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ARTICLE

Modeling groundnut (Arachis hypogaea L.) performance
under drought conditions
Richard Oteng-Frimpong a, Yussif Baba Kassimb, Rukiya Danfulb, Richard Akromahb,
Alex Wireko-Kenab, and Stephen Forsonb

aCouncil for Scientific and Industrial Research-Savanna Agricultural Research Institute (CSIR-SARI),
Tamale, Ghana; bDepartment of Crop and Soil Sciences, Kwame Nkrumah University of Science
Technology, Kumasi, Ghana

ABSTRACT
Erratic rainfall is often a limiting factor in the semi-arid regions
where most groundnut cultivation occurs. As a result, ensuring
availability of cultivars that possess inherent tolerance to drought
stress has become a priority. Field and box (wooden boxes of 2 m
length × 1 m width × 0.3 m depth) experiments were conducted
under drought and non-drought conditions to identify physiolo-
gical and agronomic traits correlated with pod yield (PY). Fifty (50)
advanced breeding lines were evaluated. Linear models contain-
ing different combinations of total dry matter at maturity, crop
growth rate, pod growth rate, partition coefficient, and harvest
index were able to predict PY under intermittent drought
(adjusted R2 range: 0.9798–0.9895). The box experiment was
more discriminating of genotypes than field experiments, making
it a suitable technique for drought tolerance screening using
specific leaf area and leaf chlorophyll content. As a result, screen-
ing and pre-selection using the seed-box technique before
advanced evaluation on the field is recommended.

ARTICLE HISTORY
Received 6 July 2018
Accepted 26 October 2018

KEYWORDS
Intermittent drought; linear
models; physiological and
agronomic traits; principal
component analysis;
terminal drought

1. Introduction

Most of the groundnut cultivation occurs in the semi-arid regions where
erratic rainfall is often a limiting factor and as a result, mid- and end-of-
season droughts are critical as they directly affect pod yield (PY) and quality
(Pasupuleti et al. 2016). Development of water-use efficient cultivars has
therefore been an important breeding objective in groundnut improvement
programs (Pasupuleti et al. 2016).

However, most groundnut breeding programs follow an empirical
approach to screening for drought tolerance, which is largely based on
kernel yield and traits of local adaptation (Nigam et al. 2005). This slows
down breeding progress because of the influence of genotype-by-manage-
ment interaction on yield. The use of physiological traits in a breeding
program either by direct selection or through a surrogate, such as
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molecular markers, depends on their relative genetic correlation with
yield, extent of genetic variation, heritability, and genotype-by-environ-
ment interactions (Pandey and Shukla 2016). A large number of studies
have identified several physiological traits, whose presence is associated
with plant adaptability to drought-prone environments (Akbar et al. 2017;
Arunyanark et al. 2009; Cruickshank et al. 2004; Kiniry et al. 2005;
Krishnamurthy et al. 2013). These putative traits are more effective in
enhancing drought tolerance and contribute to PY under water-stress
conditions (Ludlow and Muchow 1990).

On the other hand, the interaction between plants and their environment
involves elaborate biological, physical, and chemical processes that affect
plants and plant ecosystem development (Měch and Prusinkiewicz 1996).
Hence to understand the responses of crops to their environments, models
are being used to study both simple and complex aspects of this system
(Hoogenboom, Jones, and Boote 1992). Simulation models are very powerful
tools for critically assessing the value of putative traits (Ludlow and Muchow
1990). The groundnut model “PNUTGRO” has been used to predict phenol-
ogy, growth, and yield (Boote, Jones, and Singh 1992; Hoogenboom, Jones,
and Boote 1992; Kaur and Hundal 1999; Singh et al. 1994). However,
simulating events using this model has reportedly shown deviations for
flowering, pegging and physiological maturity (Kaur and Hundal 1999;
Singh et al. 1994). Singh et al. (1994) have indicated that this model should
work best under stress-free situations, which is an unrealistic proposition.
This suggests that new models need to be developed and tested (Ludlow and
Muchow 1990). Therefore, the main objectives of this study were: (i) to
identify physiological and agronomic traits associated with PY under drought
conditions, (ii) to develop a trait-based model that can be used as a tool for
predicting PY under drought conditions, and (iii) to propose a technique
based on physiological traits that can be used to rapidly screen genotypes for
drought tolerance.

2. Materials and methods

2.1. Design of experiments and management

The study was conducted at the CSIR-Savanna Agricultural Research
Institute (CSIR-SARI), Ghana. The study location falls within the Guinea
Savanna Agro-ecological zone of Ghana (N 9°23′38.2″ and W 1°00′18.4″).
The study comprised two experiments; one conducted using seed boxes and
the other conducted under field conditions. Fifty (50) advanced breeding
lines (Table 1), originally selected for diverse traits, were used in this study.
All genotypes used were part of the SARI groundnut germplasm obtained
from diverse sources.

126 R. OTENG-FRIMPONG ET AL.



Table 1. Description of genotypes used in this study.

No. Cultivar Growth habit
Branching
pattern† Subspecies

Botanical
type

Agronomic
attributes‡

1 SARGV 016 Unknown Unknown Unknown Unknown Unknown
2 NKATIE SARI Spreading and

bunch
Irregular 1 Fastigiata Spanish ELS, LLS

3 ICGV 07356 Unknown Unknown Unknown Unknown DT
4 ICGV 00350 Bunch Irregular 2 Hypogaea Virginia DT
5 ICGV 93305 Spreading Sequential Fastigiata Spanish SD, AT
6 ICGV 00005 Unknown Unknown Unknown Unknown SD, ELS, LLS
7 12CS-042 Spreading and

bunch
Irregular 1 Fastigiata Spanish SD, ELS, LLS

8 ICGV 01276 Bunch Irregular 2 Hypogaea Virginia SD, ELS, LLS
9 ICGV 86124 Bunch Sequential Fastigiata Spanish DT
10 ICGV 91315 Spreading and

bunch
Irregular 1 Fastigiata Spanish SD, AT

11 ICGV 94379 Spreading and
bunch

Irregular 1 Fastigiata Spanish SD, AT, ELS, LLS

12 ICGV 02271 Unknown Unknown Unknown Unknown DT
13 ICGV 03056 Bunch Irregular 1 Fastigiata Spanish DT
14 ICGV 00068 Unknown Unknown Unknown Unknown SD, ELS, LLS
15 12CS-008 Spreading and

bunch
Irregular 1 Fastigiata Spanish SD, ELS, LLS

16 ICGV 91284 Spreading Alternate Hypogaea Virginia SD, ELS, LLS
17 SARGV 019 Unknown Unknown Unknown Unknown Unknown
18 ICGV 86015 Bunch Irregular 2 Hypogaea Virginia DT
19 12CS-111 Spreading and

bunch
Irregular 2 Hypogaea Virginia SD, ELS, LLS

20 ICGV 92302 Spreading Irregular 1 Fastigiata Spanish SD, AT
21 SARGV 008 Unknown Unknown Unknown Unknown Unknown
22 ICGV 97188 Spreading and

bunch
Sequential Fastigiata Spanish DT

23 CHINESE Erect Sequential Fastigiata Spanish SD
24 ICGV 91317 Spreading Sequential Fastigiata Spanish SD, AT
25 SARGV 009 Unknown Unknown Unknown Unknown Unknown
26 ICGV 89104 Bunch Irregular 1 Fastigiata Spanish SD, ELS, LLS
27 12CS-041 Spreading and

bunch
Irregular 1 Fastigiata Spanish SD, ELS, LLS

28 ICGV 91328 Spreading Sequential Fastigiata Spanish SD, AT
29 FLEUR 11 Bunch Irregular 1 Fastigiata Spanish DT
30 SARGV 010 Unknown Unknown Unknown Unknown Unknown
31 ICGV 89767 Bunch Irregular 2 Hypogaea Virginia SD, ELS, LLS
32 12CS-004 Spreading Irregular 2 Hypogaea Virginia SD, ELS, LLS
33 12CS-058 Spreading and

bunch
Irregular 2 Hypogaea Virginia SD, ELS, LLS

34 ICGV 91324 Spreading Sequential Fastigiata Spanish SD, AT
35 CN-94C Bunch Irregular 1 Fastigiata Spanish DT
36 ICGV 99240 Spreading Sequential Fastigiata Spanish DT
37 ICGV 91114 Unknown Unknown Unknown Unknown DT
38 YENYAWOSO Spreading Irregular 2 Hypogaea Virginia SD
39 KPANIELLI Erect Sequential Fastigiata Spanish Unknown
40 ICGV 99247 Unknown Unknown Unknown Unknown DT
41 ICGV 00064 Unknown Unknown Unknown Unknown SD, ELS, LLS
42 SUMNUT 23 Bunch Irregular 1 Fastigiata Spanish SD
43 55–437 Bunch Irregular 2 Hypogaea Virginia DT
44 ICGV 91279 Spreading Sequential Fastigiata Spanish SD, AT
45 ICGV 99241 Spreading Sequential Fastigiata Spanish DT

(Continued )
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2.1.1. Seed-box experiment
Three wooden seed boxes (2 m length × 1 m width × 0.3 m depth) were
constructed. The boxes were lined with a black polythene sheet to ensure that
water was not lost through any means other than evapotranspiration. Topsoil
from SARI experimental field was used to fill the boxes. Seeds were sown in
single rows. The inter-row and intra-row spacings were 20 and 10 cm, respec-
tively giving a plant population of 100 plants per box. Four seeds were sown per
hill; thinning was done 14 days after planting to keep only one plant per hill. All
recommended production practices for groundnut were followed. Water supply
was terminated at the flowering stage to simulate terminal drought.

2.1.2. Field experiment
Three environments differing in drought scenarios were created using different
watering regimes. The first treatment (well irrigated) received regular irrigation
from planting till maturity. The second treatment (terminal drought) received
regular irrigation from planting to flowering, after which no irrigation was
applied. The third treatment (intermittent drought) received irrigation from
planting to pod initiation, after which irrigation was given only when there were
signs of permanent wilting. To limit the influence of rainfall, the experiment was
conducted under the post-rainy season (December 2016–May 2017). The experi-
ment was conducted using rectangular lattice design with a block size of two. Each
treatment was replicated three times. One seed per hill was planted in 4 m long
single-row plots. Seeds that did not emerge were refilled at 14 days after planting.
Inter- and intra-row spacings were 0.5 and 0.1 m, respectively, giving a plant
population of 40 plants plot−1. Phosphorus was applied at emergence in the form
of triple super phosphate at a rate of 60 kg P2O5 ha−1. Plots were further
supplemented with ground oyster shells at a rate of 200 kg ha−1 to supply calcium.

2.2. Data collection

Cumulative thermal time (CTT, °Cd) was used as an objective method of
determining growth stages (Rao, Nigam, and Huda 1992). Data collection was

Table 1. (Continued).

No. Cultivar Growth habit
Branching
pattern† Subspecies

Botanical
type

Agronomic
attributes‡

46 ICGV 93328 Spreading Sequential Fastigiata Spanish SD, AT
47 ICGV 91,278 Spreading Sequential Fastigiata Spanish SD, AT
48 ICGV 86024 Bunch Irregular 1 Fastigiata Spanish DT
49 SARGV 018 Unknown Unknown Unknown Unknown Unknown
50 ICGV 99029 Unknown Unknown Unknown Unknown SD, ELS, LLS

†The branching pattern of the genotypes were assigned as described by Ibpgr (1992) and Pittman (1995).
‡SD: short duration; AT: aflatoxin tolerance; ELS; early leaf spot tolerance; LLS: late leaf spot tolerance; DT:
drought tolerance.
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done at 408.00, 932.80, and 2369.70 °Cd, which corresponded with flowering,
pod initiation, and physiological maturity, respectively. Data were collected on
plant stand, canopy width (cm), canopy height (cm), days to 50% flowering (°
Cd), leaf area (LA, cm2) using a portable leaf area meter (YMJ-B), leaf dry
weight (LDW, g) after oven-drying leaves at 60°C for 72 h, specific leaf area
(SLA, cm2g−1), leaf chlorophyll content using a SPAD chlorophyll meter
(SPAD-502Plus, Hangzhou Mindfull Technology Co. Ltd, Shunda, China),
leaf temperature (°C) using an infra-red meter (Extech 42510A, Agriculture
Solutions, Strong ME, USA), dry biomass (DM, tha−1), PY, tha−1, total dry
biomass (TDM, tha−1), harvest index (HI, %), crop growth rate (CGR, g°Cd−1),
pod growth rate (PGR, g°Cd−1), partition coefficient (PCt), and percentage yield
penalty relative to biomass (YPDM, %) and to pod yield (YPPY, %).

The CTT, SLA, TDM, HI, CGR, PGR, PCt, YPDM, and YPPY were esti-
mated using the equations below, respectively:

CTT ¼
XHar

Plt

Tmax þ Tmin

2
� Tbase;

SLA ¼ LA
LDW

;

TDM ¼ DMþ PY� 1:65ð Þ;

HI ¼ PY
TDM

� 100;

CGR ¼ DMþ PY� 1:65ð Þ
Tt

;

PGR ¼ PY� 1:65
Tt � Tf

;

PCt ¼ PGR
CGR

;

YPDM ¼ DMns � DMs

DMns
� 100;
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YPPY ¼ PYns � PYs

PYns
� 100;

where Tmax = daily maximum temperature, Tmin = daily minimum tempera-
ture, Tbase = mean base temperature for groundnut, Plt = start date, and
Har = end date, Tt = duration from sowing to harvest in CTT, Tf = duration
from sowing to 50% flowering in CTT, DMns = biomass yield of non-stressed
plot, DMs = biomass yield of stressed plot, PYns = pod yield of non-stressed
plot, and PYs = pod yield of stressed plot. A base temperature of 13°C
(Nigam 2014) was used. Pod weight was multiplied by a correction factor
of 1.65 to adjust for the differences in the energy requirement for producing
pod dry matter compared with vegetative part (Duncan et al. 1978).

2.3. Weather and soil parameters

Meteorological and soil data were recorded using a data logger (Em50 Data
Collection System, Decagon Devices, Inc., Pullman, USA.) positioned in the
middle of the field experiment. The data logger was set to take readings on an
hourly basis. Data were recorded on precipitation (mm), ambient tempera-
ture (°C), relative humidity (%), vapor pressure (kPa), volumetric soil moist-
ure content (m3m−3), and soil water potential (kPa).

2.4. Statistical analyses

Environment-specific analysis was done using “agricolae” (Felipe 2017) pack-
age of the R statistical software (version 3.4.3) (R Core Team, 2018). The
analysis for each trait in an individual environment was based on the
following linear additive model:

Yijk ¼ μþ rk þ bjk þ gi þ εijk;

where Yijk, μ, rk, bjk, gi, and εijk, respectively, denote the observation on
genotype i in block j of replication k, general mean, effect of replication k,
effect of block j within replication k, effect of genotype i, and the residual
effect.

Using the mean performance of the genotypes for each trait under the
intermittent drought environment, a principal component analysis (PCA)
was done on a genotype-by-trait matrix of 25 genotypes (training sample)
using FactoMineR (Sebastien, Julie, and Francois 2008) package of the R
statistical software, to identify the most important traits related to PY under
intermittent drought conditions. Based on the PCA output, models were
generated using traits that were in the same quadrant as PY and/or had
high correlations with the axis of the PCA plot.
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With the “regsubsets ()” function of leaps (Lumley 2017) package of the R
statistical software, all subsets regression (traits were combined in all possible
ways) was done to obtain linear regression models using the training sample.
Genotype-by-trait biplot was used to determine correlations among predictor
variables after the data were standardized (mean of zero and standard
deviation of one). Multicollinearity between predictor variables was further
tested after each regression fit using “vif ()” function of car (Fox and
Weisberg 2011) package of the R statistical software, which computes the
variance inflation factor (VIF). Models that had predictor variables with high
correlations and/or VIF values greater than 2 were dropped (Kabacoff 2015).
The assumptions of ordinary least square (OLS) regression of each model
were tested using the “Global test of linear model assumptions” function of
gvlma (Pena and Slate 2014) package of the R statistical software after each
regression fit. The relative importance of predictors in each model was
determined using “relweights ()”of the R statistical software. The models
with significant p-values and adjusted R2 ≥ 0.90 were selected for cross-
validation. The validation was done using data from the hold-out sample (the
remainder set of 25 genotypes used in this experiment). Further validation
was done using data from the well-irrigated environment. XY plots of the
“terms of each validated model” (traits found in each model) were used to
identify the levels of combination of these traits that would give a high PY
(≥3.5 tha−1) under intermittent drought conditions.

To identify the suitability of evaluating genotypes for drought tolerance in one
environment (test environment) for another environment (target environment),
Pearson correlation was used to estimate the coefficient of relationship between
the treatments using agricolae package of the R statistical software. Genotype
main effect plus genotype-by-environment (GGE) interaction analysis was con-
ducted to identify the most discriminating environment using GGEBiplotGUI
(Frutos, Galindo, and Leiva 2014) package of the R statistical software.

3. Results

3.1. Weather and soil parameters under field conditions

The mean daily air temperature ranged between 17.40 and 41.40°C (Figure 1).
The maximum precipitation, which occurred during the latter part of the
experiment, was 16.40 mm (Figure 1). Mean daily relative humidity ranged
between 5.63 and 93.00%, whereas mean daily vapor pressure ranged between
87.59 and 100.05 kPa (Figure 2).

There was a progressive decline in soil moisture from 0.28 to 0.12 m3m−3 at
10 cm soil depth and from 0.33 to 0.10 m3m−3 at 20 cm soil depth (Figure 3). Soil
water potential also declined progressively from −6.73 to −455.85 kPa during the
experimental period (Figure 3).
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Figure 1. Daily rainfall, minimum and maximum temperatures during the experimental period.

Figure 2. Daily minimum and maximum relative humidity and vapor pressure during the
experimental period.

Figure 3. Volumetric moisture content and water potential of the soil during the experimental
period.
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3.2. Identification of the most important physiological traits associated
with PY

The first quadrant of the individuals factor map contained genotypes, such as
12 CS-004, 12 CS-041, ICGV 89104, CN-94C, ICGV 03056, and ICGV 91114
(Figure 4). On the other hand, the first quadrant of the variables factor map
had PY and other important traits that could be used to select for high PY
under intermittent drought conditions. Table 2 contains the traits with
significant correlations with dimensions 1 and 2 of Figure 4.

Leaf area at pod initiation had the highest positive correlation, whereas dry
matter at maturity had the highest negative correlation with dimension 1
(Table 2). All other traits with significant associations with dimension 1 had
coefficients between these two extremes. CGR and PY penalty also had the
highest positive and negative correlations, respectively, with dimension 2. All
other traits with significant associations with dimension 2 had coefficients
between these two extremes.

3.3. Generation, calibration, and validation of linear models

All the traits in Table 2 were subjected to all subsets regression, after which a
total of 25 models were obtained. However, TDM, CGR, PGR, PCt, and HI
gave models with the highest adjusted R2 values (Figure 5(a)). The model
containing all the five traits as predictor variables gave the highest adjusted
R2 (1.00), whereas the model with only TDM as predictor variable gave the
lowest adjusted R2 (0.30) value (Figure 5(a)). All the other models with
different combinations of predictor variables were between these two
extremes.

Figure 4. PCA plot showing the most important physiological traits associated with PY under
intermittent drought conditions.
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The genotype-by-trait biplot (Figure 5(b)) showed that PGR had a strong
positive correlation with HI, PCt, CGR, and TDM. HI correlated strongly
with PCt, and TDM with CGR. Since correlated variables cannot be used as
predictor variables in one model because of multicollinearity (Graham 2003;
Kabacoff 2015), five models were selected for calibration and validation.

All selected models had significant overall F-test at p < 0.001 with adjusted
R2 > 0.90 (Table 3). The predictor variables had significant positive regres-
sion coefficients (p ≤ 0.001) in all the models selected (Table 4). None of the
indicators of global validation of linear model assumptions was significant in

Table 2. Traits with high correlations with dimensions 1 and 2 of the PCA plot.
Dim.1 Dim.2

Trait Correlation Significance Trait Correlation Significance

Leaf area at pod initiation 0.81 *** Crop growth rate 0.96 ***
Harvest index 0.77 *** Total dry matter at

maturity
0.94 ***

Partition coefficient 0.77 *** Dry matter at maturity 0.76 ***
Plant stand at 14 DAP† 0.69 *** Pod growth rate 0.73 ***
Percent germination 0.69 *** Pod yield 0.71 ***
Pod yield 0.59 ** Dry matter at pod

initiation
0.46 *

SLA‡ at maturity 0.58 ** Pod yield penalty −0.63 ***
Leaf dry weight at pod
initiation

0.58 **

Pod growth rate 0.56 **
SLA at pod initiation 0.56 **
Leaf area at maturity 0.49 *
Degree days to flowering −0.42 *
Dry matter at maturity −0.43 *

*, **, *** Significant at the 0.05, 0.01, and 0.001 probability level, respectively.
†DAP: days after planting.
‡SLA: specific leaf area.

A 
B

Figure 5. All subsets regression plot (a) and Genotype-by-trait biplot showing associations
among selected predictor variables (b).
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any of the models (Table 5), indicating that the data and the selected models
met all the statistical assumptions associated with an OLS regression model.

There was no multicollinearity between the predictor variables of any of
the selected models, as none of the parameters had a VIF > 2 (Table 6). The
TDM contributed 41.72% and 45.05% to the R2 values of models 1 and 2,
respectively, whereas PCt contributed 58.28% and 48.48% to the R2 values of
models 1 and 3, respectively (Table 6). The CGR also contributed 51.52% and
54.83% to the R2 values of models 3 and 4, respectively, whereas HI con-
tributed 54.95% and 45.17% to the R2 values of models 2 and 4, respectively.

There were significant correlations (p ≤ 0.001) between predicted PY and
the realized PY (Table 7) under intermittent drought and well-irrigated

Table 3. Calibration of models.
No. Model F-statistic Pr(> F) AIC‡‡ Adjusted R2

1 PY† = TDM‡ + PCt§ 510.5 < 2.2e−16*** −61.23 0.9798
2 PY = TDM + HI¶ 549.8 < 2.2e−16*** −62.84 0.9812
3 PY = CGR# + PCt 767.8 < 2.2e−16*** −70.08 0.9865
4 PY = CGR + HI 853.2 < 2.2e−16*** −72.37 0.9878
5 PY = PGR†† 2258 < 2.2e−16*** −76.15 0.9895

*, **, *** Significant at the 0.05, 0.01 and 0.001 probability level, respectively.
†PY: pod yield.
‡TDM: total dry matter.
§PCt: partition coefficient.
¶HI: harvest index.
#CGR: crop growth rate.
††PGR: pod growth rate.
‡‡Akaike information criterion.

Table 4. Coefficient estimates and level of significance of the terms of selected models.
Model Parameter Estimate Std. error t Value Pr(>|t|)

PY† = TDM‡ + PCt§ Intercept −2.55953 0.14495 −17.66 3.02e−13 ***
TDM 0.34142 0.01387 24.61 7.10e−16 ***
PCt 4.00421 0.14384 27.84 <2e−16 ***

PY = TDM + HI¶ Intercept −2.25906 0.131049 −17.24 4.66e−13 ***
TDM 0.371239 0.013777 26.95 <2e−16 ***
HI 0.060433 0.002091 28.9 <2e−16 ***

PY = CGR# + PCt Intercept −2.1058 0.1066 −19.76 3.97e−14 ***
CGR 665.2114 21.9927 30.25 <2e−16 ***
PCt 3.2795 0.1113 29.46 <2e−16 ***

PY = CGR + HI Intercept −1.83056 0.094421 −19.39 5.6e−14 ***
CGR 711.6104 21.1665 33.62 <2e−16 ***
HI 0.048735 0.001568 31.07 <2e−16 ***

PY = PGR†† Intercept −0.02248 0.04486 −0.501 0.621ns

PGR 1048.853 22.07018 47.524 < 2e−16 ***

*, **, *** Significant at the 0.05, 0.01 and 0.001 probability level, respectively.
†PY: pod yield.
‡TDM: total dry matter.
§PCt: partition coefficient.
¶HI: harvest index.
#CGR: crop growth rate.
††PGR: pod growth rate.
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conditions. The correlation coefficients ranged from 0.94 to 0.99 under
intermittent drought and from 0.86 to 0.99 under well-irrigated conditions,
with model 5 showing the highest correlation coefficient under both
conditions.

Table 5. Global validation of linear model assumptions.
p-Values

Model 1 Model 2 Model 3 Model 4 Model 5

Global stat 0.8146ns† 0.9097 ns 0.8173 ns 0.9139 ns 0.7904 ns

Skewness 0.4795ns 0.5296ns 0.5137ns 0.5248ns 0.5301ns

Kurtosis 0.3145ns 0.9783ns 0.3102ns 0.9495ns 0.7141ns

Link function 0.8156ns 0.4499ns 0.7618ns 0.4735ns 0.5241ns

Heteroscedasticity 0.9648ns 0.855ns 0.9471ns 0.822ns 0.381ns

†ns: not significant at p = 0.05.

Table 6. Multicollinearity and relative importance of predictor variables.

Model Parameter
Variance inflation

factor (VIF)
Contribution of predictor

variables (%)

PY† = TDM‡ + PCt§ TDM 1.146997 41.72
PCt 1.146997 58.28

PY = TDM + HI¶ TDM 1.216868 45.05
HI 1.216868 54.95

PY = CGR# + PCt CGR 1.026673 51.52
PCt 1.026673 48.48

PY = CGR + HI CGR 1.055516 54.83
HI 1.055516 45.17

PY = PGR†† PGR NA‡‡ 100

†PY: pod yield.
‡TDM: total dry matter.
§PCt: partition coefficient.
¶HI: harvest index.
#CGR: crop growth rate.
††PGR: pod growth rate.
‡‡NA: not applicable.

Table 7. Validation of the models under drought and non-drought conditions.
Correlation coefficient

Observed pod yield

Model no. Simulated pod yield Intermittent drought Well-irrigated

1 PY† = TDM‡ + PCt§ 0.94*** 0.88***
2 PY = TDM + HI¶ 0.96*** 0.86***
3 PY = CGR# + PCt 0.96*** 0.92***
4 PY = CGR + HI 0.97*** 0.90***
5 PY = PGR†† 0.99*** 0.99***

***Significant at the 0.001 probability level.
†PY: pod yield.
‡TDM: total dry matter.
§PCt: partition coefficient.
¶HI: harvest index.
#CGR: crop growth rate.
††PGR: pod growth rate.
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3.4. Predicting PY using the terms of the models

For a genotype to attain a PY of 2.36 to 3.56 t ha−1 (arced areas in Figure 6)
under intermittent drought condition, it must produce a minimum total dry
matter of 6.49 t ha−1, with a minimum PCt of 0.65 (Figure 6(a)) or a
minimum HI of 35.67% (Figure 6(b)). Similarly, for a genotype to attain a
PY of 2.36 to 3.56 t ha−1 (arced areas in Figure 6) under intermittent drought
condition, it must produce a minimum CGR of 0.0035 g°Cd−1 and a mini-
mum PCt of 0.65 (Figure 6(c)) or a minimum HI of 35.67% (Figure 6(d)). A
genotype must have a minimum PGR of 0.0023 g°Cd−1 to attain a PY of 2.36
to 3.56 tha−1 under intermittent drought condition (results not shown).

3.5. Relationship among environments

For leaf chlorophyll content, the box environment showed a significant
correlation with only the terminal drought environment at 932.80 and
2369.70 °Cd (pod initiation and physiological maturity growth stages, respec-
tively) (Table 8). Intermittent drought environment also had a significant
relationship with the well-irrigated environment at 932.80 and 2369.70 °Cd.
In addition, for SLA, results from the box environment had significant
correlation with only the terminal drought environment at 932.80 and
2369.70 °Cd (Table 8). The SLA at 932.80 °Cd under intermittent drought
had a significant correlation with all the environments, except the box
environment and well-irrigated environment at 2369.70 °Cd. Leaf chloro-
phyll content and SLA at 932.80 °Cd were significantly correlated with the
respective leaf chlorophyll content and SLA at 2369.70 °Cd under field
conditions in all treatments (Table 8). However, the box experiment was

A B

C D

Figure 6. “XY” plots of model terms showing combination of levels leading to an improved PY
under intermittent drought conditions.

JOURNAL OF CROP IMPROVEMENT 137



Ta
bl
e
8.

Re
la
tio

ns
hi
p
am

on
g
th
e
va
rio

us
en
vi
ro
nm

en
ts
†
(B
O
X,
FT
1,
FT
2,
an
d
FT
3)
fo
rd

ro
ug

ht
su
rr
og

at
e
tr
ai
ts
(le
af
ch
lo
ro
ph

yl
lc
on

te
nt

(L
Cc
)a
nd

sp
ec
ifi
c
le
af
ar
ea

(S
LA
))
in

th
e
up

pe
r
an
d
lo
w
er

pa
rt
s,
re
sp
ec
tiv
el
y)

[S
am

pl
e
si
ze

=
50
].

BO
X

FT
1

FT
2

FT
3

LC
c
at

PI
‡

LC
c
at

PI
LC
c
at

PM
§

LC
c
at

PI
LC
c
at

PM
LC
c
at

PI
LC
c
at

PM

BO
X

SL
A
at

PI
−
0.
02

n
s

0.
11

n
s

0.
28
*

0.
28
*

0.
14

n
s

0.
18

n
s

LC
c
at

PI
BO

X
FT
1

SL
A
at

PI
0.
09

n
s

0.
58
**
*

0.
12

n
s

0.
11

n
s

0.
37
*

0.
21

n
s

LC
c
at

PI
FT
1

SL
A
at

PM
0.
03

n
s

0.
39
**

0.
11

n
s

0.
39
**

0.
47
**

0.
45
**

LC
c
at

PM
FT
2

SL
A
at

PI
0.
32
*

0.
57
**
*

0.
13

n
s

0.
46
**

0.
2n

s
0.
27

n
s

LC
c
at

PI
FT
2

SL
A
at

PM
0.
34
*

0.
57
**
*

0.
36
*

0.
44
**

0.
26

n
s

0.
39
**

LC
c
at

PM
FT
3

SL
A
at

PI
0.
17

n
s

0.
38
*

0.
12

n
s

0.
54
**
*

0.
38
*

0.
64
**
*

LC
c
at

PI
FT
3

SL
A
at

PM
0.
26

n
s

0.
12

n
s

0.
1n

s
0.
26

n
s

0.
2n

s
0.
07

n
s

LC
c
at

PM
SL
A
at

PI
SL
A
at

PI
SL
A
at

PM
SL
A
at

PI
SL
A
at

PM
SL
A
at

PI
SL
A
at

PM
BO

X
FT
1

FT
2

FT
3

*,
**
,*
**

Si
gn

ifi
ca
nt

at
th
e
0.
05
,0

.0
1
an
d
0.
00
1
pr
ob

ab
ili
ty

le
ve
l,
re
sp
ec
tiv
el
y.
ns
:n

ot
si
gn

ifi
ca
nt
.

†B
ox
,F
T1
,F
T2

an
d
FT
3
de
no

te
bo

x,
in
te
rm

itt
en
t
dr
ou

gh
t,
te
rm

in
al
dr
ou

gh
t
an
d
w
el
l-i
rr
ig
at
ed

tr
ea
tm

en
ts
,r
es
pe
ct
iv
el
y.

‡P
Ip

od
in
iti
at
io
n.

§P
M

ph
ys
io
lo
gi
ca
lm

at
ur
ity
.

138 R. OTENG-FRIMPONG ET AL.



the most discriminating among all the treatments studied for the two
drought surrogate traits considered (leaf chlorophyll content (Figure 7) and
SLA (Figure 8)).

4. Discussion

Figure 4 and Table 2 represent traits with high principal component axis scores
under the intermittent drought condition. However, after all subsets regression,
TDM, CGR, PGR, PCt, and HI gave models with the highest adjusted R2 values
(Figure 5(a)). This confirms why yield and yield-contributing parameters are
the most widely targeted traits in groundnut improvement programs worldwide
(Pasupuleti et al. 2013). Our findings support the proposition that PY is a
function of CGR, duration of reproductive growth (PGR), and the fraction of
CGR partitioned toward PY (PCt) (Pasupuleti et al. 2013).

The ability of a genotype to adapt to a particular water availability level
eventually determines the level of “tolerance” of that genotype (Vadez et al.
2013). Therefore, to understand these complex interactions, methods are
needed that can be used to analyze as many components as possible such
that a comprehensive understanding can be achieved (Vadez et al. 2013). Five
linear models were developed using a stepwise regression approach on data
from the intermittent drought environment. The intermittent drought data

Figure 7. Genotype main effect plus genotype-by-environment interaction (GGE) biplot showing
discriminativeness versus representativeness among the environments for leaf chlorophyll
content.
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were used in model development because mid- and end-of-season droughts
are critical as they affect PY and quality and predispose genotypes to pre-
harvest Aspergillus infection (Pasupuleti et al. 2013). All the proposed models
had adjusted R-square values >0.90 after calibration (Table 3).

The coefficients of predictor variables in the various models showed that
TDM had a positive coefficient in models 1 and 2 (Table 4), confirming the
known theory in plant physiology that all plants require a certain minimum
amount of above ground biomass for efficient resource capture. It contributed
41.72 and 45.05% to the adjusted R-square values of both models, respectively
(Table 6). However, from the XY plots (Figure 6), higher TDM did not necessa-
rily led to higher PY (Figure 6(a,b)). It is therefore an indication that TDM
beyond certain minimum or maximum leads to reduced PY under intermittent
drought conditions (Figure 6). Similar explanation has been proposed for high
TDM under drought conditions; it has been reported that lower rates of
vegetative water use leave more water available for grain filling (Vadez et al.
2012, 2013). This is because biomass accumulation is intrinsically linked to
transpiration; because of the fact that stomatal aperture and leaf area determine
the rates of both processes. There is, therefore, an inherent conflict between
biomass accumulation and stress avoidance via reduction of transpiration under
drought conditions (Tardieu 2011). The proportion of PY in TDM (HI) was also
largely less than 50% (Figure 6(b,d)). Therefore, to attain a unit increase in PY by
increasing TDM, other components of the TDM must also be increased. Hence

Figure 8. Genotype main effect plus genotype-by-environment interaction (GGE) biplot showing
discriminativeness versus representativeness among the environments for SLA.
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for a genotype to produce higher PY, the TDM produced must be accompanied
with higher PCt (Figure 6(a)) or higher HI (Figure 6(b)).

The CGR, which is the amount of TDM in grams produced per growing
degree day, had a positive coefficient in models 3 and 4 (Table 4) and
contributed 51.52 and 54.83 % to the adjusted R-square values of both models,
respectively (Table 6). However, like TDM, for a genotype to produce higher
PY, higher CGRmust be accompanied with higher PCt (Figure 6(c)), or higher
HI (Figure 6(d)). The CGR in groundnut is largely controlled by temperature
(Nigam 2014). Temperature increase within the optimal range variably accel-
erates CGR and hence the onset of flowering. This is achieved by increasing
thermal time accumulation while reducing the length of the growing period by
increasing evapotranspiration (Vadez et al. 2012). The increasing evapotran-
spiration requires that maturity duration should match with the length of
growing period available at a given location as conditioned by the soil moisture
availability and climatic conditions (mainly temperatures and sunshine hours)
(Pasupuleti et al. 2013). Therefore, by choosing environments with the
required temperature regimes, CGR can be maximized with a corresponding
increase in PY.

The effects of HI, PGR, and PCt were all significant (p ≤ 0.001) and
positive in their respective models. This suggested that separation of yield
into its components, including the rate of partitioning and its duration, could
provide a better focus on the most relevant traits for yield enhancement
(Krishnamurthy et al. 2013). Given that terminal drought tends to curtail the
length of the reproductive period, conscious selection for greater partitioning
coefficient will confer greater tolerance to abiotic stresses on genotypes
(Krishnamurthy et al. 2013). Based on the validation results of the proposed
models (Table 7), a selection index based on TDM, CGR, HI, PGR, and PCt
might be a useful compromise for selection of superior groundnut genotypes
under drought and non-drought conditions.

For the two drought-tolerance surrogate traits used in studying environ-
mental associations, the box environment only had significant correlations
with the terminal drought environment in the field (Table 8). This might be
attributable to the fact that these environments received the same watering
regime, and hence one is representative of the other (Yan 2014). The
genotypes’ response pattern in these environments was therefore similar
(Yan and Rajcan 2002). On the other hand, if groundnut genotypes are to
be assessed using leaf chlorophyll content and SLA as surrogates for drought
tolerance, the experiment can be terminated at pod initiation. This is because
there were significant relationships recorded between the pod initiation and
physiological maturity data for leaf chlorophyll content and SLA, respec-
tively, under all environments considered (Table 8). However, significant
differences existed between the two growth stages (results not shown).
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The box environment was the most discriminating among the environ-
ments studied for the two drought-tolerance surrogate traits (Figures 7, 8).
This means applying this technique to screen groundnut genotypes using leaf
chlorophyll content and SLA should be effective in identifying better per-
forming genotypes. This method also has an additional advantage in that,
seedlings from wooden boxes can be saved and transplanted into the field
using the bulking procedure for further progeny testing and selection (Singh,
Mai-Kodomi, and Terao 1999).

5. Conclusion

The models used conformed to the assumptions of linear models; there was no
multicollinearity between predictor variables. Each predictor variable contrib-
uted more than 40% to the adjusted R-square values of their respective models.
All the proposed models were good predictors of PY under intermittent drought
and well-irrigated conditions. When these models are adopted and calibrated in
any environment, they should be capable of predicting PY. The models when
applied in simulation modeling will give estimates of components (predictor
variables) that would produce the required PY. These estimates can assist
breeders and policy makers to set breeding objectives and targets.

Screening groundnut genotypes for drought tolerance using wooden boxes was
found to be an effective, simple and quick approach. However, because results
from the seed-box environment correlated only with the field environment under
similar watering regime, the type of drought tolerance being bred for should be
simulated in the boxes. Selection can be done at the pod initiation stage because of
the strong relationship (r = 0.46–0.64 for leaf chlorophyll, 0.39–0.44 for SLA,
p < 0.05) between pod initiation and maturity under all environments.
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