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ABSTRACT

The common bean (Phaseolus vulgaris L.) is aleguminous plant and one of the world’'s mostimportant crops,
with substantial economic relevance. Hence, the main aim of this paper is to analyze the productivity of
common beans, establishing relationships with specific variables. For this purpose, the following candidate
explanatory variables were considered: plant height, number of branches per plant, days to flowering,
days to maturity, number of seeds per pod, number of pods per plant, and seed mass. Because of its
flexibility in explaining the behaviour of a response variable, the generalized additive models for location,
scale, and shape (GAMLSS) were used for statistical modelling. Initially, three distinct distributions for the
response variable (productivity) were considered: the inverse gamma (IGAMMA), the generalized gamma
(GG), and the inverse Gaussian (IG). The covariates for the regression structures were selected using the
so-called Strategy A, a stepwise-based method. Based on both Akaike and Schwarz criteria, the GAMLSS
based on the IG distribution was chosen as the best fit. The variables number of pods per plant and days
to maturity had a positive significant effect on average productivity, whereas the number of branches per
plant presents a negative effect on its variability. Based on a residual analysis, we can conclude that the
fitted GAMLSS based on the IG distribution is appropriate to explain the data.

Keywords: Distributional regression models; Model selection; Phaseolus vulgaris L.

RESUMO

O feijdo comum (Phaseolus vulgaris L.) é uma leguminosa que constitui uma das culturas mais
importantes do mundo, com grande relevancia econémica. Assim, o principal objetivo deste trabalho
é analisar a produtividade do feijdo comum, relacionando-a com variaveis especificas. Para o efeito,
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foram consideradas as seguintes variaveis explicativas candidatas: altura da planta, nUmero de ramos
por planta, dias para a flora¢do, dias para a maturacdo, nimero de sementes por vagem, nimero de
vagens por planta e massa de sementes. Devido a sua flexibilidade em explicar o comportamento de
uma variavel resposta, os modelos aditivos generalizados para localizacdo, escala e forma (GAMLSS)
foram utilizados para a modelagem estatistica. Inicialmente, foram consideradas trés distribuicdes
distintas para a variavel resposta (produtividade): a gama inversa (IGAMMA), a gama generalizada (GG)
e a gaussiana inversa (IG). As covariaveis para as estruturas de regressao foram selecionadas utilizando
a chamada Estratégia A, um método baseado em stepwise. Com base nos critérios de Akaike e Schwarz,
0 GAMLSS baseado na distribui¢cdo |G foi escolhido como o melhor ajuste. As variaveis nUmero de
vagens por planta e dias até a maturac¢do tiveram um efeito significativo positivo na produtividade
meédia, enquanto o numero de ramos por planta apresenta um efeito negativo na sua variabilidade.
Com base numa analise residual, podemos concluir que os GAMLSS ajustado com base na distribuicao
IG é adequado para explicar os dados.

Palavras-chave: Modelos de regressao distribucional; Sele¢do de modelos; Phaseolus vuligaris L.

1 INTRODUCTION

The common bean (Phaseolus vulgaris L.), a legume of the Fabaceae family,
is one of the world’'s most important primary crops, with significant socioeconomic
importance. It can fix atmospheric nitrogen in symbiosis with rhizobia bacteria, being
a low-cost protein source for people in developing countries such as those in Latin
America and Africa (Schmutz et al., 2014; Jannat et al., 2019), including Mozambique,
where both fresh and dried beans are important sources of nutrition and income for
small-scale farmers (Pedro et al., 2022a).

Despite its significant socioeconomic importance, Mozambique's yield hovers
around 533.8 kg ha' (Mader, 2021), which is considered low when compared to the
average yield of some of the major producing countries such as China: 1744.1 kg ha™,
United Republic of Tanzania: 1343.7 kg ha”', Myanmar: 911.6 kg ha' (FAOSTAT, 2020),
and Brazil: 1056 kg ha' (CONAB, 2023). Several causes might be attributed to the lower
yield, including insufficient agricultural techniques, abiotic, and biotic stressors, as well
as the use of low-genetic-potential varieties (Pedro et al., 2022a).

However, cultivar yield can be increased by evaluating and selecting progenitors

with high genotypic value, or by crossing divergent parents drawn from autochthonous
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common bean varieties cultivated over many years by small-scale farmers and locally
adapted, differing in a variety of agronomic traits, and many of them are on the verge
of extinction. Autochthonous varieties, according to Stoilova et al. (2013) and Abdollahi
et al. (2016), are plant strains that have been domesticated from nature through both
natural and artificial selection, helping farmers and agricultural programmes adapt to
new challenges like climate change.

Traditional statistical regression models have been widely used to assess bean
productivity e.g., Kakhki et al. (2022), phenotypic stability of genotypes e.g., Rosse;
Vencovsky (2000), cultivar growth and yield e.g., Pereira et al. (2013), and disease
incidence risk e.g., Harikrishnan; Del Ro (2008). However, depending on the complexity
of the data under study, more flexible models capable of explaining not only the mean
of the response distribution, but also all of its properties (distribution parameters),
may be required Kneib (2013).

In this sense, the generalized additive models for location, scale, and shape
(GAMLSS) have gained substantial theoretical and practical importance across a
wide range of disciplines, e.g., precision agriculture (Righetto et al., 2019; Ossifo
et al., 2024) and animal production (Nakamura et al., 2022; Roquim et al., 2023).
Within the GAMLSS framework, any distribution parameter can be modelled as
a function of explanatory variables, allowing for different regression structures
chosen for each of them, i.e., several covariates might be chosen to explain each
of the response distribution’s parameters.

Given this highly flexible methodology, the main aim of this paper is to use
the GAMLSS framework to model the productivity of common beans (Phaseolus
vulgaris L.), relating it to potential candidate features: plant height, number of
branches per plant, days to flowering, days to maturity, number of seeds per pod,

number of pods per plant, and seed mass.
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2 MATERIAL AND METHODS

2.1 The data

The experiment was carried out in the Agronomic Station of Nampula
(15°09'01.8"S and 39°18'47.0"E) of the Mozambique Institute of Agricultural Research.
Nampula is a district within the Province of Nampula, situated in the Northern Region
of Mozambique, in the southeastern part of the African continent (Figure 1). The city
of Nampula experiences a tropical climate classified as Aw according to the Képpen-
Geiger climate classification. The annual precipitation is 959 mm, considering summers

are much rainier than winters, and the average temperature is 23.9 °C.

Figure 1 -Location ofthe study area: Nampula district, Northern Region of Mozambique,

in the Southeastern of the African Continent
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Source: Source: Authorship (2023)
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The characteristics evaluated were: plant height (PH; in c¢cm), number of
branches per plant (NBP), number of pods per plant (NPP), number of seeds per pod
(NSP), days to flowering (DTF), days to maturity (DTM), seed mass (SM; in g), and the
response, grain productivity (PROD, kg ha") following the methodology outlined by
IPGRI (2001). The experimental design employed was an augmented block design
proposed by Federer (1956), consisting of four blocks.

Sowing was on 25 February 2021, with a seeding density of 10 seeds per linear
metre in plots measuring 2 min length and including two rows separated by 0.5 m. Crop
management included two rounds of weeding, 15 and 30 days after the emergence of
the plant. Two foliar fertilizations were performed using liquid Codafol NPK fertiliser
(7-21-7) and two doses of the insecticide Cypermethrin (Hitcel 44EC) were provided
for pest management during phenological stages V3 and V6. Harvesting, drying,
threshing, and seed selection were all carried out within each plot. Following that, the
weight of 100 seeds and seed mass per plot were calculated and converted into grain

productivity. Further details are shown in Pedro et al. (2022).
2.2 The GAMLSS framework

GAMLSS is based on the assumption that the response variable (Y) may be
represented by a distribution D(6,), where 6:(67,...,6p )T represents the parameter
vector of the distribution under consideration. The model is defined mathematically

as follows:

Tk
91 (01) = =Xy By +Zj:15jk(xjk) (1)

Where g:O, k=1, .., p, is a link function - e.g, if 8, > 0 then gx(6x) =10g(6x) - X is a
design matrix, f, is a parameter vector, and s (-) is a smoothing function (e.g., P-splines:
Eilers; Marx, 1996) that explains the reIatlonshlp between the covariate X, and the model’s
distribution parameter Rigby; Stasinopoulos (2005). If Z sx(x;) =0 then we have the full
parametric GAMLSS Righetto et al. (2019)
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The first stage in modelling common bean (Phaseolus vulgaris L.) productivity is to
choose a distribution D(6,) that suits its behaviour well. In this context, marginal exploratory
and residual analyses are often used, as Nakamura et al. (2017) emphasize. Given their
superior marginal fit to bean productivity in a preliminary analysis, the following three
candidate distributions capable of dealing with the asymmetric nature of the answer, as
will be further discussed in Section 3, were considered in this study (Rigby et al., 2019):
inverse gamma (IGAMMA), generalized gamma (GG), and inverse Gaussian (IG).

The IGAMMA probability density function (pdf) is written as follows

3 ‘ua ((1 + 1)ay—(u+1)

flwo) = I' (@) exp[

—p(a+1)]
y

(2)

Where p > 0 is the mode of the distribution and also a scaling parameter, o > 0 is a dispersion
parameter, @ = 1/6? and ra =f t*Le~tde is the gamma function
0

On the other hand, the GG pdf is given by

vV egyve—l _ gyv
flyvuoy) = Wexp o 3)

Where u > 0 is a scaling parameter, o > 0 is a dispersion parameter, v >0 or v <0 is a shape
parameter and 6 = 1/(021/2)

Note that the IGAMMA distribution is a reparameterized special case of the GG

distribution. Finally, the IG pdf can be written as

f(ylwo) = exp 4)

Where p > 0 is the mean and 0 > 0 is a dispersion parameter

Since different explanatory variables can be included in any of the regression
structures, several procedures for selecting variables for each of the parameters
can be used Stasinopoulos et al. (2017). Among these, the most used is the so-called

Strategy A Ramires et al. (2021), a stepwise approach-based method.
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All fitted models are evaluated based on the generalized Akaike information
criterion (GAIC) Voudouris et al. (2012), given by GAIC (k) =— zip + k- df, where 2p is the
fitted total likelihood function, df is the total effective degrees of freedom and k is
the penalty for each degree of freedom used. The lower the value of GAIC, the better
the model fit. Note that if kK = 2 GAIC reduces to the Akaike information criterion (AIC)
(Akaike, 1974) and k = log(n), where n is the sample size, GAIC reduces to the Bayesian
information criterion (BIC) Schwarz (1978).

After model fitting, we evaluate its assumptions using normalized quantile
residuals Dunn; Smyth (1996), which are generally represented by worm plots (WP)

Van Buuren; Fredriks (2001). Check Stasinopoulos et al. (2017) for further details.

3 RESULTS AND DISCUSSION

Figure 2 - Productivity of common bean (Phaseolus vulgaris L.). (a) histogram and (b) box plot
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The response variable marginal distribution (Figure 2) is positively skewed

(skewness equals 1.47) and has heavy tails (leptokurtic), indicating a concentration of
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observations at its extremes (kurtosis equals 2.09). Based on these characteristics, the
IGAMMA, GG, and IG distributions described in Section 2, are appropriate for modelling

this response Rigby et al. (2019).

Figure 3 - Relationship between average productivity and explanatory variables: (a)
plant height; (b) number of branches per plant; (c) number of pods per plant; (d)

number of seeds per pod; (e) days to flowering; (f) days to maturity; and (g) seed mass
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Figure 3 - Relationship between average productivity and explanatory variables: (a)
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The relationship between productivity and each of the candidate explanatory
variables is studied in Figure 3. Similar to Bisognin et al. (2019), positive correlations
between the response variable and the covariates PH, NBP, NPP, and NSP are detected
in Panels (a), (b), (c), and (d). This suggests that productivity is likely to be higher in
taller plants with more branches, pods, and seeds. The apparentrelationship between
DTF and productivity (Panel e) is supported by Shahid and Kamaluddin (2013). They
observed positive correlations between DTF and PROD in their assessment of the
performance and relationship between variables contributing to autochthonous
and exotic Rajmash bean materials under temperature conditions, indicating that
this variable may have an impact on bean productivity. Similarly, Sofi et al. (2011)
observed substantial differences in the days to flowering among common bean
cultivars concerning their productivity.

Panel (f) displayed the relationship between DTM and PROD, with a higher
variability within the 65-80 maturity range. Similar results were observed by Amanullah
et al., (2006) with a range of 82-103 days for autochthonous varieties of common

beans, and by Sofi et al., (2011) with a range of 77-124 days. Jannat et al., (2022) found

Ci. e Nat., Santa Maria, v. 47, e85223, 2025



10 | Generalized additive models for location, scale and shape in the...

a range of 68-115 days to maturity in their assessment of the biological diversity of
autochthonous common bean types. The authors reported that early maturity of
common beans is a requirement for cultivation preferences among agricultural
communities, emphasizing the importance of days to maturity in crop appraisal.

The relationship between seed mass and PROD is displayed in Panel (g), where
values typically exceed 45 g. This finding is consistent with the findings of Biscaro et
al., (2009) who discovered greater correlations between SM and productivity following
the administration of molybdenum by seed treatment in the cultivation of beans. This
treatment increased leaf chlorophyll content, which resulted in increased seed mass
and, as a result, increased productivity. Similarly, Fernandes et al., (2007) observed
strong correlations between SM and PROD, claiming that foliar manganese delivery to
the SM promoted bean productivity enhancement.

Following descriptive and exploratory analysis, three GAMLSS were fitted based
on the IGAMMA, GG, and IG distributions. As described in Section 2.2, the Strategy was
used to choose covariates for each regression structure. The goodness-of-fit measures

obtained from these three regression models are shown in Table 1.

Table 1 - Goodness-of-fit measures for the three fitted GAMLSS

Model AIC BIC
Inverse Gaussian 537.10 545.01
Inverse gamma 541.40 549.37
Generalized gamma 545.22 553.14

Source: Authorship (2023)

According to Table 1, the model based on the IG distribution presented the
lowest AIC (537.10) and BIC (545.01) values, hence it was chosen as the best fit for
the data. Table 2 shows the variables selected for both parameters (u and o) of the
inverse Gaussian (IG) distribution in the GAMLSS framework, as well as their estimates,

standard errors, t-test values, and p-values.
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Table 2 - Estimates for u and o, standard errors, t-test, and p-values, for the fitted

GAMLSS based on the inverse Gaussian distribution

u (mean) - logarithm link function

Estimates Standard error t p-values
Intercept 4.825 0.662 7.291 0.001*
Number of pods per plant 0.053 0.016 3.397 0.002*
Days to maturity 0.027 0.009 3.029 0.005*

o (shape parameter) - logarithm link function

Estimates Standard error t p-values
Intercept -1.863 1.464 -1.273 0.213
Number of branches per plant -0.738 0.365 -2.025 0.052*

Source: Authorship (2023)
*Significant at the 10% level

Table 2 reveals that only two covariates were considered in the u structure
and only one in the o structure, where all of the terms are significant at the 10%
level. The absence of the other four candidate covariates may be explained by the
sophisticated statistical methodology we are using, which can model both of the
response distribution parameters, i.e. beyond the mean regression.

Based on the fitted model, for each additional pod per plant, there is a
multiplicative increase factor of exp(0.053) = 1.0544 in the average of common bean
productivity, i.e., an increase of 5.44% in the average of common bean productivity
(kg ha™). Ribeiro et al., (2001) identified similar results when they observed positive
correlations between the number of pods per plant and productivity in carioca beans,
indicating that increasing NNP influences PROD enhancement. Zilio et al., (2011) also
observed a positive correlation between productivity and NNP in three Santa Catarina
municipalities during the 2008/2009 crop season.

Furthermore, for each extra day to maturity, there is an expected multiplicative
increase factor of exp(0.27) = 1,0274 in the common bean productivity (kg ha”), i.e., for
each extra DTM there is an increase of 2.74% in productivity. This result corroborates
the findings of Correa et al. (2012), who discovered a statistically significant positive

correlation between DTM and PROD, although of minor significance, indicating that
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cultivars with later cycles are more productive. Machado et al., (2008) observed positive
and statistically significant correlations, with higher magnitudes, between both variables.

Regarding the dispersion parameter o, only the number of branches per plant was
selected in its structure. For each additional branch per plant, there is a multiplicative
decrease factor of exp(-0.738)=0.478 in the productivity’s dispersion, i.e., a decrease of
52.2% in the response’s dispersion. Arevalo et al., (2020) identified negative correlations
between NBP and NSP (-0.63) and between NBP and NPP (-0.59), implying that plants
with more branches produced fewer grains per pod as well as fewer pods per plant. This

phenomenon may have an impact on the variability of productivity.

Figure 4 - Normalized quantile residuals obtained from the fitted GAMLSS based on

the inverse Gaussian distribution
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To assess the adequacy of the fitted model, Figure 4 displays the worm plot
produced using normalized quantile residuals. It is clear that all residuals fall inside the
95% confidence bands, indicating that no inadequacies or significant deviations from

the model's assumptions have been detected, i.e., the model was able to deal with
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the observed marginally high positive skewness and excess kurtosis of the response
(Table 1). In other words, the fitted GAMLSS based on the IG distribution is appropriate

to explain the common beans (Phaseolus vulgaris L.) productivity.

4 CONCLUSIONS

The generalized additive models for location, scale, and shape (GAMLSS) were
appropriate for modelling the productivity of the common bean (Phaseolus vulgaris L.).
Among the fitted models based on the three initially considered distributions, using the so-
called Strategy A, the inverse Gaussian (IG) distribution was chosen to represent the response
variable, demonstrating its adequacy for explaining the dataset. The variables number
of pods per plant (NPP) and days to maturity (DTM) had significant effects on the mean
parameter (u), where for each NPP and DTM, an increase of 5.39% and 2.71%, respectively,
in the average productivity of common beans (kg ha™) is expected. Furthermore, for the
dispersion parameter, the variable number of branches per plant (NBP) was incorporated
in its structure, revealing that for each NBP, an estimated decrease of 52.2% in response
variability can be observed. The worm plot obtained using normalized quantile residuals
revealedthatthefitted GAMLSS is appropriate for explaining the dataset under consideration.

Finally, the applied approach holds promise for future research into other varieties of crops.
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