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Abstract Pea (Pisum sativum L.) is a key crop for
animal feed, especially in rainfed agricultural sys-
tems. It stands out for its high protein content, stora-
bility, and flexibility in concentrate feed formulations,
offering potential to enhance feed self-sufficiency in
livestock production. To ensure its integration and
sustainability under climate change, selecting resil-
ient varieties is essential. Genotype-by-environment
interaction (GEI) strongly influences yield in Medi-
terranean regions, requiring optimized selection
methods to manage climatic variability. This study
evaluated 37 field pea genotypes, including 30 pure
lines derived from genomic and phenotypic selection,
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three evolutionary populations, 3 parental varieties,
and one control. Trials were conducted over three
cropping seasons (2021-2024) using a randomized
complete block design with three replications. AMMI
analyses revealed significant effects of genotype,
environment, and their interaction on grain yield.
Variance analysis showed that 50.26% of yield varia-
tion was due to environment, 7.22% to genotype, and
16.75% to GEI. These results were confirmed by the
analysis of variance components. In contrast to other
years, the 2022-2023 season revealed differences in
yield between genomic and phenotypic selection lines
across regions. Lines from the Algiers region were
most productive, with a 2.54% yield increase over the
mean of the parental lines. While not all genotypes
from genomic selection showed stability, those that
did were consistently superior to the reference mean
yield. This study highlights the potential of genomic
selection (GS) to improve pea breeding efficiency
compared to phenotypic selection (PS), as the 2 top-
performing genotypes were products of GS.

Keywords Pea feed - Phenotypic selection, genomic
selection, genotype by environment interaction
(GEI) - AMMI model - Rainfed agricultural systems

Introduction

The improvement of animal production relies not
only on advances in livestock genetics and livestock
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health but also on the availability of appropriate ani-
mal feed (Almeida et al. 2024). In Maghrebian coun-
tries, natural pastures are no longer sufficient to meet
the growing nutritional needs of livestock, due to the
continuous increase in the demand for animal-derived
products (Ghozlane 2018; FAO 2023). In response to
this situation, the development of feed crops, both for
biomass (e.g., hay, silage) and for grain (e.g., forage
legumes or dual-purpose cereals), represents a key
solution to improving farmers’ self-sufficiency and
reduce production costs (Eulmi 2024). This approach
aligns with findings from global assessments of sus-
tainable livestock systems, which emphasize the
importance of integrating forage and grain produc-
tion to enhance feed availability and system resilience
(Rotz et al. 2017; Mekonnen et al. 2022).

Pea (Pisum sativum L.) is described as a widely
cultivated legume, playing a major role in global food
security and agricultural sustainability (Delvento
et al. 2023). It is also noted as one of the most com-
monly grown legumes in semi-arid Mediterranean
regions (Di Miceli et al. 2023). Pea is a cool-season
annual crop (Li et al. 2023), characterized by its high
protein content (20%—25%) in the grains, along with
prebiotic carbohydrates, as well as a range of miner-
als and vitamins (Windsor et al. 2024). As a legume,
pea can fix atmospheric nitrogen through symbiotic
relationships with nitrogen-fixing bacteria in its root
nodules (Neugschwandtner et al. 2021; Tripolskaja
et al. 2023). On average, 35% of its total nitrogen
comes from the atmosphere, which corresponds to
48.6 kg ha—1 (Faligowska et al. 2022).

In 2023, field pea was among the most widely cul-
tivated cool-season legumes in Europe, with a pro-
duction of nearly 2 million tons (Terres Univia 2023).
In this continent, pea (Pisum sativum L.) is primarily
cultivated for grain production (protein pea), mainly
intended for animal feed and, to a lesser extent, for
human consumption. The cultivation of forage pea is
significantly less common. In contrast, pea produc-
tion in North African countries is very limited with
more pea forages cultivated than field pea.

Algeria relies heavily on imported high-protein
concentrates of almost soybean, with a depend-
ency rate reaching 100% (Ghozlane et al. 2021).
In the 2021-2022, the country imported approxi-
mately 900,000 metric tons of seed soybeans and
373,000 metric tons of soybean meal (USDA Foreign
Agricultural Service 2023). In a context like Algeria,
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which is highly dependent on imported concentrate
feeds, field pea represents a strategic priority over
forage pea due to its high protein content, good stor-
ability, and strong potential to enhance feed self-suf-
ficiency in livestock production. Pea adapts well to
the various agroecosystems in Algeria. They can be
grown under rainfed conditions, particularly in the
semi-arid regions (Benider et al. 2022).

Pea is well adapted to Mediterranean climatic
conditions, it requires about 300 mm of water, with
a particularly high demand during key developmental
stages such as the beginning of flowering and pod set-
ting (Terres Unovia 2019). The increasing irregularity
of rainfall in Mediterranean countries (Rodrigo-Com-
ino et al. 2021) and the climate change (Del Pozo
et al. 2019) are significantly affecting the productivity
of pea and other rainfed crops.

In response to these challenges, the selection of
new varieties emerges as a key strategy to strengthen
the resilience of pea cultivation to often unpredictable
environmental conditions. Among the main breeding
approaches currently used to improve crop adaptation
are phenotypic selection, genomic selection, and evo-
lutionary selection (ES). GS is proving to be a power-
ful tool in pea improvement, offering the possibility
to accelerate genetic progress while optimizing the
use of germplasm collections (Annicchiarico et al.
2019; Bari et al. 2021). It allows for the more effi-
cient identification of promising genotypes by rely-
ing on molecular markers, thereby reducing the time
required to develop improved varieties. At the same
time, PS remains an essential method as is confirmed
by (Uhlarik et al. 2022). Finally, ES aims to gradu-
ally increase the frequency of favorable alleles within
breeding populations. This method, which results in a
genetically heterogeneous cultivar rather than an ordi-
nary pure line cultivar, enhances target traits while
improving the chances of identifying superior geno-
types (Annicchiarico et al. 2023; Pereira De Castro
et al. 2023). Moreover, it fits within a framework of
continuous population improvement, now recognized
as a key phase of breeding programs, alongside vari-
etal development (Merrick et al. 2022; Pandey et al.
2021).

The evaluation of GEI relies on appropriate statis-
tical methods. Before the introduction of the additive
main effects and multiplicative interaction (AMMI)
model, the most commonly used models were two-
way ANOVA, linear regression, and the generalized
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linear model (GLM). However, these approaches
present limitations when analyzing GEI effects (Guo
et al. 2017). The AMMI model (Gauch 2006; Zobel
et al. 1988) is now widely used to study these inter-
actions by combining principal component analysis
(PCA) and analysis of variance.

This research focuses on the evaluation of differ-
ent selections of protein pea derived from three dis-
tinct methods, namely, phenotypic selection, genomic
selection, and evolutionary selection, conducted at
a sub-humid site of Algeria characterized by high
annual variability. The main objective is to compare
selection methods, to determine which approach
may most effectively enhance the resilience of pea
to annual climatic variations in low-input rainfed
production systems. In addition, our study aimed to
identify germplasm exhibiting the best performance
in coastal Algeria in terms of resilience and yield
stability.

Materials and methods
Genetic material

The pea genotypes derived from cross-breeding
between 3 parent varieties: Attika (A), Isard (I), and
Kaspa (K). The selection of these 3 varieties was
based on their high yield performance and stability in
Mediterranean and continental environments (Annic-
chiarico 2005; Annicchiarico and Iannucci 2008).
Isard is afila. tolerant to cold and low resistance to
lodging. Attika and Kaspa have normal foliage, tol-
erance to water stress and lodging. Attika is notable

for its cold tolerance, while Kaspa stands out for its
high productivity and protein content (UNIP-ITCF
2001; Sadras et al. 2012; Terres Inovia 2015). From
the crosses between AxK, AxI, and KxI, 60 recom-
binant inbred lines (RILs) were generated by selfing.
The evolutionary populations (EPs) were obtained
through natural and mass selection under differ-
ent conditions (Italy, Algeria, and Morocco), before
being grouped by region and subdivided for specific
selection in Algeria, Morocco, and Italy.

Simultaneously, mass selection identified 30 F6
plants per cross after 4 cycles of natural selection in
Italy, for PS and GS model construction, while 120
lower-ranking plants were selected for GS applica-
tion. Details on the selection of inbred lines and evo-
Iutionary populations for three target regions (Italy,
Algeria, and Morocco) are given in (Annicchiarico
et al. 2020). This combined approach optimized the
selection of lines based on. Selection at the country
level allowed the identification of 10 genotypes for
Algeria, 10 for Morocco, and 13 for Italy, as shown
in Table 1. These selections (33) were the focus of
this study. For comparison purposes, the three parent
varieties were included in the study, as well as a con-
trol variety, Aviron, registered in 2012 by Florimond
Desprez (Terres Inovia), which is a winter crop, late-
maturing, and of the afila type. Thus, the total number
of genotypes studied is 37.

The genomic selection (GS) strategy in this
study followed the rigorous framework established
by Annicchiarico et al. (2024), who demonstrated
the feasibility and accuracy of GS for grain yield in
diverse pea germplasm using genotyping-by-sequenc-
ing (GBS) and the BayesB prediction model. Our

Table 1 List of Pea Genotypes evaluated in this study with their country of selection and selection method

Country of selection Selection method Numbers Genotype

Algeria Genomic 6 AI_L15; AI_S118; KA_L250; KA_S106; KI_S125; KI_S78
Phenotypic 3 AL_S6; KA_156; KI_S8
Evolutionary 1 evpop_AL

Morocco Genomic 6 Al_S144; KA_L10; KA_S127; KI_S184; AI_S260; KI_S94
Phenotypic 3 KI_41; AI_41; KA_S7
Evolutionary 1 evpop_MO

Italie Genomic 9 KI_L166; AI_L155; KI_S92; KI_L61; AI_L231; KA_L247,

KA_L175; AI_L104; KA_L72

Phenotypic 3 AI_L23; KI_L16; KA_28
Evolutionary 1 evpop_IT
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pipeline targeted grain yield through factorial crosses
between Mediterranean-adapted genotypes, high-
density GBS genotyping (~ 10,000 high-quality SNPs
after filtering), and multi-environment phenotyping.
Genomic predictions were performed separately for
each target environment (Algiers, Marchouch, Lodi,
and controlled conditions) using a leave-one-environ-
ment-out cross-validation scheme to ensure robust-
ness and avoid overfitting. Prediction accuracy, meas-
ured as the Pearson correlation between observed
and predicted grain yield, ranged from 0.48 to 0.61
depending on the environment values confirming
both the reliability of the GS approach and its poten-
tial as a cost-effective breeding tool for field pea in
Mediterranean environments.

A key determinant of GS performance lies in
the quality and relevance of the training population
(TP)—the set of genotypes both phenotyped and
genotyped to train predictive models. In our study, the
TP comprised 12 representative genotypes of diverse
origins (Algeria, Morocco, Italy, and lines from con-
trolled crosses), tested over three years across multi-
ple contrasting environments. Although the TP was
not updated annually, it encompassed sufficient agro-
climatic diversity and genetic variability to support
robust predictions. This design reflects evidence from
other legumes (Annicchiarico et al. 2022) and self-
pollinated cereals, where a well-structured TP—even
of moderate size—can yield satisfactory accuracy,
provided the target population remains genetically
related (Lorenz et al. 2011; Juliana et al. 2019).

While annual updating of the TP, as practiced in
many wheat and barley programs, can improve pre-
diction accuracy by progressively enlarging the data-
set (Sallam et al. 2015; He et al. 2016), it also entails
significant logistical and financial costs. Moreover,
studies indicate that beyond~300—400 genotypes in
selfing species, gains in predictive accuracy are often
marginal (Sallam et al. 2015; Rutkoski et al. 2015).
When validated through rigorous schemes such as
leave-one-environment-out  cross-validation,  pre-
diction stability can be maintained without annual
TP renewal (Crossa et al. 2014; Annicchiarico et al.
2022).

Given the high interannual climate variability typi-
cal of Mediterranean environments, our approach pri-
oritizes inter-environmental stability of predictions
over maximizing short-term genetic gain. There-
fore, maintaining a fixed but geographically and
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genetically diverse TP represents a methodologically
sound and pragmatically adapted strategy for breed-
ing programs in these conditions.

Experimental sites

The experimental trials were conducted at the
experimental station of the Higher National School
of Algiers, located 12 km southeast of Algiers
(36°43.143" N, 3°9.045° E, at an altitude of 10 m).
The region has a Csa climate (Hot-summer Medi-
terranean climate) according to the Koppen—Geiger
classification. The field experiment was conducted
over the course of 3 growing seasons (2021-2022,
2022-2023, and 2023-2024). The average tempera-
ture and precipitation values for each month of the
experiment are shown in Fig. 1 for the 3 growing
seasons. The 3 growing seasons showed notable dif-
ferences in rainfall patterns. The 2022-2023 season
had the lowest total rainfall (277.3 mm) but a favora-
ble distribution, with sufficient precipitation during
key growth stages and dry conditions at maturity.
The 2023-2024 season recorded the highest rainfall
(337 mm) with consistent distribution, especially in
February, supporting good flowering and grain filling.
In contrast, the 2021-2022 season (307.7 mm) suf-
fered from early drought and excessive rain late in the
cycle, which hampered pod maturation and caused
significant yield losses.

Based on the soil analysis performed in 2021, the
site soil (0—30 cm) contained 19% clay, 22% fine silt,
42% coarse silt, 15% fine sand and 2% coarse sand
(the soil texture is classified as silty, Soil Survey
Staff) (Shahid et al. 2014). The pH of the soil was 8.8
(alkaline); total calcium carbonate content was 0.22%
(non-calcareous); electrical conductivity (ECe) was
0.1 dS m -1 (no saline); organic matter content was
1.90% (poor); total nitrogen was 2.1% (rich); avail-
able nitrogen was 9.8% (poor); available phosphorus
was 7.5 ppm (poor); and exchangeable potassium was
7.4 meq/100 g soil (moderately supplied).

Crop management and experimental design

The sowing dates were January 4, 2022, November
14, 2022, and November 8, 2023, for the three grow-
ing seasons of peas, while the harvests were car-
ried out manually on May 19, 2022, April 28, 2023,
and April 27, 2024. Each agricultural season, the
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Fig. 1 Monthly rainfall and mean air temperatures (minimum, average, and maximum) at the experimental site during the 3 growing

seasons

experiment was conducted using a completely rand-
omized block design with 3 replications. Each geno-
type was sown on a 1.5 m? plot consisting of 4 rows,
each 1.5 m long, spaced 25 cm apart. Each row con-
tained 30 seeds, sown 5 cm apart, corresponding to a
planting density of 80 plants/m> (144 kg/ha). Cultural
practices were carried out according to minimum
experimental requirements, and the experiment was
conducted under exclusively rainfed conditions with
low input.

Measurements

The study measured two key traits: Seed protein con-
tent and pea grain yield. Seed protein content was
determined by near-infrared spectroscopy (NIRS)
on 100 g of dry seed per plot, ground by a cutting
mill with a 1 mm mesh sieve, by Nirflex 500 spec-
trometer (Biichi, Cornaredo, Italy) working in the
1000-2500 nm range. The reference data were
obtained by the analysis of total nitrogen content by
Dumas’s method with a ThermoQuest NA1500 ele-
mental analyzer (Carlo Erba, Milano, Italy) and atro-
pine as a standard. The Partial Least Squares method
within PLS Toolbox 8.9 (Eigenvector Research Inc.,
Washington, DC, USA) was employed to develop a
prediction model, featuring an R2 of 0.78, while the
calibration R2 amounted to 0.93. Seed protein con-
tent was obtained by multiplying the NIRS-estimated
nitrogen content by 6.25. Grain yield was calculated

based on the weight of the grains (adjusted to 12%
moisture) measured per plot and converted to t/ha.
Grain yield was assessed for all study years, except
for protein content, which was measured only during
the first year (2021-2022).

Statistical analysis

For each growing season, the analysis of grain yield
and protein content was conducted using ANOVA in
RStudio (version 4.3.3; R Core Team (2024). R: A
Language and Environment for Statistical Comput-
ing. R Foundation for Statistical Computing, Vienna,
Austria. < https://www.R-project.org/> .

Grain yield data were analyzed using the AMMI
model, which first accounts for the additive effects
of genotypes (G) and environments (E), followed by
the multiplicative effects of GEI through principal
component analysis (PCA). The results of the AMMI
analysis are presented as biplot graphs. The AMMI
model, as described by (Gauch and Zobel 1990) and
(Nowosad et al. 2016), is expressed using the follow-
ing formula:

N
yge=p+a,+p, + Z Anygnéen + Q,,

k=1
where y,, is the yield mean of genotype g in environ-
ment e, 4 is the grand mean, a, is the genotypic mean
deviations, f, is the environmental mean deviations,
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N is the number of PCA axis retained in the adjusted
model, 4, is the eigenvalue of the PCA axis n, Yen is
the genotype score for PCA axis n, §,, is the score
eigenvector for PCA axis n, and Qge is the residual,
including AMMI noise and pooled experimental
error. The AMMI stability value (ASV) was used to
compare the stability of genotypes as described by
(Purchase et al. 2000):

SS 2
ASV = \/ [LC*“(IPCAI)] + (IPCA,)?
SSIPCAZ

where SS is the sum of squares of IPCA; and IPCA,,
the first and the second interaction principal com-
ponent axes, respectively; and the /PCA; and IPCA,
scores were the genotypic scores in the AMMI
model. The ASV (Additive Main Effects and Multi-
plicative Interaction Stability Value) is calculated as
the distance from zero on a two-dimensional scatter-
plot of IPCA; (Interaction Principal Component Axis
1) scores against /PCA, (Interaction Principal Com-
ponent Axis 2) scores. A higher [PCA score, whether
positive or negative, suggests that a genotype is more
specifically adapted to certain environments. In con-
trast, a lower ASV score indicates greater stability of
the genotype across different environments. The Gen-
otype Selection Index (GSI) was calculated for each
genotype by combining the rankings of the ASV and
Yield Stability Index (YSI), as outlined by (Farshad-
far 2008). The GSI for the ith genotype is expressed
as:

GSIi = RYi + RASVi

where GSIi is the genotype selection index for the ith
genotype, RYi is the rank of the mean yield for the ith
genotype, and RASVi is the rank based on the AMMI
stability value for the ith genotype. AMMI analysis
was performed in RStudio http://www.r-project.org/
using the “AMMI” function from the “agricolae”
package (de Mendiburu 2023).

In order, to compare the precision of agricultural
cultivar trials, and estimate the response to selec-
tion in plant breeding trials; broad-sense heritabil-
ity (H?) was calculated (Schmidt et al. 2019). H? is
defined as the proportion of phenotypic variance
that is attributable to an overall variance for the
genotype, thus including additive, dominance, and
epistatic variance (Holland et al. 2003; Falconer
and Mackay 1996).

@ Springer

The broad-sense heritability (H?) (Schmidt et al.
2019) is expressed by the following formula:

o? 2

8y
H?> =¢*/c’and6* = 6% + = + —<
¢/ P8 nongkn,

where o-?: genotypic variance,oﬁ: phenotypic vari-
ance,cr;y: genotype * year interaction Variance,ajz
residual plot error variance,n,;: number of years
andn,: replicates per year. »

In order to compare the broad-sense heritability for

each study year, (Holland et al. 2003) proposed this

formula: H? = —%—, Where
(o8
2
g+6£”‘:{)r
2
error

aﬁ . genotypic variance, o : residual variance,

and r: number of replicates.

Results

Although all 3 growing seasons showed high coef-
ficients of wvariation (CV), indicating consider-
able phenotypic variability, only the first 2 seasons
(2021-2022 and 2022-2023) revealed statistically
significant differences among genotypes. Interest-
ingly, despite the lack of statistical significance in
2023-2024 (Table 2).

The 2022-2023 growing season recorded the high-
est average grain yield (4.51 t/ha), followed by the
2023-2024 season (3.48 t/ha) and the 2021-2022 sea-
son (1.97 t/ha).

The broad-sense heritability (HZ), consistently
greater than 0.7 across all years studied, indicates
that yield variation was mainly attributable to genetic
effects. This trend highlights a strong genetic control
of yield under the evaluated experimental conditions.

Table 2 Analysis of variance F test results, total mean yield,
coefficient of variation (CV), broad-sense heritability (H?) for
grain yield of 37 pea genotypes grown in subhumid for 3 years

Analysis 2021-2022  2022-2023 2023-2024
Total mean yield 1.97 4.51 3.48
(tha) CV (%) H> 32.8 36.6 43.6
0.83 0.93 0.7

LSD (P<0.05) 0.03%* 1,91e-08 *** (.74

Bold values highlight that the year 2022-2023 represents the
highest total mean yield
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During the first growing season, the selected
genotypes clustered with the parental varieties that
exhibited the highest yield. In contrast, the genotypes
AI_L104 (GS), KA_L247 (GS), KA_S106 (GS), and
KI_L16 (PS) displayed the lowest yields and thus
formed a separate group. In the second growing sea-
son, five pure lines stood out, with yields ranging
from 5.63 to 7.28 t/ha, surpassing the parental yields
(4.46 t/ha), representing a notable improvement of
42.79% through differential selection. Among these
lines, 3 (AI_S6, KA_156, and KI_S8) were selected
based on phenotypic criteria, while the other 2 (KA_
S106 and KI_S125) were selected based on genomic
criteria. However, the evolutionary populations did
not show superiority over the parental genotypes. The
third growing season revealed no significant differ-
ences among the genotypes.

For the 2022-2023 season, the analysis of the
mean grain yield across the different selection types
(PS, GS, and EP) revealed a significant difference.
The Algerian PS and GS lines recorded the highest
yields, grouping into the same statistical category
(Table 3). Moreover, these lines exhibited higher
yields with an increase of approximately 24.88% for
Algerian GS lines and 33.40% for Algerian PS lines
compared to the mean of the parental lines, thus con-
firming their superior agronomic potential. These
results highlight the superiority of the Algerian

genotypes (+29%) compared to the Moroccan (—9%)
and Italian genotypes (— 11%) compared to the mean
of the parental lines under the conditions of this agri-
cultural season.

When analyzing grain yield per agricultural season
across the three selection types (PS, GS, EP) from all
regions combined (Algeria, Morocco, and Italy), as
well as that of the parental varieties and the control,
no significant differences were recorded.

The analysis of variance for grain yield over the
3 years revealed a significant difference between gen-
otypes, Environment and a highly significant GEI. On
the overall average of the lines, the Algerian selec-
tions exhibited the highest grain yield (3.64 t/ha). The
best-performing lines were 2 Algerian lines selected
phenotypically, AI_S6 (3.92 t/ha) and KI_S8 (3.98 t/
ha), along with one Italian line selected genotypically,
KI_S92, with a yield of 4.04 t/ha (Table 4). The evo-
lutionary populations (EP), regardless of their region
of origin, displayed similar yields, which were close
to the general average yield of all lines.

The analysis of variance of 37 field pea geno-
types across three cropping seasons revealed a sig-
nificant influence of the studied factors on grain yield
(Table 5). The interannual variability was significant
and accounted for 1.22 of variance. Although the
genotypic effect was also significant but its genotypic
variance is null. The genotype* year interaction was

Table 3 Analysis of variance F test results for grain yield of phenotypic (PS), genotypic (GS), evolutionary population (EP), par-

ents, and control pea genotypes grown in subhumid for 3 years

Type of Selection Region of selection Number of Years
genotypes
2021-2022 2022-2023 2023-2024 2021-2024
Lines from GS Algeria 6 1.7a 5.57a 3.3a 3.52
Morocco 6 2.19a 3.99ab 3.27a 3.15
Italy 6 1.79a 4.09ab 3.59a 3.16
Stressful Italy 3 1.88a 3.98ab 3.95a 3.27
Lines from PS Algeria 3 2.19a 5.95a 3.46a 3.87
Morocco 3 2.07a 4.15ab 3.21a 3.14
Italy 3 1.59a 3.85ab 341a 2.95
EP Algeria 1 1.96a 4.54ab 3.67a 3.39
Morocco 1 2.85a 3.76b 3.77a 3.46
Italy 1 1.88a 4.33ab 3.2a 3.13
Parent cultivars Varieties 3 1.98a 4.46ab 3.67a 3.37
Aviron (Control) Variety 1 2.49a 5.34ab 3.75a 3.86
LSD (P<0.05) 0.16 0.01* 0.93
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Table 4 Pea dry grain Targete region of selection Grain yield (tones/ha)  Mean protein
yield, and protein content content* (%)
of inbred lines (GS and PS), Min Mean Max
evolutionary populations
(EP), parent cultivars, and Algerian selection lines 3.08 3.64 398 2754
control variety targeted Italian selection lines 2.16 317 404 2811
to regions of Algeria, Moroccan selection lines 2.87 3.20 3.68 26.33
Morocco and Italy (data  total li
averaged across three test Average of total lines 2.7 3.32 3.9 27.40
years) Average of EP 2.9 3.25 346  27.78

Average total (lines + EP) 2.8 3.31 3.68 27.44
Average of parent cultivars 336  3.55 3.78  27.20
Control variety / 386/ 22.308
LSD for genotype (p value < —0,05) 0.0191680 *

LSD for Environment (p value < —0,05) 0.011%*

LSD for interaction (p value < —0,05) 0.00026 *3*3*

* Data from the 2021-2022 agricultural season; ®: data characteristic of the variety

Table 5 Analysis of variance of main effects and interactions for pea grain yield

Source of variation Degrees of Sum of Mean Squares (MS)  F value (F)  Probability (>F)  Variabilty

freedom (df)  squares explaines
(SS) (%)

Repetition 6 102.97 17.161 193,296 <2.2e-16 ***

Environments (Years) 2 361.95 180.974 10.5456 0.011 * 50.261

Genotypes (GEN) 36 52 1.444 1.6269 0.019 * 7.221

GE interactions 72 120.64 1.676 1.8873 0.000 **%* 16.752

GE interaction contribution

IPCA1 37 86.857 2.347 2.64 0 77

IPCA2 35 26.002 0.743 0.84 0.725 23

Residuals 209 185.55 0.888 25.766

highly significant explaining 0.49 of variance com-
ponent. This justifies the use of the AMMI analysis.
IPCA1 explained 77% of the total variation in GEI
effects, indicating that this first component is highly
informative and captures a large portion of the dif-
ferences observed in grain yield across the different
environments.

The graphical representation in Fig. 2 shows the
x and y axes of the AMMI 1 biplot. The most sta-
ble genotypes (Table 6) were: evpop_IT, KI_41,
AI_L155, evpop_AL, AI_L231, AL _S118, KI_L61,
and KA_S127. These genotypes are located near
the center of the coordinate system, with coordinate
values close to zero, indicating stable performance
across environments. The genotypes KI_S92, KI_S8,
and AI_S6 displayed the highest grain yields but were
positioned farther from the center (Fig. 2).

@ Springer

The Genotype Selection Index (GSI) allows for
the transparent ranking of genotypes based on their
overall selection value. Genotypes with the lowest
GSI values (Table 6), representing a compromise
between high yield and stability, were AI_S118,
AI_LI155, the control variety AVIRON, evpop_AL,
KI_S8, and KI_41. These genotypes are located to
the right of the vertical line (Fig. 2), which repre-
sents the overall mean yield across all genotypes.
Among the top 5 genotypes identified in this study
(Table 7), three belong to Algerian selections (AI_
S118, KI_S8, and evpop_AL), highlighting their
good adaptation to their target selection environ-
ments. In addition to these genotypes, the control
variety AVIRON and the Moroccan genotype KI_41
also showed good performance.
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Fig. 2 Biplot for the Inter- :
action Principal Component

Axis 1 (IPCA1) and the

average grain yield of pea

genotypes. The vertical line

at the center of the biplot i
represents the overall mean

PC1(77%)

E2

20 25

The AI_S118 selection, a line derived from GS,
ranked first, outperforming the AI_L155 line, which
was also derived from GS. The evolutionary popula-
tion evpop_AL, ranked second, further illustrates the
potential of evolutionary breeding approaches, where
genotypes naturally adapt to environmental condi-
tions over time. Finally, although PS ranked behind
GS and EP in overall performance, it successfully
identified 2 interesting genotypes: KI_S8, an Algerian
selection, and KI_41, a Moroccan selection. These
results highlight the complementarity of different
breeding methods while emphasizing the superior-
ity of GS for improving performance under a sub-
humid environment characterized by a highly variable
annual rainfall distribution.

Although the second principal component (PC2)
is not statistically significant according to the AMMI
analysis, the PC1 xXPC2 biplot is presented to visu-
alize the distribution of genotypes and environ-
ments. PC1, which accounts for a large proportion
of the yield variation, serves as the main basis for
interpretation.

The AMMI2 biplot uses distances from the origin
to provide information on the degree of interaction
exhibited by genotypes across environments, or vice
versa. Environments with high IPCA1 and IPCA2
scores have a significant impact on genotype stabil-
ity, as highlighted in several studies, notably by Vol-
tas et al. (2002). In contrast, environments with low
IPCA1 and IPCAZ2 scores have a limited influence on
genotype-environment interaction.

Yield (ha)

Regarding grain yield, the genotypes KI_S184,
KA_S106, and KA_L247 showed a spatial distri-
bution deviating from the central region and were
strongly correlated with the agricultural seasons
2021-2022, 2022-2023, and 2023-2024, respectively
(Fig. 3).

The 2022-2023 and 2023-2024 seasons, char-
acterized by longer vectors, exhibited higher levels
of interaction and a greater ability to discriminate
among genotypes in relation to grain yield, compared
to the 2021-2022 season, which had a shorter vector
and thus lower variability in interaction effects.

Discussion

The strong significance of the environment (agri-
cultural season) effect on grain yield can be mainly
attributed to variations in precipitation observed
during the crop cycle. In contrast, temperature fluc-
tuations were relatively minor compared to rainfall,
suggesting that temperature was not a major source
of environmental variation. A favorable distribution
of rainfall, supporting both growth and grain produc-
tion, was recorded during the second agricultural sea-
son. (Tack and Holt 2016) emphasized that climatic
conditions are among the main factors contributing
to maize yield variability. Moreover, several stud-
ies (Bueckert et al. 2015; Jiang et al. 2019; Osorio
et al. 2022) have established a significant correla-
tion between heat stress and flower abortion, which

@ Springer
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Table 6 Mean pea grain yield, AMMI analysis, of the 37 genotypes tested across three environments

Selection Genotype Graph code  Type of selection =~ Mean grain ASV rASV  rYSI  rGSI
yield (t/ha)
Algerian selected lines AI_L15 G3 GS 3.435 0,667 16 14 10
AI_S118 G7 GS 3.669 0,177 6 9 1
KA_L250 G22 GS 3.076 1,136 24 29 22
KA_S106 G24 GS 3.761 4,019 37 7 19
KI_S125 G32 GS 3.863 2973 36 5 16
KI_S78 G34 GS 3.337 1,167 25 17 17
AI_S6 G10 PS 3.916 2,325 35 3 14
KA_156 G17 PS 3.701 1,664 33 8 16
KI_S8 G35 PS 3.976 0,798 18 2 4
Moroccan selected lines AI_S144 G8 GS 3.153 1,618 32 24 24
KA_L10 G19 GS 3.077 1,371 28 28 24
KA_S127 G25 GS 3.125 0,244 8 26 11
KI_S184 G33 GS 3.055 1,426 29 30 26
AI_S260 G9 GS 3.362 1,029 22 16 14
KI_S94 G37 GS 3.227 0,591 14 21 12
KI_41 G28 PS 3.330 0,090 2 18 4
Al 41 Gl PS 2.866 0,521 12 33 20
KA_S7 G26 PS 3.234 1,222 26 20 21
Italian and stressful Italian KI_L166 G30 GS_IT 3.201 1,537 31 22 22
selected lines AI_L155 G4 GS_IT 3.498 0,091 3 12 1
KI_L61 G31 GS_IT 3.289 0,182 7 19 7
AI_L104 G2 GS_IT 3.092 0,391 10 27 13
KA_L72 G23 GS_IT 2.697 0,826 19 36 23
KI_S92 G36 GS_SIT 4.036 1,342 27 1 9
AT L1231 G6 GS_SIT 3.179 0,139 5 23 9
KA_1.247 G21 GS_SIT 2.82 2,028 34 35 27
KA _L175 G20 GS_IT +SIT 3.044 0,303 9 31 15
Al 123 G5 PS 3.652 0,682 17 10 8
KI_L16 G29 PS 2.161 0,995 20 37 25
KA_28 G18 PS 3.043 1,123 23 32 23
Evolutionary populations  evpop_AL G13 Evolutionary 3.389 0,126 4 15
evpop_IT Gl14 Evolutionary 3.137 0,084 1 25
evpop_MO  Gl15 Evolutionary 3.462 1,500 30 13 18
Parents ATTIKA Gl11 Variety 3.782 0,642 15 6 5
ISARD Gl6 Variety 3.511 0,497 11 11 6
KASPA G27 Variety 2.826 1,028 21 34 23
Control variety AVIRON G12 Variety 3.865 0,552 13 4 2

GS Genotypic selection, PS Phenotypic selection, GS_IT Genotypic selection Italy, GS_SIT Genotypic selection stressful Italy, ASV
AMMI stability value, rASV rank of AMMI stability value, rYSI rank of yield stability index, rGSI rank of genotype selection index

ultimately leads to reduced grain yield. Inadequate
rainfall further exacerbates this phenomenon (Jiang
et al. 2019). According to (Ray et al. 2015), about
60% of agricultural production variability world-
wide can be attributed to the effects of temperature,

@ Springer

precipitation, and their interactions. (Daba et al.
2023) reported a yield reduction ranging from 80
to 87% in less favorable environments compared to
optimal ones. Our results, along with previous stud-
ies, clearly indicate that temperature and precipitation
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Table 7 Top Five High-Yielding and Stable Genotypes, with Key Agronomic Traits, Evaluated across Three Years in Mediterranean

Environments (2021-2024)

Targeted Genotype Type of selec- Grain yield Stabilité Straw yield Onset of Height (cm) Protein content™
region of tion (tonnes/ha) (rASV) (tonnes/ha) flowering (%)
selection (days)

Algerian KI_S8 PS 3.98% Low (18) 8.73% 84.7%¢ 68.90cdefe pg ppabedefgh
selected

lines

Italian selected AI_L155 GSIT 3.5% Very high (3)  6.843cdefe g gefen 69.3bcdele 96 g3cdefeh
lines

Moroccan KI_41 PS 3.33% Very high (2) 5.23¢defeh  gg pedefe 54 .2hik 27,9432bedefeh
selected

lines

Algerian AI_S118 GS 3.67% High (6) 5.47bcdefeh g7 gedef 63.20efehii 96 35efeh
selected

lines

Evolutionary EP AL Evolutionary  3.39% High (4) 6.56:bcdefeh  ggedefe 66.50cdefeh  9g (pabedefeh
population

(EP)

* Data of 2021-2022

Fig. 3 Biplot of the
genotype-by-environment
interaction of pea geno-
types grain yield across

3 environments, showing
the effects of the primary
and secondary components
(IPCAL1 and IPCAZ2, respec-

tively) g

-1
significantly — impact agricultural  productivity,
although the effect of temperature appears to be less
pronounced.

The environment (agricultural season) accounted
for the largest variance component (1.22) and large
portion of total variability (50.26%) represented the
main source of genotype variability. The distribution
of genotypes highlights their diverse responses to the
environmental conditions across the studied agricul-
tural seasons. These results are consistent with the

PC1 (77%)

findings of (Annicchiarico and Ianucci 2008; Pec-
etti et al. 2019; Sellami et al. 2020; Tadesse et al.
2020; Lere et al. 2022; Yang et al. 2023; Daba et al.
2023; Annicchiarico et al. 2023; Haile and Tesfaye
2024; Kebede et al. 2024), who also observed that
the environment was the principal source of vari-
ability in their studies on pea yield responses under
various environmental conditions. However, (Bomma
et al. 2024) reported that the genotype X environment
interaction explained the greatest share of variability.

@ Springer
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These authors also confirmed the significance of all
sources of variability, namely genotype, environment,
and their interaction.

Among the 37 protein pea genotypes evaluated,
AI_S118, AI_L155, the control variety AVIRON,
evpop_AL, KI_S8, and KI_41 emerged as the most
productive and stable, with low GSI values, indicat-
ing adaptation to the sub-humid region of Algeria.
The simultaneous consideration of yield and stabil-
ity in selection indices, as recommended by Tadesse
et al. (2023) for durum wheat in arid regions, is there-
fore highly relevant.

Notably, AI_S118 and AI_LI155, both derived
from genomic selection (GS), ranked first, outper-
forming AVIRON and the evolutionary population
from Algiers. These findings highlight their potential
for registration in sub-humid Mediterranean envi-
ronments. The 2 top-ranked GS selections displayed
excellent multi-year stability. Interestingly, KI_S92
despite low stability, achieved the first-highest yield,
echoing Technow et al. (2014), who showed that GS
can identify high-yielding genotypes with only mod-
erate stability, especially in climates with strong inter-
annual variability.

Several pea-specific studies (Annicchiarico et al.
2019, 2020, 2025; ACrosta et al. 2025) have shown
that GS delivers genotypes with higher yield and
stability across contrasting environments, with supe-
rior selection efficiency compared to phenotypic
selection (PS). While participatory and evolutionary
approaches (EP) are valuable in farmer-led and low-
input systems (Ceccarelli and Grando 2007), they are
often slower and less targeted when addressing com-
plex objectives such as the simultaneous improve-
ment of yield and protein quality. However, EPs
retain high genetic diversity, enabling dynamic adap-
tation to environmental pressures, a trait particularly
valuable under climate uncertainty. The moderate sta-
bility observed for EPs in our study suggests a trade-
off that can be highly beneficial for long-term breed-
ing in marginal areas: although EPs may not achieve
the highest stability indices compared with elite pure
lines, their broader genetic base confers evolutive
plasticity, allowing them to maintain relatively con-
sistent yields across seasons and sites with unpre-
dictable climatic conditions. Recent studies (Annic-
chiarico et al. 2025) confirm that, in Mediterranean
marginal environments, EPs can perform compara-
bly to, or even better than, elite lines selected by GS,

@ Springer

particularly under stress-prone conditions. This mod-
erate yet robust stability provides a buffering effect
against environmental fluctuations, while offering
long-term adaptive potential through on-site selec-
tion. Such findings are consistent with Ceccarelli and
Grando (2020) and earlier work on dynamic popula-
tions, which indicate that the temporal consistency of
EPs tends to improve over successive cycles of local
adaptation. Meta-analyses of genetically heterogene-
ous materials, such as varietal mixtures and compos-
ite cross populations, further suggest that moderate
stability can be a strategic advantage in low-input or
risk-prone systems, where over-specialized cultivars
may fail under unexpected stress. The combination
of EPs with GS is emerging as a particularly prom-
ising strategy under high climatic variability: stud-
ies by Doring et al. (2011), Chable et al. (2014),
Wolfe et al. (2008), Babalola et al. (2025), and Juli-
ana et al. (2019) have demonstrated that applying GS
within EPs can exploit intra-population variability to
enhance both yield and stability, potentially outper-
forming fixed-line approaches in Mediterranean and
semi-arid climates.

The application of genomic selection (GS) to evo-
lutionary populations (EPs) represents a particularly
promising strategy for improving crop adaptation in
environments characterized by high inter-annual vari-
ability, such as Mediterranean and semi-arid regions.
Unlike pure lines, EPs maintain high genetic diver-
sity, which enables a dynamic response to environ-
mental pressures. In this context, the study by Juliana
et al. (2019) on wheat in East Africa is especially rel-
evant. The authors demonstrated that applying GS to
EPs enabled the efficient identification of genotypes
adapted to fluctuating environments by exploiting
intra-population variability to improve both yield per-
formance and stability. These findings suggest that,
under similar conditions, the combination of GS and
EPs may outperform approaches based solely on fixed
lines, by leveraging the evolutionary potential of het-
erogeneous populations. This strategy is particularly
relevant as climatic constraints intensify under ongo-
ing global change.

Our findings confirm the effectiveness of the
genomic approach, which stood out for its stability
and superior performance. This aligns with results in
bread wheat under Mediterranean conditions (Sehgal
et al. 2020), where GS proved particularly valuable
for long-term improvement in drought-prone areas.
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The authors emphasized the need for multi-year
training populations to strengthen prediction models
against interannual climate variability—an approach
also supported by our results.

In conclusion, Agronomy researchers strive to
develop stable and high-yielding crop varieties, but
they face the challenges posed by GEI. Considering
environmental factors and genetic characteristics is
crucial to identifying high-performing varieties across
various environments. The analysis of 37 grain leg-
ume genotypes revealed significant variations in their
responses to different environments (Agricultural sea-
sons), attributed to the effect of GEI. The strong con-
tribution of the sum of squares components related
to the environment (Agricultural season), observed
through the AMMI model, highlights the importance
of environmental factors in the variation of grain
yield. Our stability and adaptability analysis based on
the AMMI model revealed that the 2022-2023 agri-
cultural season was discriminative, representative,
and ideal for assessing the performance of the tested
genotypes. This analysis also identified the genotypes
AI_S118, AI_L155, evpop_AL, KI_S8, and KI_41,
which exhibited higher grain yields than the average
while showing great stability across the different agri-
cultural seasons.

Therefore, we recommend testing these genotypes
as potential candidates in a Mediterranean environ-
ment, with the aim of registering them for the subhu-
mid region of Algeria and for similar agroecological
conditions in other parts of the world. Furthermore,
GS showed significant advantages over PS and EP. It
is worth noting that the first two selected genotypes
come from GS, demonstrating the possibility of pro-
ducing high-performing genotypes through genomic
methods without the need for experimental field tri-
als. However, this preliminary conclusion requires
further studies to be confirmed.

Acknowledgements We are thankful to the members of the
SIMA laboratory and Dr. Fatma Zohra. Bouras, associate pro-
fessor at ENSA-Algeria for their assistance on statistics, and
the Master’s students Yousra Chebiri, Aya Zdira and Salsabil
Bara for technical assistance

Author contributions Conceptualization: Meriem Laouar
and Paolo Annicchiarico Methodology: Meriem Laouar and
Paolo Annicchiarico Investigation: Chems eddine Tifest,
Camelia lina Talbi, Mohamed Gaouas Data analysis: Chems
eddine Tifest and Yves Brostaux Writing original draft prepara-
tion: Chems eddine Tifest and Meriem Laouar Writing review

and editing: Chems eddine Tifest, Meriem Laouar, Yves Bro-
staux and Paolo Annicchiarico Supervision: Meriem Laouar
funding acquisition: Meriem Laouar All authors have read and
agreed to the published version of the manuscript.

Funding This work was funded by the Horizon 2020-
PRIMA project ‘Research-based participatory approaches for
adopting conservation agriculture in the Mediterranean Area’
(CAMA), Arim-Net project ‘Resilient, water- and energy-
efficient forage and feed crops for Mediterranean agricultural
systems’ (REFORMA) and PNR-2021 project ‘Validation de
nouvelles variétés de 1égumineuses alimentaires et fourrageres,
resilientes et économes en eau, pour les systemes de production
pluviaux durables (VALEG).

Data availability The datasets generated during and analysed
during the current study are available from the corresponding
author on reasonable request.

Declarations

Conflict of interest The authors declare no competing inter-
ests.

References:

Almeida CF, Faria M, Carvalho J, Pinho E (2024) Contribution
of nanotechnology to greater efficiency in animal nutrition
and production. J Anim Physiol Anim Nutr 108(5):1430—
1452. https://doi.org/10.1111/jpn.13973

Annicchiarico P (2005) Scelta varietale in pisello e favino ris-
petto all’ambiente e all’utilizzo. Inf Agrar 61(49):47-52

Annicchiarico P, Iannucci A (2008) Adaptation strategy, germ-
plasm type and adaptive traits for field pea improvement
in Italy based on variety responses across climatically
contrasting environments. Field Crops Res 108(2):133—
142. https://doi.org/10.1016/j.fcr.2008.04.004

Annicchiarico P, Nazzicari N, Pecetti L, Romani M, Russi
L (2019) Pea genomic selection for Italian environ-
ments. BMC Genomics 20:1-18. https://doi.org/10.1186/
$12864-019-5920-x

Annicchiarico P, Nazzicari N, Laouar M, Thami-Alami I,
Romani M, Pecetti L (2020) Development and proof-of-
concept application of genome-enabled selection for pea
grain yield under severe terminal drought. Int J Mol Sci
21(7):2414. https://doi.org/10.3390/ijms210724 14

Annicchiarico P et al (2022) Genomic selection for legume
breeding: principles and applications. Front Plant Sci
13:943602

Annicchiarico P, Russi L, Romani M, Notario T, Pecetti L
(2023) Value of heterogeneous material and bulk breed-
ing for inbred crops: a pea case study. Field Crops Res
293:108831. https://doi.org/10.1016/.fcr.2023.10883

Annicchiarico P, Nazzicari N, Ferrari D, Pinosio E, Morgante
M (2024) Genomic prediction of protein content, seed
weight and yield in a pea germplasm collection. Theor
Appl Genet 137:1231-1244. https://doi.org/10.1007/
s00122-024-04349-5

@ Springer


https://doi.org/10.1111/jpn.13973
https://doi.org/10.1016/j.fcr.2008.04.004
https://doi.org/10.1186/s12864-019-5920-x
https://doi.org/10.1186/s12864-019-5920-x
https://doi.org/10.3390/ijms21072414
https://doi.org/10.1016/j.fcr.2023.10883
https://doi.org/10.1007/s00122-024-04349-5
https://doi.org/10.1007/s00122-024-04349-5

151 Page 14 of 16

Euphytica (2025) 221:151

Annicchiarico P, Laouar M, Thami-Alami I, Crosta M, Naz-
zicari N, Pecetti L, Russi L (2025) Comparison of phe-
notypic selection of inbred lines, genomic selection of
inbred lines, and evolutionary populations for field pea
breeding in three Mediterranean regions. Front Plant Sci
16:1565087. https://doi.org/10.3389/fpls.2025.1565087

Babalola KO, Monacelli N, Gozzi M, Ceccarelli S, Folloni S,
Galaverna G (2025) Genetic diversity and climate change
adaptation in wheat: a systematic review of landraces,
composite cross populations, and evolutionary popula-
tions. Front Sustain Food Syst 9:1504922. https://doi.org/
10.3389/fsufs.2025.1504922

Bari MAA, Main D, Ma Y, Bandillo N, Zheng P, Mcgee RJ,
Szwiec S, Viera I, Coyne CJ, Worral H (2021) Harnessing
genetic diversity in the USDA pea germplasm collection
through genomic prediction. Front Genet. https://doi.org/
10.3389/fgene.2021.707754

Benider A, Ayad M, Bouzerzour H (2022) Productivity of
field pea—cereal intercropping under rainfed conditions
in the semi-arid region of Algeria. Agric Sci Digest
41(4):610-614

Bomma N, Shruthi HB, Soregaon CD, Gaddameedi A, Suma
K, Pranati J, Chandappa LH, Patil DK, Kumar N, Sandeep
S, Vemula A, Gangashetty PI (2024) Multi-environment
testing for GXE interactions and identification of high-
yielding, stable, medium-duration pigeonpea genotypes
employing AMMI, GGE biplot, and YREM analyses.
Front Plant Sci 15:1396826. https://doi.org/10.3389/fpls.
2024.1396826

Bueckert RA, Wagenhofter S, Hnatowich G, Warkentin TD
(2015) Effect of heat and precipitation on pea yield and
reproductive performance in the field. Can J Plant Sci
95(4):629-639. https://doi.org/10.4141/cjps-2014-342

Ceccarelli S, Grando S (2007) Decentralized-participatory
plant breeding: an example of demand driven research.
Euphytica 155:349-360. https://doi.org/10.1007/
s10681-006-9336-8

Ceccarelli S, Grando S (2020) Participatory plant breeding:
Relevance and impacts in the impact of plant selection
and breeding on agriculture. Springer, Berlin. https://doi.
org/10.1007/978-3-030-42319-1_16

Chable V, Dawson J, Bocci R, Goldringer I (2014) Seeds for
organic agriculture: Development of participatory plant
breeding and farmers’ networks in France. In: Farming O
(ed) Prototype for sustainable agricultures: prototype for
sustainable agricultures. Springer, Dordrecht, pp 383-400

Crossa J, Perez P, Hickey J, Burgueno J, Ornella L, Cerdn-
Rojas J, Zhang X, Dreisigacker S, Babu R, Li Y, Bonnett
D, Mathews K (2014) Genomic prediction in CIMMYT
maize and wheat breeding programs. Heredity 112(1):48—
60. https://doi.org/10.1038/hdy.2013.16

Crosta M, Nazzicari N, Pecetti L, Notario T, Romani M, Fer-
rari B, Cabassi G, Annicchiarico P (2025) Genomic selec-
tion for pea grain yield and protein content in Italian envi-
ronments for target and non-target genetic bases. Int J Mol
Sci 26(7):2991. https://doi.org/10.3390/ijms26072991

Daba SD, Kiszonas AM, McGee RJ (2023) Selecting high-per-
forming and stable pea genotypes in multi-environmental
trial (MET): applying AMMI, GGE-biplot, and BLUP
procedures. Plants 12(12):2343. https://doi.org/10.3390/
plants12122343

@ Springer

Del Pozo A, Molina-Montenegro MA, Ortega-Farias S, Jara-
Rojas R, Acevedo-Opazo C, Lobos GA, Brunel-Saldias
N, Engler A (2019) Climate change impacts and adapta-
tion strategies of agriculture in Mediterranean-climate
regions (MCRs). Sustainability 11(10):2769. https://doi.
org/10.3390/sul11102769

Delvento C, Guerriero M, Dellino M, Lotti C, Arcieri F,
Marcotrigiano AR, Ricciardi L, Fanelli V, Curci PL,
Bouwmeester H, Pavan S (2023) High-density linkage
mapping and genetic dissection of resistance to broom-
rape (Orobanche crenata Forsk.) in pea (Pisum sativum
L.). Front Plant Sci. https://doi.org/10.3389/fpls.2023.
1216297

Di Miceli G, Licata M, Marceddu R (2023) Forage mixture
productivity and silage quality from a grass/legume
intercrop in a semiarid Mediterranean environment.
Agron J 115(3):1131-1145. https://doi.org/10.1002/
agj2.21300

Doring TF, Knapp S, Kovacs G, Murphy K, Wolfe MS (2011)
Evolutionary plant breeding in cereals—into a new era.
Sustainability 3(10):1944—1971. https://doi.org/10.3390/
su3101944

EULMI, H. (2024). Livestock breeding management effects on
milk production and reproduction performances of dairy
cows in arid and semi-arid zones (Doctoral dissertation,
UNIVERSITE MOHAMED KHIDER-BISKRA).

Falconer, D. S. & Mackay, F. C. (1996). Introdutction to quan-
titative genetics. In Introdutction to Quantitative Genetics
(pp. 464-464).

Faligowska A, Ratajczak K, Panasiewicz K, Skrzypczak G,
Kalembasa S, Szymanska G, Kalembasa D (2022) The
nitrogen fixation and yielding of pea in different soil till-
age systems. Agron 12(2):352. https://doi.org/10.3390/
agronomy 12020352

FAO stat. Statistics database of the food and agriculture organi-
zation of the United Nations. 2023. Available online: http:
/Iwww.fao.org/statistics/databases/en/ (accessed 07 March
2025).

Farshadfar E (2008) Incorporation of AMMI stability value
and grain yield in a single non-parametric index (GSI) in
bread wheat. Pak J Biol Sci 11(14):1791. https://doi.org/
10.3923/pjbs.2008.1791.1796

Gauch HG (2006) Statistical analysis of yield trials by AMMI
and GGE. Crop Sci 46:1448-1500

Gauch HG, Zobel RW (1990) Imputing missing yield trial data.
Theor Appl Genet 79:753-761

Ghozlane, M. K. & Temim, S. (2018). Stratégie alimentaire au
péripartum dans les élevages bovins laitiers en Algérie :
impact sur les performances zootechniques (Doctoral dis-
sertation, Ecole Nationale Supérieure Vétérinaire). http://
depot.ensv.dz:8080/jspui/handle/123456789/190

GHOZLANE!, M. K., Boukhechem, S & Bouamra, M. (2021).
Feed autonomy of a few dairy cattle farms in the Mitidja
Plain (Algeria).

Guo MJ, Ren L, Gu JZ (2017) Application of R language based
AMMI and GGE biplot on regional trial of peanut varie-
ties. J Peanut Sci 46(2):24-31

Haile GA, Tesfaye D (2024) Response of field pea (Pisum sati-
vum L.) genotypes for grain yield in a multi-environment
trial in Southeastern Ethiopia. Heliyon. https://doi.org/10.
1016/j.heliyon.2024.e35233


https://doi.org/10.3389/fpls.2025.1565087
https://doi.org/10.3389/fsufs.2025.1504922
https://doi.org/10.3389/fsufs.2025.1504922
https://doi.org/10.3389/fgene.2021.707754
https://doi.org/10.3389/fgene.2021.707754
https://doi.org/10.3389/fpls.2024.1396826
https://doi.org/10.3389/fpls.2024.1396826
https://doi.org/10.4141/cjps-2014-342
https://doi.org/10.1007/s10681-006-9336-8
https://doi.org/10.1007/s10681-006-9336-8
https://doi.org/10.1007/978-3-030-42319-1_16
https://doi.org/10.1007/978-3-030-42319-1_16
https://doi.org/10.1038/hdy.2013.16
https://doi.org/10.3390/ijms26072991
https://doi.org/10.3390/plants12122343
https://doi.org/10.3390/plants12122343
https://doi.org/10.3390/su11102769
https://doi.org/10.3390/su11102769
https://doi.org/10.3389/fpls.2023.1216297
https://doi.org/10.3389/fpls.2023.1216297
https://doi.org/10.1002/agj2.21300
https://doi.org/10.1002/agj2.21300
https://doi.org/10.3390/su3101944
https://doi.org/10.3390/su3101944
https://doi.org/10.3390/agronomy12020352
https://doi.org/10.3390/agronomy12020352
http://www.fao.org/statistics/databases/en/
https://doi.org/10.3923/pjbs.2008.1791.1796
https://doi.org/10.3923/pjbs.2008.1791.1796
http://depot.ensv.dz:8080/jspui/handle/123456789/190
http://depot.ensv.dz:8080/jspui/handle/123456789/190
https://doi.org/10.1016/j.heliyon.2024.e35233
https://doi.org/10.1016/j.heliyon.2024.e35233

Euphytica (2025) 221:151

Page 150f 16 151

He S, Schulthess AW, Mirdita V et al (2016) Genomic selec-
tion in a commercial winter wheat population. Theor Appl
Genet 129(6):1231-1245

Holland JB, Nyquist WE, Cervantes-Martinez CT, Janick J
(2003) Estimating and interpreting heritability for plant
breeding: an update. Plant Breed Rev. https://doi.org/10.
1002/9780470650202.ch2

Terres Inovia. 2015. L'institut technique de la filiére des huiles
et protéines végétales et de la filiere chanvre. Available
online : https://www.myvar.fr/pois-d-hiver/isard-2272

Terres Inovia. (2019). Guide culture pois 2019. Available
online :https://www.terresinovia.fr/documents/20126/
453413/guide_culture_pois2019-Terres-Inovia.pdf

Jiang Y, Davis AR, Vujanovic V, Bueckert RA (2019) Repro-
ductive development response to high daytime tem-
perature in field pea. J Agron Crop Sci 205(3):324-333.
https://doi.org/10.1111/jac.12328

Juliana P et al (2019) Prospective genomic selection in elite
spring wheat breeding using data from yield trials in 2016
to predict grain yield and stability in 2017. Plant Genome
12(1):180020

Kebede GY, Eritro TA, Gutu DT (2024) GenotypeX environ-
ment interaction and stability analysis of advanced field
pea (Pisum sativum L.) genotypes in Southeastern Ethio-
pia. Ecol Genet Genomics 33:100302. https://doi.org/10.
1016/j.egg.2024.100302

Lere E, Mohammed S, Elias M, Mekiso M (2022) Genotype
X environment interaction and stability analysis of some
selected field pea (Pisum sativum L.) varieties in northern
part of South Regional State, Ethiopia. Int ] Biochem Bio-
phys Mol Biol 7(1):5-11

Li G, Liu R, Xu R, Varshney RK, Ding H, Li M, Yan X, Huang
S, LiJ, Wang D, Ji Y, Wang C, He J, Luo Y, Gao S, Wei
P, Zong X, Yang T (2023) Development of an Agrobacte-
rium-mediated CRISPR/Cas9 system in pea (Pisum sati-
vum L.). Crop J 11(1):132—139. https://doi.org/10.1016/j.
¢j.2022.04.011

Lorenz AJ, Chao S, Asoro FG, Heffner EL, Hayashi T, Iwata
H, Jannink JL (2011) Genomic selection in plant breed-
ing: knowledge and prospects. Adv Agron 110:77-123

Mekonnen MM, Hoekstra AY (2022) Water footprints and effi-
ciencies of ruminant animals and products in global pro-
duction systems. J Clean Prod 364:401-415. https://doi.
org/10.1016/j.jclepro.2022.132763

de Mendiburu, F (2023). Agricolae: statistical procedures for
agricultural research_. R package version 1.3-7. https:/
CRAN.R-project.org/package=agricolae

Merrick LF, Sandhu KS, Lozada DN, Carter AH, Herr AW
(2022) Utilizing genomic selection for wheat population
development and improvement. Agron 12(2):522. https://
doi.org/10.3390/agronomy 12020522

Neugschwandtner RW, Kammlander S, Bernhuber A, Lo$ik
T, Kaul H-P, Zholamanov KK, Wagentristl H, Klimek-
Kopyra A (2021) Nitrogen yields and biological nitrogen
fixation of winter grain legumes. Agronomy 11(4):681.
https://doi.org/10.3390/agronomy 11040681

Nowosad K, Liersch A, Poptawska W, Bocianowski J (2016)
Genotype by environment interaction for seed yield in
rapeseed (Brassica napus L.) using additive main effects
and multiplicative interaction model. Euphytica 208:187—
194. https://doi.org/10.1007/s10681-015-1620-z

Osorio EE, Davis AR, Bueckert RA (2022) High tempera-
tures disturb ovule development in field pea (Pisum sati-
vum). Botany 100(1):47-61. https://doi.org/10.1139/
¢cjb-2021-0078

Pandey AK, Fang P, Wang Y, Rubiales D, Sun T, Liu N, Xu
P (2021) Omics resources and omics-enabled approaches
for achieving high productivity and improved quality in
pea (Pisum sativum L.). Theor Appl Genet 134(3):755-
776. https://doi.org/10.1007/s00122-020-03751-5

Pecetti L, Marcotrigiano AR, Russi L, Romani M, Annicchiar-
ico P (2019) Adaptation of field pea varieties to organic
farming across different environments of Italy. Crop Pas-
ture Sci 70(4):327-333. https://doi.org/10.1071/CP18216

Pereira De Castro A, Breseghello F, Furtini IV, Utumi MM,
Pereira JA, Cao T-V, Bartholomé J (2023) Population
improvement via recurrent selection drives genetic gain
in upland rice breeding. Heredity 131(3):201-210. https://
doi.org/10.1038/541437-023-00636-3

Purchase JL, Hatting H, Van Deventer CS (2000) Genotypex
environment interaction of winter wheat (Triticum aesti-
vum L.) in South Africa: II. Stability analysis of yield per-
formance. S Afr J Plant Soil 17(3):101-107. https://doi.
org/10.1080/02571862.2000.10634878

Ray DK, Gerber JS, MacDonald GK, West PC (2015) Climate
variation explains a third of global crop yield variability.
Nat Commun 6(1):5989. https://doi.org/10.1038/ncomm
$6989

Rodrigo-Comino J, Cerda A, Giménez-Morera A, Yu Y, Sen-
ciales-Gonzalez JM, Salvati L (2021) Long-term changes
in rainfed olive production, rainfall and farmer\u2019s
income in Bail\xe9n (Ja\xe9n. Euro-Mediterranean Jour-
nal for Environmental Integration, Spain. https://doi.org/
10.1007/s41207-021-00268-1

Rotz CA, Montes F, Chianese DS (2017) The carbon footprint
of dairy production systems through partial life cycle
assessment. J Dairy Sci 93(3):1266-1282. https://doi.org/
10.3168/jds.2009-2164

Rutkoski JE et al (2015) Genomic selection for quantitative
adult plant stem rust resistance in wheat. Plant Genome
8(2):1-10

Sadras VO, Lake L, Chenu K, McMurray LS, Leonforte A
(2012) Water and thermal regimes for field pea in Aus-
tralia and their implications for breeding. Crop Pasture Sci
63(1):33-44. https://doi.org/10.1071/CP11321

Sallam AH et al (2015) Genomic selection in wheat breeding:
accuracy and strategies for training set optimization. Plant
Genome 8(3):1-10

Schmidt P, Hartung J, Rath J, Piepho HP (2019) Estimating
broad-sense heritability with unbalanced data from agri-
cultural cultivar trials. Crop Sci 59(2):525-536. https://
doi.org/10.2135/cropsci2018.06.0376

Sehgal D, Mondal S, Crespo-Herrera L, Velu G, Juliana P,
Huerta-Espino J, Shrestha S, Poland J, Singh R, Dreisi-
gacker S (2020) Haplotype-based, genome-wide associa-
tion study reveals stable genomic regions for grain yield
in CIMMYT spring bread wheat. Front Genet 11:589490.
https://doi.org/10.3389/fgene.2020.589490

Sellami MH, Pulvento C, Amarowicz R, Lavini A (2020) Field
phenotyping and quality traits of grass pea genotypes in
South Italy. J Sci Food Agric 102(12):4988-4999. https://
doi.org/10.1002/jsfa.11008

@ Springer


https://doi.org/10.1002/9780470650202.ch2
https://doi.org/10.1002/9780470650202.ch2
https://www.myvar.fr/pois-d-hiver/isard-2272
https://www.terresinovia.fr/documents/20126/453413/guide_culture_pois2019-Terres-Inovia.pdf
https://www.terresinovia.fr/documents/20126/453413/guide_culture_pois2019-Terres-Inovia.pdf
https://doi.org/10.1111/jac.12328
https://doi.org/10.1016/j.egg.2024.100302
https://doi.org/10.1016/j.egg.2024.100302
https://doi.org/10.1016/j.cj.2022.04.011
https://doi.org/10.1016/j.cj.2022.04.011
https://doi.org/10.1016/j.jclepro.2022.132763
https://doi.org/10.1016/j.jclepro.2022.132763
https://CRAN.R-project.org/package=agricolae
https://CRAN.R-project.org/package=agricolae
https://doi.org/10.3390/agronomy12020522
https://doi.org/10.3390/agronomy12020522
https://doi.org/10.3390/agronomy11040681
https://doi.org/10.1007/s10681-015-1620-z
https://doi.org/10.1139/cjb-2021-0078
https://doi.org/10.1139/cjb-2021-0078
https://doi.org/10.1007/s00122-020-03751-5
https://doi.org/10.1071/CP18216
https://doi.org/10.1038/s41437-023-00636-3
https://doi.org/10.1038/s41437-023-00636-3
https://doi.org/10.1080/02571862.2000.10634878
https://doi.org/10.1080/02571862.2000.10634878
https://doi.org/10.1038/ncomms6989
https://doi.org/10.1038/ncomms6989
https://doi.org/10.1007/s41207-021-00268-1
https://doi.org/10.1007/s41207-021-00268-1
https://doi.org/10.3168/jds.2009-2164
https://doi.org/10.3168/jds.2009-2164
https://doi.org/10.1071/CP11321
https://doi.org/10.2135/cropsci2018.06.0376
https://doi.org/10.2135/cropsci2018.06.0376
https://doi.org/10.3389/fgene.2020.589490
https://doi.org/10.1002/jsfa.11008
https://doi.org/10.1002/jsfa.11008

151 Page 16 of 16

Euphytica (2025) 221:151

Shahid SA, Abdelfattah MA, Wilson MA, Kelley JA, Chi-
aretti JV (2014) United Arab Emirates keys to soil tax-
onomy. Springer, Dordrecht. https://doi.org/10.1007/
978-94-007-7420-9

Tack JB, Holt MT (2016) The influence of weather extremes
on the spatial correlation of corn yields. Clim Change
134:299-309. https://doi.org/10.1007/s10584-015-1538-4

Tadesse T, Sefera G, Asmare B, Tekalign A (2020) Perfor-
mance stability for grain yield and genotypes by environ-
ment interaction in field pea genotypes in the highlands
of Bale Southeastern Ethiopia. Agric Adv 9(11):567-575

Tadesse W, Gataa ZE, Rachdad FE, Baouchi AE, Kehel Z,
Alemu A (2023) Single-and multi-trait genomic predic-
tion and genome-wide association analysis of grain yield
and micronutrient-related traits in ICARDA wheat under
drought environment. Mol Genet Genomics 298(6):1515—
1526. https://doi.org/10.1007/s00438-023-02074-6

Technow F, Schrag TA, Schipprack W, Bauer E, Simianer H,
Melchinger AE (2014) Genome properties and pros-
pects of genomic prediction of hybrid performance in a
breeding program of maize. Genetics 197(4):1343-1355.
https://doi.org/10.1534/genetics.114.165860

Terres Univia (2019) appears in the reference list as Terres Ino-
via 2019. I made a spelling mistake in the manuscript by
writing Univia instead of Inovia. Reference : Terres Ino-
via. (2019). Guide culture pois 2019. Available online

The Core Team (2024) refers to the team that develops the R
software. I mentioned this reference in the Materials and
Methods section under Statistical Analysis, but I forgot to
include it in the reference list. Here is the reference to be
added: R Core Team (2024) R: A Language and Environ-
ment for Statistical Computing. R Foundation for Statis-
tical Computing, Vienna, Austria. https://www.R-project.
org/.

Tripolskaja L, Kazlauskaite-Jadzevice A, Razukas A (2023)
Organic carbon, nitrogen accumulation and nitrogen
leaching as affected by legume crop residues on sandy
loam in the Eastern Baltic Region. Plants 12(13):2478.
https://doi.org/10.3390/plants12132478

Uhlarik A, Sizer-Coverdale E, Zivanov D, Lloyd D, Sket L,
Grumeza R, Ceran M (2022) Phenotypic and genotypic
characterization and correlation analysis of pea (Pisum
sativum L.) diversity panel. Plants 11(10):1321. https://
doi.org/10.3390/plants11101321

@ Springer

UNIP-ITCF (2001). Pois protéagineux d’hiver et de printemps,
guide de culture 2001-2002.

Terres Univia. (2023). Chiffres clés des oléoprotéagineux
2023. Available online :https://www.terresunivia.fr/fichi
ers/publications/chiftres-cles-2023.pdf

Voltas J, Van EF, Igartua E, Garcia del Moral LF, Molina-Cano
JL, Romagosa 1. (2002). Genotype by environment inter-
action and adaptation in barley breeding: basic concepts
and methods of analysis. In Slafer GA, Molina-Cano J
L, Savin R, Araus J L, Romagosa I (eds) Barley Science:
Recent Advances from molecular biology to agronomy of
yield and quality, 205

Windsor N, Boatwright L, Boyles R, Bridges W, Rubiales D,
Thavarajah D (2024) Characterizing dry pea (Pisum sati-
vum L.) for improved nutritional traits and the potential
for biofortification. Legume Sci. https://doi.org/10.1002/
leg3.250

Wolfe MS, Baresel JP, Desclaux D, Goldringer I, Hoad S,
Kovacs G, Lammerts van Bueren ET (2008) Develop-
ments in breeding cereals for organic agriculture. Euphyt-
ica 163(3):323-346

Yang X, Soliman AA, Hu C, Yang F, Lv M, Yu H, Wang Y,
Zheng A, Dai Z, Li Q, Tang Y, Yang J, Zhang Y, Niu W,
Wang L, He Y (2023) Yield adaptability and stability in
field pea genotypes using AMMI, GGE, and GYT biplot
analyses. Agriculture 13(10):1962. https://doi.org/10.
3390/agriculture13101962

Zobel RW, Wright MJ, Gauch HG (1988) Statistical analysis of
a yield trial. Agron J 80:388-393. https://doi.org/10.2134/
agronj1988.00021962008000030002x

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

Springer Nature or its licensor (e.g. a society or other partner)
holds exclusive rights to this article under a publishing
agreement with the author(s) or other rightsholder(s); author
self-archiving of the accepted manuscript version of this article
is solely governed by the terms of such publishing agreement
and applicable law.


https://doi.org/10.1007/978-94-007-7420-9
https://doi.org/10.1007/978-94-007-7420-9
https://doi.org/10.1007/s10584-015-1538-4
https://doi.org/10.1007/s00438-023-02074-6
https://doi.org/10.1534/genetics.114.165860
https://www.R-project.org/.
https://www.R-project.org/.
https://doi.org/10.3390/plants12132478
https://doi.org/10.3390/plants11101321
https://doi.org/10.3390/plants11101321
https://www.terresunivia.fr/fichiers/publications/chiffres-cles-2023.pdf
https://www.terresunivia.fr/fichiers/publications/chiffres-cles-2023.pdf
https://doi.org/10.1002/leg3.250
https://doi.org/10.1002/leg3.250
https://doi.org/10.3390/agriculture13101962
https://doi.org/10.3390/agriculture13101962
https://doi.org/10.2134/agronj1988.00021962008000030002x
https://doi.org/10.2134/agronj1988.00021962008000030002x

	Resilience of pea genotypes issued from different selection methods in Algerian subhumid condition
	Abstract 
	Introduction
	Materials and methods
	Genetic material
	Experimental sites
	Crop management and experimental design
	Measurements
	Statistical analysis

	Results
	Discussion
	Acknowledgements 
	References


