: 
number of days from flowering to harvest. Bars 
with different letters are significantly different 
at the P < 0.05 level.   
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achieve both stable and high yields in these soil types. The result is 
consistent with a finding in a previous study conducted in the Sudan 
Savanna (Padi, 2004), which showed that high-yielding genotypes in an 
environment favorable for grain yield were unstable in other environ-
ments. This is because the types of stress that can occur in these soils 
differ depending on the precipitation and, thus, tolerance to a single 
stress cannot provide yield stability. 

In this study, cowpea genotypes with a low GEI, ID7 (landrace) and 
ID16 (KVx421− 2 J), were selected as suitable genotypes for the three 
dominant soil types; however, the grain yields of these genotypes were 
not the highest in each of the environments (Table 4). Considering the 
trade-offs of adaptability among environments (El-Soda et al., 2014), a 
stable genotype with medium yield is more favorable than an unstable 
genotype with high yield in a specific environment to improve the 
long-term average yield under multiple soil conditions, most of which 
had a large GEI. In such conditions, varietal selection is not possible 
through the “which-won-where” method (Yan et al., 2007), and AMMI 
modeling is more effective. 

Yield differences among the landraces (Fig. 3) can be explained by 
differences in flowering date, which depend on the origin of the geno-
type (Craufurd et al., 1996). Among the landraces, ID1 and ID3− 6 
achieved the 50 % flowering stage later than others, but combined this 
with a shorter maturity period. The trait of late flowering with delayed 
leaf senescence contributes to higher pod yield (Ismail et al., 2000). This 
would explain the positive effect of DTF on LCR9 and consequently, on 

yield (Fig. 5). The breeding line showed medium mean yields when 
compared to the landraces (Fig. 3). This is because cowpea breeders 
have sought to reduce the number of days needed to achieve 50 % 
flowering to avoid post-flowering drought, which causes a medium 
duration of maturity (Dingkuhn et al., 2006). DTF had a larger positive 
effect on LCR9 than FTH. This likely was because ID13 (IT98K-205− 8), a 
breeding line with extra early maturity, did not show sufficient shoot 
biomass before flowering at the experimental site, which resulted in a 
lower yield. 

4.2. Relationships between environmental and plant factors 

In both years, the higher shoot biomass in LXfr in the early growth 
stage was attributed to the higher amount of soil nitrogen (Fig. 4, Fig. 5). 
Compared to soil nitrogen, the amount of soil available phosphorus had 
a limited effect on shoot biomass; an effect was seen only in the late 
growth stage in 2016, when the precipitation was higher than in 2017. 
The effect of soil available phosphorus in the late growth stage might be 
related to root nitrogen fixation, which accounts for more than 70 % of 
total nitrogen in a cowpea plant (Sanginga et al., 2000). Nitrogen fixa-
tion reaches a maximum in the late growth stage (Thibodeau and 
Jaworski, 1975) and the fixation activity depends on soil phosphorus 
(Abaidoo et al., 2007). The low soil water availability in 2017 likely 
suppressed root nitrogen fixation and, thus, the effect of soil phosphorus 
on shoot biomass was not detected in Fig. 5B. This indicated that the 

Fig. 5. Directed acyclic graph (DAG) and forest 
plot of 95 % intervals of marginal posterior in 
each year. The DAGs of the final model, 
describing the relationship between environ-
mental and plant factors, are shown separately 
for each experimental year. Arcs are labeled 
with standardized marginal posterior medians, 
which indicate the effect size. The numbers in 
parentheses represent the repeatability with 
percentages obtained from 10,000× boot-
strapping, which indicates the reliability of the 
dependency. Solid and dotted arcs represent 
positive and negative relationships between 
variables, respectively. Arcs with bold numbers 
represent dependencies common to both years. 
The variables of soil factors are shown in black 
circles; Cof: coarse fragment content at 0–18 cm 
deep; SolN: total amount of soil nitrogen at 
0–18 cm deep; SolP: total amount of available 
phosphorus at 0–18 cm deep; SW1: amount of 
cumulative available soil water during the early 
growth stage; SW2: amount of cumulative 
available soil water during the middle growth 
stage; SW3: amount of cumulative available soil 
water during the late growth stage. The vari-
ables of plant factors are shown in white circles; 
LCR5: leaf coverage at 5 weeks after sowing; 
LCR7: leaf coverage at 7 weeks after sowing; 
LCR9: leaf coverage at 9 weeks after sowing; 
DTF: number of days from sowing to 50 % 
flowering; FTH: number of days from flowering 
to harvest. (C) The 95 % intervals of standard-
ized marginal posterior (the effect size indica-
tor) of all dependencies are shown in the forest 
plot. Dots and lines represent the median values 
and 95 % confidence intervals, respectively.   
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difference in the amount of soil nitrogen was the primary cause of the 
local variation in grain yield. 

Compared to soil fertility, differences in cumulative available soil 
water among the soil types had little effect on shoot biomass and grain 
yield. One of the reasons was that the surface layers of LXfr and PTpt are 
prone to excess water under high precipitation, and that of LXfr is prone 
to drought under low precipitation. In 2016, soil air volume in the 
surface layer was lower in LXfr and PTpt than PTpt.px (Supplemental 
Fig. S3). This was due to the higher water holding capacity derived from 
the lower coarse fragment content and higher clay content in LXfr and 
PTpt (Table 1). Excess soil water was accompanied with high soil tem-
perature as the heavy rainfall was short-lived and the soil temperature 
increased quickly as strong solar radiation returned. Soil respiration 
increases with increasing soil temperature (Lloyd and Taylor, 1994). 
Therefore, low soil air volume under excess soil water together with high 
soil temperature would have resulted in a sharp decrease in the oxygen 
content in soil air, which would have suppressed root nitrogen fixation 
(Bordeleau and Prévost, 1994). In LXfr, the soil temperature in the 
surface layer (0–10 cm deep) frequently surpassed 35 ◦C and sometimes 
reached 40 ◦C, which is much higher than the threshold temperature of 
30 ◦C above which the nitrogen fixation capacity is severely affected 
(Maekawa et al., 2011). In short, the higher soil water availability in 
LXfr and PTpt was not invariably favorable for cowpea. Damage caused 
by excess water can suppress the nitrogen fixation capacity of cowpea 
and consequently reduce grain yield. A similar effect of poor drainage of 
Lixisols on grain yield has been reported for groundnut (Narh et al., 
2014). This would also explain why soil water had a smaller effect on 
shoot biomass than soil fertility did. Genotypes showing good conge-
niality to LXfr and PTpt in 2016 (ID2, ID8, ID9, and ID10) were 
considered to have better adaptability to excess soil water conditions 
than other genotypes (Fig. 3A). 

In 2017, excess water conditions in LXfr and PTpt were not more 
severe than in 2016 (Supplemental Fig. S3). The negative relationship 
between SW1 and LCR5 in 2017 (Fig. 5B) might be due to the higher 
shoot biomass in LXfr than in PTpt, although the amount of available soil 
water was higher in PTpt than in LXfr. This result indicated that the 
higher soil fertility of LXfr prominently contributed to cowpea growth 
when the excess water conditions were not severe (Fig. 2). On the other 
hand, soil water in the surface layer easily infiltrated into the subsurface 
layer in LXfr. Therefore, the surface layer in LXfr quickly dried out when 
there was little precipitation. This explained the positive relationship 
between Cof and SW3 in 2017, when the surface layer in LXfr dried up in 
the late growth stage (Fig. 2, Fig. 5B). As mentioned above, the larger 
GEI for LXfr and PTpt were thought to be caused by excess-water 
damage under high precipitation for both LXfr and PTpt in addition to 
drought stress under low precipitation for LXfr, although these soils had 
better soil chemical properties. This is why the genotypes that had good 
congeniality with LXfr and PTpt were different for the two years. In 
2017, ID1, ID6, or ID12 were congenial with LXfr or PTpt (Fig. 3A). 
Those genotypes were thought to be adapted to relatively dry soil con-
ditions rather than wet soil conditions. 

In PTpt.px, the risk of excess water was smaller than that in LXfr and 
PTpt, probably because PTpt.px had more coarse fragments (Table 1) 
and, thus, more macropores than LXfr and PTpt, and because PTpt.px 
was located at the upper slope. In the prolonged dry spell in the middle 
growth stage in 2016, on the other hand, the plants in PTpt.px were 
exposed to drought (Fig. 2) because the soil had a lower water-holding 
capacity. This resulted in the positive relationship between SW2 and 
LCR7 in 2016 (Fig. 5A). ID1, ID14 and ID15 were detected as adaptive 
genotypes at PTpt.px in 2016 and might have higher ability to maintain 
plant biomass and grain productivity during dry spells (Fig. 3A). In 
2017, dry spells on PTpt.px were shorter but more frequent than in 
2016. This might be a reason why the adaptive genotypes were different 
for the two years when ID5 and ID7 were detected for PTpt.px in 2017. 

Although the mean grain yield was the lowest in PTpt.px due to the 
poor soil chemical properties, the soil water conditions were relatively 

favorable for cowpea growth, which resulted in high yield stability. 
PTpt.px had a petroplinthite with low permeability at shallow depth, 
and this may be the reason why soil water was kept in the surface layer. 
If chemical or organic fertilizers are applied to overcome the poor soil 
chemical properties, PTpt.px may show higher cowpea productivity 
than LXfr and PTpt; however, this remains to be addressed in a future 
study. 

5. Conclusions 

Cowpea annual yield variation in the dominant soils in Sudan 
Savanna was primarily caused by a difference in the amount of available 
soil water, resulting from precipitation variability. The primary cause of 
yield variation among different soil types under same precipitation was 
the difference in soil chemical properties, especially, the amount of ni-
trogen. The amount of available phosphorus affected shoot biomass in 
the late growth stage only if there was sufficient soil water. Differences 
in soil physical properties related to drainage were thought to be a 
reason for the larger GEI in LXfr and PTpt. Both these soil types were 
prone to excess water under high precipitation, and LXfr was prone to 
drought under low precipitation. In contrast, PTpt.px showed good 
drainage and smaller GEI, but it had an increased risk of drought in a 
prolonged dry spell. The adaptive genotypes were different depending 
on soil type and precipitation. These adaptive genotypes were not 
necessarily the highest yielding ones across environments because some 
of them had a small genotype main effect, but they were thought to have 
a higher degree of tolerance against excess water or drought stress. This 
trait could be useful for breeding purposes. In this study, ID7 (landrace) 
and ID16 (KVx421− 2 J) were selected as suitable genotypes across the 
soil types. These genotypes had a smaller GEI, but their grain yields were 
not the highest in each environment. Medium-but-stable-yield geno-
types under various environments would be preferable to improve long- 
term average yield in the Sudan Savanna because multiple soil types 
with large GEI are widely distributed. Further studies are needed to 
clarify the physiological mechanisms underlying the yield stability of 
these varieties under excess water and drought conditions. 
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