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Abstract
Background and Objective: Yield improvement in okra (Abelmoschus
esculentus (L.) Moench) is challenging due to the complexity of its
genetic inheritance. Understanding the relationships between yield and
its component traits is essential for effective selection in breeding programs.
This study aimed to assess the genetic variability among okra accessions,
identify high-yielding and early-maturing varieties, and develop appropriate

selection indices for yield improvement.

Methodology: Thirty okra accessions were evaluated across two locations
in Nigeria over two growing seasons. Quantitative data were collected
on ten agronomic and yield-related traits from five representative plants
per plot. The data were analyzed using analysis of variance (ANOVA),
correlation analysis, and path coefficient analysis to identify traits influencing
yield performance.

Main Results: Significant genotypic variation was observed among the
accessions, with NHOKO179, NHOKO158, and NHOKO593 demonstrating
the highest yield potential. Correlation analysis showed strong positive
relationships between yield and the number of pods per plant (r = 0.90;
P <0.01) and pod weight per plant (r = 0.90; P < 0.01). In contrast, negative
correlations were found between yield and days to first flowering, days to

first picking, and days to first pod appearance (r = -0.50; P < 0.01 for all).



Path coefficient analysis revealed that days to first picking (7.68) had
the highest positive direct effect on yield, followed by days to first flowering
(4.55) and pod weight per plant (1.23). Conversely, days to first pod
appearance (-12.25) exhibited the most significant negative direct effect

on yield.

Conclusions: The study identified pod weight per plant, early flowering,
and early picking times as effective selection indices for enhancing okra
yield. NHOKO179, NHOKO158, and NHOKO593 emerged as promising
candidates for breeding programs aimed at developing high-yielding

okra cultivars with improved adaptability and productivity across diverse

environments.
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INTRODUCTION

Okra (Abelmoschus esculentus (L.) Moench),
commonly known as lady’s finger, is a valuable crop
both economically and nutritionally (Nkongho et al.,
2022). It belongs to the Malvaceae family, an annual
dicotyledonous, herbaceous plant with small erect
stems that may be either bristly or hairless with
heart-shaped leaves. The crop is widely cultivated in
tropical and subtropical regions, primarily for its edible,
fibrous pods, which are rich in carbohydrates, protein,
vitamins, minerals, and dietary fiber (Chowdhury
and Kumar, 2019). In addition to the pods, okra
seeds contain significant amounts of crude protein,
positioning them as a valuable protein source, as
well as a promising source of edible oil, particularly
rich in linoleic acid, which has significant health benefits.
Okra seeds can also be processed into various
by-products, such as seed flour, protein concentrate,
and hydrolysate (Nnamezie et al., 2021).

Okra production occurs on almost every
continent, with Africa, particularly Nigeria, leading
global production, followed by Sudan, Ghana, and
Egypt (Davis, 2022). Despite its widespread cultivation,

the average yield of okra in West and Central Africa
has been declining, underscoring the need for genetic
improvement (Sugri et al., 2015). Factors such as
low soil organic matter, weed infestation (Kugbe et
al., 2019), and land degradation (Kumar et al., 2010)
contribute to this decline. Moreover, the predominance
of low-yielding okra varieties limits the crop’s potential
to meet the nutritional demands of the growing
population in developing regions (Chowdhury and
Kumar, 2019). Consequently, implementing breeding
programs aimed at improving yield, alongside adopting
appropriate cultural practices, is crucial to enhancing
okra productivity in these regions. Optimizing pod
yield remains the primary objective for most okra
growers and is the central focus of many okra breeding
programs.

In addition, the efficiency of selection in any
breeding program largely depends on understanding
the associations between key agronomic traits. A
comprehensive knowledge of these associations
can significantly enhance crop improvement efforts by
guiding the development of effective selection indices,
thereby improving the accuracy and efficiency of



selection (Adekoya et al., 2014). Yield in okra, as in
most crops, is a complex, polygenic trait influenced
by environmental factors and a combination of various
yield components. Therefore, understanding the
relationships between pod yield and its associated
traits, and accurately dissecting these relationships,
is essential for the successful selection of superior
varieties in breeding programs (Adekoya et al., 2014;
Bankole et al., 2019). Previous studies on different
okra genotypes, such as those by Akinyele and Osekita
(2006), Abd-allah (2015), and Ibitoye and Kolawole
(2022), have found that certain component traits
such as the number of pods, pod length and pod
weight are associated with pod yield.

One of the fundamental tools for evaluating
the association between traits is the Pearson correlation
coefficient, which measures the degree and direction
(positive or negative) of the linear relationship between
two or more variables (Aboderin et al., 2023). While
correlation analysis provides valuable insights into the
strength of these relationships, it does not distinguish
between direct and indirect effects, which is essential
for understanding the underlying causal mechanisms.
To address this limitation, path coefficient analysis,
originally proposed by Wright (1921), is employed.
Path analysis partitions correlation coefficients into
direct and indirect effects, providing a more detailed
understanding of the cause-and-effect relationships
among traits (Mamud, 2021). This method helps
breeders identify traits with the most significant
direct influence on yield, allowing for more targeted
selection strategies. This study was therefore carried
out to assess the genetic variability among the okra
accessions, identify high-yielding and early-maturing
varieties, and develop appropriate selection indices
for yield improvement. The objective of the study
was to evaluate the agronomic performance of various
okra accessions across different ecological zones in
Nigeria and explore the relationships among key
yield components using correlation and path analysis.

MATERIALS AND METHODS

Source of Germplasm

Thirty okra accessions were obtained from
the National Institute of Horticultural Research and
Training (NIHORT) and the National Center for
Genetic Resources and Biotechnology (NACGRAB),
both located in Ibadan, Oyo State, Nigeria (Table 1).
These accessions were selected for their diverse
agro-ecological origins, distinct morphological and
agronomic traits, and potential for high yield and
adaptability, ensuring a broad genetic base for the
study.

Field Evaluation

The field experiments were conducted over
two growing seasons (2019 and 2020) at two distinct
locations: the University of llorin Teaching and
Research Farm, llorin, and the NACGRAB research
field, Ibadan, Oyo State, Nigeria. The NACGRAB site,
situated at approximately 7°23'N latitude and 3°15'E
longitude, lies within the tropical rainforest zone. This
region experiences a tropical climate with annual
rainfall ranging from 1,200 to 1,400 mm, primarily
concentrated between March and November, and an
average annual temperature of 25 to 32°C, with a
distinct dry season from November to February. In
contrast, llorin, located in the southern Guinea
savanna at 8°30’N latitude and 4°32’E longitude, at
an altitude of 290 m above sea level, has a tropical
savanna climate. It receives an annual rainfall of 1,200
to 1,500 mm, predominantly between April and

October, with temperatures ranging from 22 to 34°C.

Experimental Design

The experiments were arranged in a
randomized complete block design (RCBD) with
three replicates per location. Each trial plot measured
1.5 min length and comprised two rows per plot, with
an inter-row spacing of 60 cm and intra-row spacing

of 30 cm. Two seeds were sown per hole to ensure



germination, and thinning was performed later to

maintain one healthy plant per stand. Compound
fertilizer (NPK 15:15:15) was applied at a rate of 60
kg/ha three weeks after planting (WAP). Standard

Table 1 List of okra accessions used for the study

agronomic practices, including weeding, pest control,
and irrigation where necessary, were implemented to
ensure optimal growth conditions throughout the

experimental period.

S/N Seed accessions Source

1 NHOKO174 NIHORT, Ibadan
2 NHOKO593 NIHORT, Ibadan
3 NHOKO170 NIHORT, Ibadan
4 NHOKO563 NIHORT, Ibadan
5 NGBO0342 NACGRAB, Ibadan
6 NHOKO592 NIHORT, Ibadan
7 NHOKO181 NIHORT, Ibadan
8 NHOKO179 NIHORT, Ibadan
9 NGBOO400 NACGRAB, Ibadan
10 NHOKO418 NIHORT, Ibadan
11 NGBO0O469 NACGRAB, Ibadan
12 NHOKO463 NIHORT, Ibadan
13 NHOKO188 NIHORT, Ibadan
14 NHOKO151 NIHORT, Ibadan
15 NHOKO554 NIHORT, Ibadan
16 NHOKO185 NIHORT, Ibadan
17 NHOKO175 NIHORT, Ibadan
18 NGBOO0345 NACGRAB, Ibadan
19 NHOKO167 NIHORT, Ibadan
20 NHOKO182 NIHORT, Ibadan
21 NHOKO169 NIHORT, Ibadan
22 NHOKO161 NIHORT, Ibadan
23 NHOKO555 NIHORT, Ibadan
24 NHOKO154 NIHORT, Ibadan
25 NHOKO155 NIHORT, Ibadan
26 NHOKO594 NIHORT, Ibadan
27 NHOKO158 NIHORT, Ibadan
28 NHOKO421 NIHORT, Ibadan
29 NHOKO544 NIHORT, Ibadan
30 NHOKO429 NIHORT, Ibadan

Data Collection and Analysis

Quantitative data were collected on ten

agronomic and yield-related traits from five randomly

selected plants per plot, which were tagged and used

as representative samples to evaluate the performance

of each accession. The measured traits included days
to first flowering (DTF), representing the interval from
planting to the appearance of the first flower, and
days to first pod appearance (DFPA), indicating the
time from planting to the emergence of the first pod.



Days to first picking (DFP) recorded the time from
planting to the initial harvest. Plant height was measured
at key growth stages, including height at the first
flowering node (HTFN) and height at flowering (HTF).
Pod characteristics assessed included pod length
(PL), measured from the base to the tip, and the
picking period (PP), which reflected the duration of
harvest. Yield-related parameters included the number
of pods per plant (NPP), pod weight per plant (PWP),
and total yield (YLD), expressed in tons per hectare
(t/ha).

The collected data were analyzed using
various statistical methods to evaluate the agronomic
performance and relationships among traits in the
okra accessions. Analysis of variance (ANOVA) was
performed to determine the significance of differences
among the accessions for each trait and to partition
the observed variability into its components. Pearson
correlation coefficients were computed to assess the
strength and direction of linear relationships between
traits, with correlations categorized as weak (0.00-0.39),
moderate (0.40-0.59), or strong (0.60—1.00), following
the guidelines of Belsley et al. (2005). The correlation
analysis and visualization were performed using the
ggcorrplot package in R version 4.2.2 (R Core Team,
2022). To further explore the direct and indirect effects
of various traits on yield, path analysis was conducted
using standardized path coefficients. This analysis
was implemented through latent variable modeling
with the lavaan package (version 0.6-13) in R. Graphical
representations of the path coefficients were generated
using the semPlot package, providing a clear visualization
of the relationships and their respective strengths
(Rosseel, 2012; Epskamp et al., 2019).

RESULTS AND DISCUSSION

The combined analysis of variance (ANOVA)
revealed that only yield was significantly influenced
by the environment (P < 0.05; Table 2), indicating that

environmental factors such as climatic conditions,

soil properties, and management practices played a
substantial role in determining the yield performance
of okra accessions. This variability in yield across
environments underscores the importance of selecting
genotypes that are either specifically adapted to
particular environments or exhibit broad adaptability
to ensure consistent performance under varying
conditions (Oyekunle et al., 2017; Bankole and Aboderin,
2024). Significant differences among genotypes were
observed for pod yield, pod length, and the number
of pods per plant (P < 0.01). This significant genotypic
variation highlights the presence of substantial
genetic diversity among the studied accessions for
these traits, which can be exploited for genetic
improvement (Ibitoye and Kolawole, 2022). In contrast,
most other traits did not exhibit significant differences
among genotypes, possibly due to limited genetic
variability for these traits or the overriding influence
of environmental factors that masked the genetic
effects (Aboderin et al., 2023). The genotype by
environment (G x E) interaction was significant
(P < 0.01) for most traits, except for height at first
flowering, height at flowering, pod length, and number
of pods per plant. This indicates that the performance
of genotypes for traits with significant G x E interactions
was inconsistent across environments, complicating
the selection process. Breeding programs should
therefore focus on identifying genotypes with stable
performance across diverse environments or develop

region-specific

Agronomic Performance and Yield Potential of
Okra Accessions

The evaluation of 30 okra accessions for
various agronomic traits revealed significant variation
in their performance (Table 3). Days to first flowering
ranged from 46.17 days in NHOKO555 to 62.00 days in
NHOKO592, with an average of 52.47 days. Similarly,
days to first pod appearance and first picking showed
wide variation, with NHOKO555 and NHOKO593



maturing earlier. These early maturing accessions
could be valuable for breeding programs aimed at
developing varieties for regions with shorter growing

seasons or in environments where rapid crop turnover

is necessary.

Table 2 Mean squares from combined analyses of variance for okra yield and other agronomic traits at llorin

and Ibadan in 2019 and 2020

Source of df YLD DTF DFPA DFP HTFN HTF PL PP NPP PWP
variation

Environment (E) 3 8.1 4294 420.1 411.0 17952 7516 13.9 1723.6 7880 163022
Rep (E) 8 37 2.6 2.6 2.6 80.9 2942 02 134 206.2 10771
Genotypes (G) 29 43* 96.1 98.1 100.2 468.3 1301 1.7 33.5 198** 5280
GxE 29 26" 241 234  222* 145.9 462 1.3 17.4* 147 3627
Error 120 1.6 10.7 11.1 12.3 54.6 177 0.9 10.8 101 2886

Note: *, ** significant at 5% and 1% level of probability, respectively. YLD = yield, DTF = days to first flowering,

DFPA = days to first pod appearance, DFP = days to first picking, HTFN = height at first flowering node,

HTF = height at flowering, PL = pod length, PP = picking periods, NPP = number of pods per plant, PWP

= pod weight per plant.

Significant differences in plant height were
also observed, with heights at first flowering node
ranging from 14.77 cm (NHOKO555) to 52.90 cm
(NHOKO429). Taller accessions such as NHOKO429,
and those with greater flowering height at maturity,
such as NHOKO169, could be desirable in regions
where plant height correlates with higher yields or
ease of manual harvesting. Conversely, shorter
accessions like NHOKO555 might be better suited
for mechanical harvesting, thus offering options for
different production systems. Pod length followed a
similar pattern, with lengths ranging from 3.32 cm
(NHOKO167) to 5.40 cm (NHOKO555), indicating
genetic diversity that can be harnessed to select
varieties based on market preferences for pod size.
Accessions with longer pods could be prioritized for
markets where larger pod size is preferred.

There was also considerable variation in the
picking period, ranging from 2.67 weeks (NHOKO167)
to 12.17 weeks (NHOKO158), and in the number of
pods per plant, which ranged from 3.33 (NHOKO167)
to 26.00 (NGB00345). Accessions like NHOKO158,
NHOKO593, and NGB00345, which had longer picking

periods and produced more pods, are promising
candidates for breeding programs targeting prolonged
pod production and extended harvesting seasons.

In terms of pod weight and yield, substantial
differences were noted among the accessions. Pod
weight per plant ranged from 12.33 g (NHOKO167)
to 122.00 g (NHOKO593), with an average of 77.02
g. The yield per hectare, the primary metric of interest,
ranged from 0.35 t/ha (NHOKO167) to 4.27 t/ha
(NHOKO179), with an overall mean of 2.29 t/ha.
High-yielding accessions, such as NHOKO179,
NHOKO158, and NHOKO593, demonstrated clear
potential for commercial production, particularly in
environments similar to those in which this study was
conducted. These accessions could serve as promising
candidates for developing high-yielding okra cultivars
in breeding programs.

Correlation and Path Coefficient Analysis of
Agronomic Traits

An efficient selection program depends on
understanding the relationships between yield and
its component traits, as well as among those traits



Table 3 Mean performance of 30 okra genotypes for yield and agronomic traits

SIN Accessions DTF DFPA DFP HTFN HTF PL PP NPP PWP YLD

(day) (day) (day) (cm) (cm) (cm) (week) (g (Wha

1 NHOKO174 60.00 61.00 64.00 2462 36.80 3.37 333 483 2483 0.80
2 NHOKO593 4650 4750 5050 17.18 30.03 4.68 10.67 2567 122.00 3.46
3 NHOKO170 49.67 50.67 53.67 18.95 3197 445 1150 21.00 11233 270
4 NHOKO563 5650 57.50 6050 23.60 3173 408 7.00 18.83 87.50  2.31
5 NGB00342 5450 5550 5850 37.08 65.05 4.33 917 2233 11317  3.08
6 NHOKO592 62.00 63.50 67.00 1520 2813 3.80 617 1200 4933  1.64
7 NHOKO181 5250 5350 56.50 22.48 3843 3.82 850 1517 83.00 2.33
8 NHOKO179 4967 50.67 53.67 30.13 6497 540 10.67 19.00 117.33 427
9 NGB00400 52.33 53.33 56.33 20.03 2975 435 767 1517 73.00 217
10 NHOKO418 50.83 51.83 54.83 16.05 2630 423 850 16.83 9467  3.16
11 NGB00469 54.83 5583 58.83 2865 47.27 375 900 1550 79.00 212
12 NHOKO463 52.67 53.67 56.67 19.90 29.93 457 1033 18.00 89.00 242
13 NHOKO188 51.00 52.00 55.00 20.05 34.30 4.62 833 1433 6717 224
14 NHOKO151 5550 56.50 59.50 20.97 30.10 3.95 867 1483 8017 218
15 NHOKOS554 51.67 52.67 5567 2246 3437 518 550 7.33 3667  1.08
16 NHOKO185 57.00 58.00 61.00 2552 37.37 458 6.83 1200 5733 202
17 NHOKO175 50.83 51.83 54.83 2265 27.23 392 933 1367 7350  1.83
18 NGB00345 58.00 59.00 62.00 37.58 5427 415 9.83 26.00 12017  2.89
19 NHOKO167 54.83 5583 58.83 14.85 19.37 332 267 333 1233 035
20 NHOKO182 4817 4917 5217 16.03 2582 528 900 16.67 7650  2.46
21 NHOKO169 54.83 5583 58.83 44.85 6943 490 333 517 2783 1.15
22 NHOKO161 5433 5533 5833 1998 3222 405 650 967 4617 168
23 NHOKO555 4617 4717 5017 1477 2475 540 917 13.83 8117 224
24 NHOKO154 4833 4933 5233 21.83 3172 427 800 1550 9917  3.30
25 NHOKO155 4750 4850 5150 27.90 49.12 438 7.00 11.00 56.67 1.85
26 NHOKO594 49.83 50.83 53.83 22.35 33.88 450 983 1583 8567  2.82
27 NHOKO158 4717 4817 5117 19.68 3438 4.05 1217 2417 112.83  3.47
28 NHOKO429 5500 56.00 59.00 5290 77.80 3.88 6.83 10.67 5650  1.82
29 NHOKO421 4867 4967 5267 2713 5587 4.03 1117 1917 106.83  2.93
30 NHOKO544 5317 5417 5717 26.05 4198 440 7.50 1333 69.00 1.98
""" Mean 5247 5348 5650 24.39 3914 432 813 1502 77.02  2.29
LSD «=005 723 710 698 1671 3112 155 1016 23.71 11148  1.96

CV (%) 896 881 837 4317 4650 1753 5225 66.85 6334 47.25

Note: DTF = days to first flowering, DFPA = days to first pod appearance, DFP = days to first picking, HTFN
= height at first flowering node, HTF = height at flowering, PL = pod length, PP = picking periods, NPP
= number of pods per plant, PWP = pod weight per plant, YLD = yield, LSD = least significant difference,
CV = coefficient of variation.



themselves (Aboderin et al., 2023). Correlation analysis
helps estimate the genetic associations between traits
and the degree of relationship between them (Aboderin
et al., 2023), while path coefficient analysis provides
insight into the cause-and-effect relationships, offering
a more precise interpretation of the associations
(Bankole et al., 2019). In this study, both correlation
and path coefficient analyses were used as tools to
investigate the relationships between yield and other
agronomic traits in okra.

The correlation analysis presented in Figure 1
revealed that yield had a highly significant and strong
positive correlation with the number of pods per plant
(r=0.90; P <0.01) and pod weight per plant (r = 0.90;
P < 0.01). This strong association highlights the
importance of these traits in selecting high-yielding
okra accessions. Improving either the number of pods

or pod weight per plant will likely lead to increased

HTFN
DFPA
DTF

DFP

PWP

PL

s
£ 9 8 ¢

yield. Similar positive associations between yield and
these traits were reported by Rambabu et al. (2019),
Vrunda et al. (2019), and Ashraf et al. (2020).

The picking period showed a highly significant
and positive correlation with yield (r=0.80; P <0.01),
number of pods per plant (r = 0.90; P < 0.01), and
pod weight per plant (r = 0.90; P < 0.01). This suggests
that accessions with longer picking periods tend to
produce more pods and heavier pod weights,
ultimately achieving higher yields. The extended
picking period allows for prolonged harvesting, which,
when combined with increased pod production, results
in higher cumulative yields. These findings highlight
the importance of selecting accessions with extended
harvesting periods, particularly in environments where
harvesting flexibility or maximizing yield over a longer

period is desired.
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Figure 1 Pearson’s correlation matrix showing the relationships between measured traits. Positive correlations

are displayed in red, and negative correlations in blue, with color intensity reflecting the strength of

the association. YLD = yield, DTF = days to first flowering, DFPA = days to first pod appearance,

DFP = days to first picking, HTFN = height at first flowering node, HTF = height at flowering, PL =

pod length, PP = picking periods, NPP = number of pods per plant, PWP = pod weight per plant.



Interestingly, the number of pods per plant
showed a perfect correlation (r = 1.00; P < 0.01) with
pod weight per plant, which is expected. As the number
of pods increases, the total weight of pods per plant
also rises. This relationship highlights the direct impact
of pod number on pod weight, reinforcing that increasing
the number of pods is a reliable strategy for improving
overall yield. A significant positive correlation was
observed between days to first picking and days to
first flowering (r = 1.00; P <0.01), as well as days to first
pod appearance. This indicates that early-flowering
accessions tend to exhibit early pod development and
picking, establishing a clear link between flowering
time and subsequent pod development stages.
Early-flowering accessions may be particularly valuable
in environments with shorter growing seasons or for
farmers seeking earlier harvests.

However, yield (r = -0.50; P < 0.01), pod
weight per plant (r = -0.50; P < 0.01), pod length
(r=-0.50; P <0.01), and the picking period (r = -0.60;
P <0.01) all showed significant negative correlations
with days to first flowering, days to first picking, and
days to first pod appearance. This implies that
accessions that take longer to flower, develop pods,
or reach picking maturity tend to have lower yields,
shorter pod lengths, and shorter picking periods. This
inverse relationship suggests that earlier-maturing
accessions are more likely to produce higher yields,
making them desirable in environments where early
harvest and high yield are prioritized. It also suggests
that delaying flowering and pod development could
limit overall productivity. These findings are consistent
with those of Shuirkar et al. (2018) and Rynjah et al.
(2020) but contrast with Yang et al. (2019), who opined
that extended days to maturity avails crop sufficient
time for photosynthesis resulting in the production of
more biomass thus increasing the yield of crops.

The insignificant association of height at
flowering with the number of pods per plant points to

the fact that the performance of the okra accessions
was not dependent on the plant height at flowering.
Traits with non-significant correlations will not be
prioritized in selection for varietal improvement, as
changes in one trait have no significantimpact on the
other. These independent traits are not strongly linked
to yield and should not be the focus of selection in
breeding programs.

Path Analysis

Path analysis was employed to explore
the direct and indirect effects of various traits on
yield. Using a postulated model optimized over 100
iterations, the Maximum Likelihood (ML) method
estimated the parameters, and the chi-square (x?)
test was used to assess the model’s fit to the data.
Despite the relatively small sample size (n = 30),
the chi-square result was not statistically significant,
indicating that the model fit well by closely approximating
the actual data.

Several fit indices were also considered
(Table 4). The Standardized Root Mean Square
Residual (SRMR) had a value of 0.021, suggesting
that the model fit was excellent. According to Hu and
Bentler (1998; 1999), SRMR values below 0.05 suggest
an excellent fit, and this study’s result falls well within
that range. Similarly, the Comparative Fit Index (CFI)
was 0.968, another indicator of a strong model fit, as
values above 0.95 are highly desirable. However, the
Tucker-Lewis Index (TLI) was 0.891, slightly below
the ideal target of 0.95, and the Root Mean Square
Error of Approximation (RMSEA) was 0.181, exceeding
the acceptable threshold of 0.08 (Cudeck and Browne,
1992; Jéreskog and Sérbom, 1993). While the RMSEA
indicated some limitations, the non-significant
chi-square, high CFl, and low SRMR collectively
suggest that the model fits the data well (Shipley,
2000; Pugesek et al., 2003).



Table 4 Summary of the analyzed structural equation model

Parameter

Postulated model

Degrees of freedom (df)
P-value (Chi-square: x?)
P-value

Comparative Fit Index (CFI)
Tucker-Lewis Index (TLI)

Standardized Root Mean Squares Residuals (SRMR)
Root Mean Square Error of Approximation (RMSEA)

5
0.078
<0.000
0.968
0.891
0.021
0.181

The results of the path analysis (Figure 2,
Table 5) show that five traits had a positive direct effect
on yield, with the strongest positive effect coming from
days to first picking (7.68), followed by days to first
flowering (4.55), and pod weight per plant (1.23).
These results suggest that selecting for earlier flowering
and picking times, alongside increased pod weight,
can significantly improve yield. However, despite their
positive direct effects, both days to first picking and
days to first flowering exhibited negative correlations

DTF

PWP

with yield, indicating that indirect factors complicate
their relationship with yield. Conversely, pod weight per
plant stands out because it not only has a strong
positive direct effect but also a strong positive correlation
with yield. This suggests that increasing pod weight
directly boosts yield and makes it a reliable trait for
selection in breeding programs. These findings align
with those of Aminu et al. (2016) and Rambabu et al.
(2019), who highlighted the importance of pod weight
and the number of pods per plant in improving okra yield.

HTFN

Figure 2 Path diagram showing the direct and indirect effects of other traits on yield. The rectangles represent

observable endogenous and exogenous variables, and the width of the arrow represents the strength

of the relationship. Green arrows represent positive effects while red arrows represent negative

effects. YLD = yield, DTF = days to first flowering, DFPA = days to first pod appearance, DFP =

days to first picking, HTFN = height at first flowering node, HTF = height at flowering, PL = pod

length, PP = picking periods, NPP = number of pods per plant, PWP = pod weight per plant.



Table 5 Path analysis of okra accessions by structural equation modeling

Variables Estimate  Standard Walid P(>|z|]) Standardized Completely
error statistic latent standardized
(z-value) variables solution

YLD ~

Exogenous DTF 4.55 8.25 0.55 0.58 4.55 4.60

variables  prpA  -12.25 16.30 -0.75 0.45 -12.25 -12.40

(Latent) DFP 7.68 8.33 0.92 0.36 7.68 7.75
HTFN -0.25 0.18 -1.40 0.16 -0.25 -0.26
HTF 0.28 0.17 1.64 0.10 0.28 0.28
PL 0.08 0.06 1.32 0.19 0.08 0.08
PP -0.14 0.13 -1.02 0.31 -0.14 -0.14
NPP -0.26 0.22 -1.15 0.25 -0.26 -0.26
PWP 1.23 0.21 5.98 0 1.23 1.24
PWP ~
DFPA -0.13 0.06 -2.33 0.02 -0.13 -0.13
PL 0 0.05 0.08 0.94 0 0
NPP 0.92 0.05 19.04 0 0.92 0.92
Residual variance

Endogenous YLD 0.07 0.02 3.87 0 0.07 0.08

variables  pyyp 0.06 0.02 3.87 0 0.06 0.06

(Observed)

Note: YLD = yield, DTF = days to first flowering, DFPA = days to first pod appearance, DFP = days to first

picking, HTFN = height at first flowering node, HTF = height at flowering, PL = pod length, PP = picking

periods, NPP = number of pods per plant, PWP = pod weight per plan.

Kumari et al. (2019) also reported positive direct effects
of pod weight on yield at both the genotypic and
phenotypic levels.

In contrast to the traits with positive effects,
four traits demonstrated negative direct effects on
okra yield (Figure 2, Table 5). The most pronounced
negative effect was observed in days to first pod
appearance (-12.25), indicating that a delayed
appearance of the first pod significantly reduces yield.
This result is further supported by the strong negative
correlation (r = -0.50) between days to first pod
appearance and yield, highlighting that early pod
formation is critical for maximizing yield potential. A
possible explanation is that a delay in pod formation
shortens the period for pod growth and maturation,

limiting the overall number of pods produced, which

ultimately reduces yield. Similarly, height at first
flowering node had a negative direct effect (-0.25),
but its small effect size and lack of a strong correlation
with yield imply limited influence.

The picking period and the number of pods
per plant showed negative direct effects but strong
positive correlations with yield, indicating that while
these traits directly reduce yield, they contribute
significantly to yield through indirect pathways. For
instance, an extended picking period may initially
divert resources, reducing yield directly, but allows
for more pods to develop and be harvested over time,
ultimately enhancing total yield. Similarly, while a
higher number of pods per plant may reduce resource
allocation to individual pods, the overall increase in

pod numbers compensates for this, contributing



positively to yield. Therefore, breeders should consider
the indirect effects of these traits when selecting for
higher yield, as focusing solely on direct effects may
overlook their potential contribution to improving okra
yield.

Lastly, the residual variance for yield (0.07)
and pod weight (0.06) was low, suggesting that the
exogenous variables (such as days to first flowering,
pod appearance, etc.) explain a significant portion of
the variance in yield and pod weight. This indicates
that the model provides a good overall fit and that the
traits analyzed are reliable predictors of okra yield.

CONCLUSIONS

This study concludes that sufficient genetic
variability exists among the okra accessions to allow
for the successful improvement of most of the measured
traits. Accessions NHOKO179, NHOKO158, and
NHOKO593 demonstrated high yield potential, making
them promising candidates for developing improved
okra cultivars in breeding programs. Traits such as
pod weight per plant, as well as earlier flowering and
earlier picking times, should receive priority in okra
improvement efforts, as they have shown to significantly
influence yield performance.
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