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ABSTRACT

Empirical decisions on the number of samples to be collected per experimental unit may cause
experiments to obtain misleading results. Once little attention has been given to soybean early-
cycle traits, the aim of this study was to find the optimal sample size to estimate the overall
experimental mean, coefficient of variation, and least significant difference for soybean early-
cycle traits; and to assess precision gain as a function of sample size. Two experiments were
performed in Erval Seco, Rio Grande do Sul, Brazil, with 30 soybean cultivars in a randomized
block design with three repetitions. Thirty-nine days after emergence, 20 plants per experimental

unit were measured, totaling 3,600 sampled plants. Then, sampling scenarios of 1, 2, ..., 100
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plants were considered and the statistics overall experimental mean, coefficient of experimental
variation, and least significant difference at 5% error probability were estimated in each scenario.
In general, more precise estimates were made for the three precision statistics as a higher number
of plants per experimental unit was sampled. However, precision gain tends to stabilize at ~70%.
Therefore, a sample size of 17 plants per experimental unit was sufficient to estimate the
experimental precision statistics reliably for soybean early-cycle traits.

KEYWORDS: coefficient of variation, experimental planning, Glycine max, least significant

difference.

1. INTRODUCTION

Soybean crop [Glycine max (L.) Merr.], one of the most relevant commodities worldwide,
has been the target of several kinds of research (Zhang et al. 2019; Souza et al. 2022; Zhang et al.
2022), from ecophysiological studies that focus on providing technical recommendations
(Oikawa and Ainsworth 2016; Zanon et al. 2016) to the finding of superior genotypes through
plant breeding programs (Li et al. 2020; Mwiinga et al. 2020; Souza et al. 2021). However, as
pointed out by Souza et al. (2022), sampling has not been a major research topic, neither for
soybean nor other crops, even though it represents one of the main and most important stages of
experiments (Siegel 2012; Anderson et al. 2017). The lack of recommendations on the number of
observations to be sampled may lead to empirical decision-making (Pifiera-Chaves et al. 2020),
which can later result in biased inferences (Maxwell et al. 2008; Anderson et al. 2017; Alvez-

Silva et al. 2018).
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For experimental research to be valid, it must be conducted at known and high precision
levels (Cargnelutti Filho et al. 2009a; Gordon-Mendoza and Camargo-Buitrago 2015). In this
sense, the sample size used for measuring traits in soybean and other crops needs to be adequate
for the correct estimation of means, variability, and complementary statistics (Souza et al. 2022).
Confalonieri et al. (2009) state that sampling insufficiency may contribute to the non-rejection of
the initially-established basic hypothesis because of a high associated error, once it increases the
rate of type II error (Maxwell et al. 2008; Siegel 2012; Anderson et al. 2017). On the other hand,
the sampling of an excessive number of plants may harm the conduction and evaluation of
experiments with a high number of treatments, not only because these require larger
experimental areas but also due to the need for more manpower, time, and financial resources
(Toebe et al. 2015; Bittencourt et al. 2022), making sample size recommendations crucial to
maintain result reliability.

Defining sample size requires the selection of criteria that are associated with experimental
bias. In that regard, Cargnelutti Filho et al. (2009a) highlighted the overall experimental mean,
coefficient of variation, and least significant difference as directly associated with the
experimental error in experiments with soybean, which was later corroborated by Gordon-
Mendoza and Camargo-Buitrago (2015) for maize (Zea mays L.). In addition, Souza et al. (2022)
verified such precision statistics are influenced by the sample size used. Nevertheless, although
studies on experimental planning regarding sample size have been performed for soybean
(Cargnelutti Filho et al. 2009b), including the analysis of the response of precision statistics to
the number of plants sampled per experimental unit (Souza et al. 2022), an adequate sample size

for soybean early-cycle traits has not been reported in the literature, especially focusing on
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experimental precision statistics. This approach becomes relevant once sample size can also
variate depending on the phenological stage of the plant (Confalonieri et al. 2006).

Early-cycle traits are extremely important for evaluating the vigor and early performance
of soybean cultivars (Zhang et al. 2019; Liu et al. 2022; Zhang et al. 2022), for which reliable
results are necessary to avoid misleading agronomical recommendations (Confalonieri et al.
2009; Anderson et al. 2017). However, in the absence of a standardized reference number of
plants per experimental unit for this type of experiment, studies have been carried out with
different sample sizes (Oikawa and Ainsworth, 2016; Zhang et al. 2019; Liu et al. 2022; Zhang
et al. 2022), unknowing how this affects the precision of their results. Therefore, the aim of this
study was to find the optimal sample size to estimate the overall experimental mean, coefficient
of variation, and least significant difference for soybean early-cycle traits; and to assess precision

gain as a function of sample size.

2. MATERIALS AND METHODS

2.1. Experimental design and conduction

Two experiments with soybean were carried out in the municipality of Erval Seco, Rio
Grande do Sul, Brazil, during the 2017/2018 growing season. According to the K&ppen climatic
classification, the local climate is of the Cfa type, humid subtropical with no dry season defined
and warm summers (Wrege et al. 2012), and with a Red Latosol soil (Santos et al. 2013). The

experiments were conducted in a randomized block design with three replications, of which the
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first experiment was sown on 10/24/2017, and the second, on 11/15/2017, using 30 soybean
cultivars.

Plots were composed of five three-meter rows, spaced 0.45 m apart. Sowing was
performed manually, with posterior thinning of plants so that a final population of 300,000 plants
ha'! was achieved. Base fertilization was applied according to the recommendations for the crop,
aiming at a yield of 5,400 kg ha™!. All cultural practices were performed uniformly within the

experimental area according to the technical recommendations for the crop.

2.2. Evaluations and bootstrap resampling per experimental unit

In each experiment, 39 days after emergence, plant height and the number of nodes in the
main stem were measured in 20 plants of the central row of each plot, totaling 1,800 plants per
experiment, and 3,600 plants in total. Next, data were tabulated and 100 sample sizes were
simulated (n = 1, 2, 3, ..., 100 plants per experimental unit). For this, the experiments were
previously stratified into experimental units for each planned sample size. Also, for each sample
size, 10,000 resamplings were performed with repositioning. In each resampling, the overall
experimental mean (m) was estimated and a one-way analysis of variance was performed
according to the following mathematical model for randomized block designs:

Yii=m+G + B+ ¢
where Yj; is the mean observed value of the response variable in plot ij; G; is the fixed effect of
level i of the cultivar (i = 1, 2, ..., 30); B; is the random effect of the block (j = 1, 2, and 3); and
g;; 1s the fixed effect of the experimental error, supposedly normal and independently distributed,

with a mean of zero and a common variance o° (Storck et al., 2016). Furthermore, the coefficient
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of experimental variation (CVe), and the least significant difference (LSD) between cultivars
were calculated in each resampling through Tukey’s test at a 5% error probability, according to

the following equations:

VEMS
CVe = 1007

EMS
LSD = qq(i;prp) T

where EMS is the error mean square; qq(i;prp) 18 the critical value to use in Tukey’s test; i is the

number of cultivars (i = 30); j is the number of repetitions (j = 3); and DFg is the number of

degrees of freedom of the error [DFy = (i —1)(j — 1) = 58].
2.3. Descriptive statistics and sample size definition

Statistical analyses were performed using R software (R Development Core Team 2026)
and Microsoft Office Excel. For each experiment, trait (plant height and the number of nodes)
and sample size simulated (» = 1, 2, 3, ..., 100 plants), 10,000 m values, analyses of variance,
CVe, and LSD were calculated. These analyses were carried out using the native functions aov()
and sample(). Next, m, CVe, and LSD values, of each resample, were recorded, and from those,
2.5 and 97.5 percentiles and mean values were obtained, and confidence interval width at 95%
(CI) was calculated as the difference between 97.5 and 2.5 percentiles.

For the definition of sample size, the precision gain criterion was used, as established by
Cargnelutti Filho et al. (2018) and efficiently used by Souza et al. (2022). Thus, the CI obtained
for the lowest sample size (CI,), that is, the sample size of one plant per experimental unit, was

considered as a reference of 100% (maximum CI, and therefore minimum precision of the m,
6
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CVe, and LSD estimates). Then, precision gain (PG;, in %) was calculated by adding the i plants

(1=2,3, ..., 100 plants), through the following expression:

PG; = 100 (Cli) 100
. = — | — ] *
¢ Cl,

where CIJ; is the confidence interval width at 95% of the sample sizes from 2 to 100 plants per
experimental unit. Posteriorly, PG; (dependent variable) was parametrized as a function of the
number of plants per experimental unit (independent variable) for each statistic calculated
through Schumacher’s model (Schumacher 1939). The following mathematical model was
applied using the n/s() function:
PG;= a xexp(B x n™) +¢

where PG; is the i precision gain observation per statistic, in each n sample size, @ and /8 are
parameters of the model, exp is the exponential function and ¢; is the error of random effect.
Finally, the maximum curvature point was obtained on the fitted model through the
perpendicular distance method, using the maxcurv() function, as reported by Silva and Lima
(2017), and by Souza et al. (2022) for soybean. This point was considered the optimal sample

size per experimental unit for the specific statistics, traits, and sowing dates understudy.
3. RESULTS
3.1. Response of experimental precision statistics to sample size scenarios
The m value of the traits was not altered by sample size increase (Figures 1la, d, g, and j)
in any of the two experiments. In the first experiment, for instance, the lowest sample size, of

one plant per experimental unit, obtained an m of 10.63 cm for plant height and of 4.89 units for

7
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the number of nodes, which was maintained when sampling 100 plants per experimental unit
(Supplementary Tables 1 and 4). Those results indicate the m estimator is not biased; therefore,
sample size does not interfere with its property, however, it still allows the estimation of its real
value to be more precise, which is confirmed by the lower CI and the precision gain obtained at
higher sample sizes.

Regarding CVe and LSD, sample size increase from one to 10 plants per experimental unit
resulted in a reduction of mean values, in both experiments (Figures 1b, c, e, f, h, 1, k, and 1).
Thus, different than for m, these statistics are subjected to higher bias in small sample sizes
(Supplementary Tables 2, 3, 5, and 6). However, up from 16 plants per experimental unit, such
values tend to stabilize, reducing bias. Also, equally to m, the 97.5 percentile tended to a
reduction. CVe, for instance, presented values of 21.30 % and 19.87 % when sampling one plant
per experimental unit for plant height, and 8.73 % and 6.94 % when 100 plants per experimental
unit are considered, in the first and second experiments respectively (Figures 1b and h;
Supplementary Table 2). At the same time, the 2.5 percentile showed a gradual increase, with
values of 11.48 % and 10.06 % for the sampling of 1 plant per experimental unit, and 7.48 % and
5.99 % for 100 plants per experimental unit. For the number of nodes, a similar response was
identified in both experiments (Supplementary Table 5). Hence, this leads CI to reduce gradually
as sample size increases, forming a “funnel” shape, so that estimates get closer to the real values
as sample size increases and CI reduces. Therefore, in order to estimate both these statistics
reliably, the definition of a minimum sufficient sample size is necessary, considering insufficient

samplings may result in non-representative values and misleading results.

3.2. Precision gain and sample size
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In both experiments, all experimental precision statistics for both early-cycle traits
obtained a precision gain > 85% when sampling 100 plants per experimental unit compared to
the sampling of only one plant. Initially, that is, at smaller sample sizes, precision gains were
higher, however, as the sampled number of plants per experimental unit increased, it tended to
reduce gradually (Figure 2). For instance, when increasing the sample size from one to two
plants per experimental unit, the precision gain is up to 30.27%. Nevertheless, this rate decreases
when 17 plants per experimental unit are selected. Such a reduction is an indicator that sampling
a high number of plants, such as 100 plants per experimental unit, would not guarantee a much
higher precision gain than sampling only 17 plants.

Furthermore, the parametrization of mathematical models through Schumacher’s method
(1939) allowed predicting precision gain as a function of the number of sampled plants per
experimental unit satisfactorily, according to the quality indicators (Table 1). Root mean square
error (RMSE) was < 2.00, and the coefficient of determination (R?), and Willmott’s agreement
index were > 0.98 and > 0.99, respectively. When modeling this response, a point was defined up
from which precision gain stabilized, corresponding to a certain sample size, which was defined
as optimal. The optimal sample size presented a slight variation, of only one plant, among
experimental precision statistics and experiments. Thus, the maximum value among those (17
plants per experimental unit) was considered sufficient to estimate both early-cycle traits in

soybean (Table 2).

4. DISCUSSION
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Recently, Souza et al. (2022) highlighted the choice for empirical sample numbers in
studies with soybean and suggested an adequate sample size to estimate experimental precision
statistics for this crop. The authors defined the sample size for soybean grain yield and
recommended that further research should be carried out considering other traits. In this sense,
our study focuses on soybean early-cycle phenotypic traits to find the optimal sample size for
experimental precision statistics by understanding the response of those statistics to the number
of sampled plants per experimental unit.

When analyzing the precisions statistics, m showed a distinct response concerning CVe and
LSD. As already mentioned, the m estimator is not biased, which was also observed by
Cargnelutti Filho et al. (2009b), Toebe et al. (2015), Bittencourt et al. (2022), and Souza et al.
(2022). However, similarly to the CVe and LSD, its CI is higher for a low number of samples,
suggesting that this estimator becomes more distant from its populational parameter in those
scenarios (Siegel 2012; Anderson et al. 2017) so that finding an adequate sample size to estimate
m is still necessary (Alvez-Silva et al. 2018). Souza et al. (2022) found a sample size of 16 plants
per experimental unit for m when studying soybean grain yield under subtropical conditions in
highlands. In this study, under similar edaphoclimatic conditions, slight variations were observed
for the plant height and number of nodes, with values up to 17 plants per experimental unit. Such
results may be useful for future studies, once they promote the obtention of reliable estimates of
this base statistic (m), which can be used to make other mathematical inferences (Cruz et al.
2012).

CVe and LSD statistics are subjected to quite inconsistent estimates in small sample sizes.
Similar responses have been observed for other crops and phenotypic traits (Pifiera-Chavez et al.

2020; Bittencourt et al. 2022), as well as for soybean grain yield (Souza et al. 2022). One of the
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possible reasons for this may be EMS estimative through the least squares method, which is
biased in very small sample sizes, as reported by Souza et al. (2022). Hence, when using this
statistic, CVe and LSD become extremely sensitive to sample size so the need for the optimal
sample size for these precision statistics is even stronger than for m. Nevertheless, the three
tended to have similar precision gains when 17 plants per experimental unit were sampled.

Once a precision of ~70% is gained considering the sampling of only one plant per
experimental unit, precision gain reaches stabilization, similarly to the results obtained by Souza
et al. (2022) for soybean grain yield. This condition can be explained by the reduction of extreme
values resulting from sample size increase, once the observed values get closer to the real values.
Thus, with each increase in the number of samples, the precision gain becomes lower, given CI
will reach a stabilization point that will lead to similar CI values at high sample sizes. Because of
this, the use of extremely high sample sizes does not compensate for precision, considering that
the higher the number of samples, the higher the costs and the greater the need for resources and
labor (Toebe et al. 2015; Bittencourt et al. 2022). Therefore, 17 plants per experimental unit,
which reached a precision gain of ~70% are sufficient for the reliable estimate of m, CVe, and
LSD for the plant height and number of nodes of early-cycle soybean.

Moreover, based on our results, other relevant soybean traits deserve attention and can be
targeted in sample-size-dimensioning studies. Also, as recommended by Souza et al. (2022), we
highly encourage the definition of optimal sample sizes for the traits and statistics here studied
under different edaphoclimatic conditions and expect that the sample size recommendations
proposed in this study serve as a reference for future research that measures these traits in

soybean. Still, we recommend that the sample sizes found here are used strictly for soybean once
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different crops, even with similar plant architecture, may require a different number of samples

to estimate the precision statistics here studied.

5. CONCLUSION

Precision statistics m, CVe, and LSD were influenced by sample size for soybean early-
cycle traits plant height and number of nodes, where sampling increase up to 17 plants per
experimental unit provided an increase in precision, for which this number was recommended as

the optimal sample size to estimate such experimental precision statistics reliably for those traits.
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343
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345  Table 1 — Schumacher models and quality indicators [coefficient of determination (R?), root
346  mean square error (RMSE), and Willmott’s agreement index (d index)] for soybean early-cycle

347  traits plant height and number of nodes.

Trait  Precision statistic Schumacher's model R? RMSE dindex

First sowing date (10/24/2017)

PH Plant height (cm™) PGi=90.8201 x exp(-2.6372 x n’!) 0.99 1.52 0.99
PH cve' PG;i = 88.2822 x exp(-3.1405 x n’!) ~ 0.98 1.85 0.99
PH LSD PGi=87.9993 x exp(-3.2718 x n’!)  0.98 1.86 0.99
NN Number of nodes  PGi =90.8900 x exp(-2.6748 x n’!) ~ 0.99 1.47 0.99
NN CVe PG;i = 88.2822 x exp(-3.0582 x n’!)  0.98 1.81 0.99
NN LSD PGi = 88.0339 x exp(-3.1375 xn’")  0.98 1.86 0.99

Second sowing date (11/15/2017)
PH Plant height (cm™) PGi=90.8101 x exp(-2.6522 x n")  0.99 1.52 0.99

PH CVe PGi=90.1934 x exp(-2.6427 x n’)  0.99 1.61 0.99
PH LSD PGi = 89.8914 x exp(-2.7429 x ') 0.99 1.61 0.99
NN Number of nodes  PGi =90.6354 x exp(-2.7690 x n’!) 0.99 1.47 0.99
NN CVe PGi = 88.0292 x exp(-3.1013 x n’!) ~ 0.98 2.00 0.99
NN LSD PGi = 87.6505 x exp(-3.2882 x n’!)  0.98 1.98 0.99

348 “PH: Plant height (cm™); NN: Number of nodes (units); CVe: coefficient of variation; LSD: Least significant

349 difference at 5% error probability; PGi: Precision gain (%) calculated for sample sizes ranging from 2 to 100 plants.

350

351
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Table 2 — Maximum curvature points and maximum confidence interval width at 95% (CI) for
the precision statistics overall experimental mean (m), coefficient of variation (CVe), and least
significant difference at 5% error probability (LSD) for the soybean early-cycle traits plant

height and number of nodes.

m CVe LSD

First sowing date (10/24/2017)

Plant height (cm™)

Maximum curvature 15.8530 16.6847 16.9422

Maximum CI 76.0373 73.1354 72.5455

Sample size 16 17 17
Number of nodes

Maximum curvature 15.7143 16.5065 16.6649

Maximum CI 76.6643 73.4252 72.9265

Sample size 16 17 17

Second sowing date (11/15/2017)

Plant height (cm™)

Maximum curvature 15.6747 15.6549 15.8530

Maximum CI 76.6744 76.1837 75.6094

Sample size 16 16 16
Number of nodes

Maximum curvature 159124 16.6055 16.9818

Maximum CI 76.1595 73.0326 72.2207

Sample size 16 17 17
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FIGURES LEGENDS

FIGURE 1. Descriptive statistics of the bootstrap resamplings per simulated sample size and
their respective minimum, 2.5 percentile, mean, 97.5 percentile, and maximum values for a)
overall experimental mean (in cm), b) coefficient of variation (in %), and c) least significant
difference of Tukey’s test at 5% (in cm) of the plant height measured in 30 soybean cultivars
during the first sowing season (October 24, 2017); d) overall experimental mean (in units), e)
coefficient of variation (in %), and f) least significant difference of Tukey’s test at 5% (in units)
of the number of nodes in the main stem measured in 30 soybean cultivars during the first
sowing season (October 24, 2017); g) overall experimental mean (in cm), h) coefficient of
variation (in %), and 1) least significant difference of Tukey’s test at 5% (in cm) of the plant
height measured in 30 soybean cultivars during the second sowing season (November 15, 2017);
and j) overall experimental mean (in units), k) coefficient of variation (in %), and 1) least
significant difference of Tukey’s test at 5% (in units) of the number of nodes in the main stem

measured in 30 soybean cultivars during the second sowing season (November 15, 2017).

FIGURE 2. Precision gain and maximum curvature point through the perpendicular distances
method for the definition of the optimal sample size for the overall experimental mean (in cm —
a, d, m and p); coefficient of variation (in % — b, e, n and q); and least significant difference of
Tukey’s test at 5% (in cm — ¢, f, 0 and r) of the plant height measured in 30 soybean cultivars
during the first sowing season (October 24, 2017) (a—f) and second sowing season (November
15, 2017) (m-r); and for the overall experimental mean (in units — g, j, s and v); coefficient of

variation (in % — h, k, t and x); and least significant difference of Tukey’s test at 5% (in units — i,

18



388 1, uand y) of the number of nodes in the main stem measured in 30 soybean cultivars during the
389 first sowing season (October 24, 2017) (g-1) and second sowing season (November 15, 2017) (s—

390  y)."k: values of 5,000 empirical distances assumed from the parametrization of Shumacher’s model as a function of

391 the precision gain and number of plants per experimental unit.
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