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NUTRIENT DIAGNOSIS OF ORANGE CROPS APPLYING COMPOSITIONAL
DATA ANALYSIS AND MACHINE LEARNING TECHNIQUES

ABSTRACT - Efficient nutrient management is crucial to attain high fruit
productivity. Results of tissue analysis are commonly interpreted using critical nutrient
concentration ranges (CNCR) and Diagnosis and Recommendation Integrated System
(DRIS) on orange crops. Nevertheless, both methods ignore the inherent properties of
compositional data class, not accounting adequately for nutrient interactions and
varietal influence on plant ionome. Therefore, effective modeling tools are needed to
rectify biases and incorporate genetic effects on nutrient composition. The objective of
this study was to develop an accurate diagnostic approach to evaluate the nutritional
status across orange (Citrus sinensis) canopy varieties using compositional data
analysis and machine learning algorithms. We collected 716 foliar samples from fruit-
bearing shoots in plots of non-irrigated commercial orange orchards (“Valencia”,
‘Hamlin”, “Pera”, “Natal’, “Valencia Americana” and “Westin”) distributed across S&o
Paulo state (Brazil), analyzed N, S, P, K, Ca, Mg, B, Cu, Zn, Mn and Fe, and measured
fruit yields. Sound nutrient balances were computed as isometric log-ratios (ilr).
Discriminant analysis of ilr values differentiated the nutrient profiles of canopy varieties,
indicating plant-specific ionomes. Diagnostic accuracy of nutrient balances reached
88% about cutoff yield of 60 Mg ha* using ilrs and a k-nearest neighbors classification,
allowing the development of reliable nutritional standards at high fruit yield level. Citrus
growers from Sdo Paulo state should adopt the concept of yield-limiting nutrient
balances, where groups of nutrients are optimally balanced. Supplying more Ca as
lime or gypsum materials, reducing the P and K fertilizer applications and enhancing
soil B fertilization could re-establish the [Mg | Ca], [Ca, Mg | K], [P | N, S], [K, Ca, Mg
|N,S,P]land [B | N, S, P, K, Ca, Mg] balances in orange orchards yielding less than
60 Mg hal. The software “CND-Citros” can assist citrus growers, agronomy engineers
and technicians to diagnose the nutrient status of orange crops based on the proposed
method, using the results of leaf chemical analysis.

Keywords: centred log ratio, citrus nutrition, isometric log ratio, k-NN, multivariate
analysis
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DIAGNOSTICO DE NUTRIENTES NA CULTURA DA LARANJEIRA APLICANDO
ANALISE COMPOSICIONAL DOS DADOS E TECNICAS DE INTELIGENCIA
ARTIFICIAL

RESUMO - O manejo eficiente de nutrientes € crucial para atingir alta
produtividade de frutos. Resultados da analise do tecido sdo comumente interpretados
usando faixas criticas de concentracao de nutrientes (CNCR) e Sistema Integrado de
Diagnose e Recomendacédo (DRIS) em culturas de laranja. No entanto, ambos os
métodos ignoram as propriedades inerentes a classe dos dados composicionais, ndo
considerando adequadamente as interacdes de nutrientes e a influéncia varietal na
composic¢do nutricional da planta. Portanto, ferramentas eficazes de modelagem sé&o
necessarias para corrigir vieses e incorporar efeitos genéticos na avaliacdo do estado
nutricional. O objetivo deste estudo foi desenvolver uma abordagem diagndstica
precisa para avaliar o estado nutricional de variedades de copa de laranjeira (Citrus
sinensis), usando a analise composicional dos dados e algoritmos de inteligéncia
artificial. Foram coletadas 716 amostras foliares de ramos frutiferos em pomares
comerciais de laranjeiras néo irrigadas (“Valéncia”, “Hamlin”, “Pera”, “Natal”, “Valencia
Americana” e “Westin”) distribuidos pelo estado de S&o Paulo (Brasil), analisadas as
concentracbes de N, S, P, K, Ca, Mg, B, Cu, Zn, Mn e Fe, e avaliadas as producoes
de frutos. Balancos de nutrientes foram computados como relacfes-log isométricas
(ilr). Andlises discriminantes dos valores de ilr diferenciaram os perfis de nutrientes
das variedades de copa, indicando composi¢ces nutricionais especificas. A acuracia
diagnoéstica dos balangos de nutrientes atingiu 88% com a produtividade de corte
correspondente a 60 t hal, utilizando-se ilrs e o algoritmo de classificacdo knn, o que
possibilitou o desenvolvimento de padrfes nutricionais confiaveis para a obtencao de
elevado nivel de produtividade de frutos. Os citricultores do estado de S&o Paulo
devem adotar o conceito de balancos de nutrientes, onde grupos de nutrientes estao
equilibrados de maneira ideal. Fornecer mais Ca através de calcério ou gesso, reduzir
as aplicacdes de fertilizantes P e K, e aumentar a fertilizacdo de B via solo pode
reequilibrar os balancos [Mg | Ca], [Ca, Mg | K], [P | N, S], [K, Ca, Mg | N, S, P] e [B |
N, S, P, K, Ca, Mg] em pomares de laranjas com produtividade inferior a 60 t ha. O
software “CND-Citros” pode auxiliar os citricultores, engenheiros agrbnomos e
técnicos a diagnosticar o estado nutricional das lavouras de laranja com base no
método proposto, utilizando os resultados da analise quimica das folhas

Palavras-chave: relacdo logaritmica centrada, nutricdo citrus, razdo log isométrica,
k-NN, analise multivariada



1. INTRODUCTION

Brazil is the world leader in orange (Citrus sinensis) production with a total area
grown estimated at 682.167 ha (Agrianual, 2018). The state of S&o Paulo is the main
orange producing region and holds approximately 63% of the national harvested area
(Agrianual, 2018). However, the Brazilian citrus industry faces major challenges to
maintain this prominent position, mainly due to nutritional imbalances and
phytosanitary issues that have severely impaired fruit yield. Moreover, economic
problems with fruit commercialization have affected the revenues of citrus growers.
Therefore, it is required to expand current knowledge to reduce production costs,
increase yield and target sustainability.

There is a growing interest in Brazil to develop tissue nutrient standards to avoid
over-fertilization and nutrient imbalance of horticultural crops to achieve high fruit yields
(Nowaki et al., 2017) and incorporate genetic effects using tools of ionomics (Rozane
et al., 2015). The mineral composition of an organism or ionome is related to its genetic
make-up, a combination of interactive traits (Baxter, 2015).

Tissue analytical data are commonly interpreted using critical nutrient
concentration ranges (CNCR) that neglect nutrient interactions (Bates, 1971), and the
Diagnosis and Recommendation Integrated System (DRIS) (Beaufils, 1973), which
incorporates dual nutrient interactions in an appealing yet geometrically deficient
manner. Both CNCR and DRIS ignore the inherent properties of compositional data
class, such as non-normal distribution, redundancy of information and sub-
compositional incoherence (Bacon-Shone, 2011). Those sources of bias may lead to
wrong inferences and conflicting interpretations (Parent et al., 2012; Parent et al.,
2013ab). The development of more effective numerical tools to diagnose nutrient
status is thus needed to extract complex relationships in the data set of orange crops
to recommend more efficient fertilization management programs in orchards.

Compositional Nutrient Diagnosis (CND) method overcomes defaults of the
critical level approach, and rectifies DRIS geometry (Parent and Dafir, 1992; Parent et
al., 2012; Parent et al., 2013ab), to conduct unbiased multivariate analysis as formerly
suggested by Holland (1966). Using partitioning methods, accuracy in calibration

exceeded generally 80% (Parent et al., 2012; Parent et al., 2013ab; Rozane et al.,



2015; Nowaki et al., 2017) although data partitioning of the fertigated banana data set
returned 72% due to luxury consumption or leaf contamination (Deus et al., 2018).
Complementarily, Machine Learning (ML) tools could provide additional benefits over
traditional statistical methods for prediction and classification purposes (Pietersma et
al., 2003) by increasing the accuracy of nutrient diagnosis (Souza et al., 2016),
accounting for the numerous varieties of oranges grown in Brazil.

To our best knowledge, there exists no report in the literature combining the
CND approach (tested for orange crops by Rozane et al. (2015), using a small survey
data set) and ML algorithms (tested by Souza et al. (2016), using an experimental
guava data set - Psidium guajava) for diagnosing the nutritional status of orange crops.
For this purpose, it is crucial to have access to a large, representative and reliable
database, composed of leaf mineral analysis and crop productivity. After deriving
nutritional standards, the relatively complex index computations to diagnose nutrients
is out-of-reach of the end-user. Therefore, the development of a software that performs
nutrient diagnosis of citrus plants, accounting for several nutritional factors that limit
crop performance would be useful.

We hypothesized that yield was limited primarily by nutrient imbalances rather
than individual nutrient concentrations, and that compositional data analysis combined
with machine learning techniques could reach high diagnostic accuracy after
accounting for varietal effects.

The objective of this study was to develop an unbiased and accurate variety-
specific diagnostic method to diagnose the nutritional status of rainfed orange crops,
combining compositional data analysis and machine learning methods. The specific
objectives were to: (1) conduct a discriminant analysis of orange varietal ionomes; (2)
elaborate a classification technique to identify the reference group at high yield level,
(3) develop nutritional standards for rainfed orange commercial orchards; (4) compute
a misbalance index; (5) classify nutrients in the order of their limitation to crop
performance; (6) diagnose the nutritional status of surveyed misbalanced Brazilian
orange crops; and (7) develop a software to diagnose the nutrient status of orange

crops based on the proposed method, using the results of leaf mineral analysis.



2. REVIEW OF LITERATURE

2.1. Historical background

Among several factors, the nutritional status is relevant due to its direct impact
on the productivity of orange trees (Quaggio et al., 2003, Quaggio et al., 2011).
Parsimonious supply of fertilizers can increase crop yield, while reducing production
costs, mitigating the risks of water contamination (Parent and Natale, 2008), and thus
leading to more sustainable systems.

The classes of soils predominant in the areas cultivated with citrus in Brazil are
the Ultisols and Oxisols, which commonly present high acidity and low natural fertility,
limiting crop yield potential (Cora et al., 2005). Soil chemical analysis is commonly
used as a tool to characterize soil fertility and investigate its effects on the nutritional
status of plants. However, Rozane et al. (2015) pointed out, based on Smith et al.
(1997), that standard soil analysis (0-20 cm layer) presents limitations for fruit trees
with a deep root system, as in the case of citrus, because the plants exploit nutrients
in deeper layers in the soil than the one effectively evaluated in the sampling.

Consequently, imbalances in plant nutrition of deep-rooted trees (Smith, 1985)
are commonly quantified by conducting leaf chemical analysis (Jones and Case,
1990). Tissue analysis allows a direct nutritional diagnosis because the plant is the soll
nutrient extractor (Beaufils, 1973). The newly mature leaves, due to their compositional
stability, are the most adequate organs for the representation of the nutritional status
of citrus plants (Mattos Jr. et al., 2012).

Different methods can assess plant nutritional status using the results of tissue
analysis: the critical concentration (Bates, 1971), DRIS (Diagnosis and
Recommendation Integrated System) (Beaufils, 1973; Walworth and Sumner, 1987),
CND (Compositional Nutrient Diagnosis) (Parent and Dafir, 1992; Modesto et al., 2014;
Nowaki et al., 2017; Parent, 2011; Parent et al., 2013ab), and, more recently, machine
learning techniques (Souza et al., 2016).



2.2. Critical concentrations and sufficiency ranges

Plant nutritional status has been traditionally diagnosed from the chemical
analysis of individual nutrients (Parent and Natale, 2008) using critical concentration
or sufficiency ranges, interpreting concentrations as nutrient deficiency, sufficiency,
luxury consumption, or excess (Bates, 1971) (Figure 1). The critical ranges are
established assuming, under ceteris paribus, that nutrients other than that one being
studied are not limiting to productivity, and do not interact significantly when present at

adequate levels (Parent, 2011).
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Figure 1. lllustration of the concept of critical nutrient content in plant tissue (Ulrich and
Hills,1967).

Nevertheless, since tissue analytical results are confined to a closed space (the
unit — g kg* — or scale — dry matter - of measurement), there must be a resonance
effect in the simplex due to composition change (Parent, 2011) affecting other
components of the system and inducing a negative covariance or inherently false
correlation (if the concentration of one component increases, another one must

automatically decrease due to closure, and inversely) (Parent et al., 2013a).



For a given nutrient, the critical concentrations may vary because of the
interference of other elements in their absorption and/or assimilation by the plant
(Parent and Natale, 2008). Therefore, the use of the critical concentration ranges to
interpret plant nutritional status is limited, not accounting adequately for
interrelationships among nutrients (Bates, 1971; Parent and Dafir, 1992; Parent et al.,
2012), which result from antagonism, synergism and luxury consumption (Parent,
2011).

Another limiting aspect is that the reliability of the nutritional assessment is more
consistent when the soil, climate and management conditions of the crop under
diagnosis are similar to the conditions in which the critical concentrations or the
sufficiency ranges were established (Partelli et al., 2014, Silva et al., 2005; Urano et
al., 2007). Consequently, to develop reliable nutritional standards, it is necessary to
carry out calibration experiments in several places to ensure a wide representation of
the soils, climates and yield potentials of crop varieties. This is often not feasible due
to limited human and financial resources, and because it requires a long period of time
for conducting the experiments. Moreover, the critical concentration method does not
return an order of nutrient limitations to crop yield (Baldock and Shulte, 1996), which
Is important to assist nutrient management at high yield level.

2.3. Diagnosis and Recommendation Integrated System (DRIS)

The nutritional diagnosis was re-engineered with the development of the DRIS
method by Beaufils (1973). Nutrient ratios have been traditionally used in agronomy,
aiming to incorporate nutrient interactions on the analysis (Walworth and Sumner,
1987). DRIS takes into account binary interactions (dual ratios), in which relationships
between two nutrients in the sample to be diagnosed are compared to DRIS standards
(ratio means and coefficients of variation) obtained in a high productivity population
(Walworth and Sumner, 1987). It computes D x (D-1) / 2 dual ratios and their
corresponding ratio functions, and then integrates the functions into D indexes (Parent
et al., 2013b). DRIS standards for orange were developed in USA from 3161
observations (Beverly, 1987), in Venezuela from 1019 observations (Rodriguez et al.,
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1997) and in Brazil from 47-50 observations (Hernandes et al., 2014; Mourao Filho and
Azevedo, 2003).

The DRIS method shows some remarkable advantages in comparison to the
critical concentration and the sufficiency range approach, such as: continuous scale,
easy interpretation, ordering from the least to the most limiting nutrients, and an index
that reflects nutritional balance (Baldock and Shulte, 1996). On the other hand, DRIS
has poor mathematical background (Parent, 2011; Parent et al., 2013b), mainly
attributed to: a-) the impossibility of excluding false positive specimens (Rozane et al.,
2013); b-) arbitrariness in the choice of high productivity subpopulation (Parent and
Natale, 2008; Khiari et al., 2001b; Walworth and Sumner, 1987); c-) the computation
of D x (D-1)/2 possible dual ratios and D indices from a D-parts composition while there
are D-1 degrees of freedom (Aitchison and Greenacre, 2002); d-) incompatibility with
multivariate analysis methods (Parent and Dafir, 1992; Parent and Natale, 2008); and,
e-) results expressed as indices that are not linearly independent from each other but
are thought to be additive (Mourao Filho, 2004). Those numerical limitations might lead
to biased diagnosis (Mourédo Filho, 2004; Parent et al., 2013b).

2.4. Compositional Nutrient Diagnosis (centered log ratio technique)

Mathematically sound tools for nutrient diagnosis based on Aitchison (1986)
pioneer work on Compositional Data Analysis were developed as Compositional
Nutrient Diagnosis (CND). The first version of CND, named centered log ratio (CND-
clr) was proposed by Parent and Dafir (1992), allowing the unbiased ordering of
nutritional imbalances (Parent and Dafir, 1992; Parent et al., 1994). The centered log

ratio was computed as (Aitchison, 1986):

In (x/g (X))

Where x is nutrient concentration and g (x) is the geometric mean of the
compositional vector (Parent and Dafir, 1992). The CND method recognizes that
nutrient concentration data belong to the compositional data class (Parent and Dafir,

1992; Parent et al., 1994) (i.e. strictly positive data restricted between zero and the unit
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of measurement), where each part cannot be interpreted in isolation because they are
intrinsically related to each other (Aitchinson, 1986).

Compared to the critical concentration approach, CND-clr represents a
significant improvement, considering nutrient ratios as in DRIS but in a geometrically
sound manner (Parent and Dafir, 1992). Furthermore, it allows using data from
commercial crops to develop nutritional standards and compute indices (Partelli et al.,
2014; Urano et al., 2007).

The CND-clr indices showed low correlation with concentration values (Parent
et al., 1994; Khiari et al., 2001a). Correlations with crop yield was higher using CND-
clr indices than nutrient concentrations (Khiari et al., 2001a). Moreover, there was little
agreement between optimal ranges estimated by CND-clr and sufficiency ranges for
the following crops: flooded rice crops (Wadt et al., 2012), Péra sweet orange
(Camacho et al., 2012; Dias et al., 2013ab), soybean (Urano et al., 2007), cotton (Serra
et al., 2010b) and irrigated beans (Partelli et al., 2014). Optimal concentration ranges
obtained with CND-cIr showed lower amplitudes than sufficiency ranges applying
conventional methods (Camacho et al., 2012; Dias et al., 2013a; Partelli et al., 2014;
Serra et al., 2010b; Urano et al., 2007; Wadt et al., 2012). This might confer to CND-
clr higher efficiency in nutritional diagnosis (Camacho et al., 2012; Partelli et al., 2014),
since a smaller amplitude of the sufficiency range of nutrients can provide greater
accuracy in the interpretation of nutritional results (Serra et al., 2010b), increasing the
probability of identification of deficiency, luxury consumption or toxicity in the plants
under diagnosis (Dias et al., 2013a, Partelli et al., 2014).

Because it preserves the Euclidean distances (Modesto et al., 2014), the
centered log ratio used in CND-clr rectifies DRIS geometry (Parent and Dafir, 1992),
hence allowing to conduct multivariate analysis as formerly suggested by Holland
(1966). Besides, CND-clr differs from DRIS in the following aspects: a-) it enables
computing a Mahalanobis distance to identify outliers in the compositional data sets
(Filzmoser and Hron, 2008; Parent et al., 2009; Rozane et al., 2013); b-) the selection
of the reference population at high yield level can be determined using cubic function
of cumulative variance for individual nutrient (Khiari et al., 2001b) (Figure 2), although
binary partitioning methods using the Mahalanobis distance are more conclusive

(Parent, 2012); c-) it presents more simplified calculations (Parent et al., 1994); d-) it
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is proved to be useful to compute nutrient indices to classify nutrients unbiasedly in the
order of their limitations to crop performance (Parent, 2011), and e-) it allows
conducting exploratory biplot analysis (Egozcue and Pawlowsky-Glahn, 2011).
Nutrient diagnosis using CND-clr is available online at species level
(http://www.registro.unesp.br/#!/sites/cnd/), assisting on the definition of appropriate
fertilization management to achieve high yield on different crops. Brazil is the world-

leading country in that matter.
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Figure 2. Selection of the reference population at high yield level on the CND-clr
approach, using cubic function of cumulative variance (F¢i(Vx)) for individual
nutrient (Adapted from Khiari et al., 2001b).

The specific numerical properties of CND-clr might lead to different nutrient
diagnoses compared to DRIS results, as reported for eucalyptus (Silva et al., 2004),
sweet corn (Khiari et al., 2001a) and potato crops (Khiari et al., 2001c). Compared to
DRIS, CND-clr nutritional indices commonly return the higher coefficients of correlation
with yield (Khiari et al., 2001ac), and greater diagnostic potential (Kumar et al., 2003).
In contrast, DRIS might lead to conflicting interpretations when correlated with yield
(Parent et al., 2012).



Despite its previously described advantages in comparison to CNCR and DRIS,
the centred log ratio transformation (CND-clr) (Parent and Dafir, 1992) presents some
mathematical drawbacks that should be taken into account and corrected. The
application of CND-clr method results in a number of D clr variables for matrix rank D-
1 (Aitchison and Greenacre, 2002). The extra degree of freedom (Parent et al., 2013b)
induces redundant information (Modesto et al., 2014) that results in a singular
covariance matrix (Modesto et al., 2014; Parent el al., 2013b). One clr variable must
thus be excluded to perform multivariate analysis (Parent et al., 2013b), hence losing
information on the system. Furthermore, diagnostic accuracy of CND-clr might be
decreased by variations in tissue nutrient concentrations due to contamination by
fungicides or foliar nutrient sprays (Parent et al., 2013b). Log ratios are affected by
outliers (Filzmoser et al., 2009; Filzmoser and Gschwandtner, 2013) that alter the
geometric mean across concentrations (Parent et al., 2012).

Indeed, statistics computed across compositional data class, such as nutrient
concentrations (Marchand et al., 2013; Parent et al.,, 2013b), require an adequate
transformation of the data to avoid errors when conducting statistical analysis, which
result in spurious correlations and wrong inferences (Bacon-Shone, 2011). Results are
biased by: a-) scale dependence, b-) non-normal distribution, and c-) redundancy
(Bacon-Shone, 2011; Parent et al., 2013ab).

The scale-dependency refers to the variation of the covariance structure,
depending on the unit of measurement on which the composition is scaled (Parent et
al., 2013ab). This problem has been hidden by the “k” factor when computing nutrient
standards in DRIS.  Appropriate transformation should be applied on the
concentrations data to avoid sub-compositional incoherence (Parent et al., 2013b), and
enable a coherent interpretation of the results of multivariate analysis (Aitchison, 1986;
Egozcue and Pawlowsky-Glahn, 2005).

The non-normal distribution of concentration data is attributed to the specific
numerical properties of compositional data that are relative to each other and
constrained to closure (e.g. unit of measurement), therefore, data distribution is
intrinsically logistic-normal (Bacon-Shone, 2011). Consequently, an adequate
treatment of the data is required to reach normal distribution and project compositional

data into a real space before conducting statistical analysis (Parent et al, 2013b).
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Confidence intervals about means must not be allowed to reach below 0 and above
100% or measurement unit, which is physically absurd. The log ratio allows scanning
the whole real space (xa).

The redundancy of information is related to closure where one component can
be computed by difference between measurement unit and the sum of analytical data
(Parent et al, 2013a). There should be D-1 degrees of freedom in a D-part ionome
(Parent et al., 2013b) because the matrix has rank D-1 (Aitchison and Greenacre,
2002). Redundant information and the associated spurious correlations occur with raw

concentration data, dual ratios and centred log ratios (Parent et al., 2013b).

2.5. Compositional Nutrient Diagnosis (isometric log ratio technique)

The nutrient balance concept (CND-ilr) (Parent, 2011; Parent et al., 2013ab;
Marchand et al., 2013; Modesto et al., 2014; Nowaki et al., 2017) using D-1 linearly
independent isometric log ratios (Egozcue et al., 2003) is based on the most adequate
method to perform multivariate analysis on compositional data (Filzmoser et al., 2009;
Filzmoser and Hron, 2011). The CND-ilr generates scale-invariant variables, that
generally returns normally distributed data to project them into a real space (Aitchison,
1986; Egozcue et al., 2003; Parent et al., 2012; Parent et al., 2013a), and avoids
redundancy by designing a system of meaningful orthonormal balances defined in a
sequential binary partition (SBP), without losing any information on the system (Parent
et al., 2013a).

The SBP is defined by a (D-1) x D matrix, in which the group numerator (parts
labeled “+1”) is contrasted with the group denominator (parts labeled “-1”) in each
ordered row, whereas the part labeled “0” is not considered on the balance between
parts (Parent et al., 2013ab). The partition of components is performed sequentially at
every ordered row, incorporating two contrasts at the time until subsets (-1) and (+1)
contain a single part (Egozcue et al., 2003). However, meaningful balances may start
at the lower level of the dendogram using well recognized (in the scientific literature)
dual nutrient ratios that are further balanced one against others (Parent et al., 2013ab).

Although there are D! x (D-1)!/2P-1 SBPs possible for a D-parts composition, the

selected structure of SBP does not influence the final outcome of linear multivariate
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analyses (Parent et al., 2013b). Modifying the design of SBP only causes a rotation of
orthogonal axes from the origin of the coordinates of a scatter (Parent et al., 2012,
Parent et al., 2013b), not affecting the Euclidean distance matrix of ilr (Modesto et al.,
2014). The SBP could be defined based on a pre-exploratory biplot analysis of clr
variables (Aitchison and Greenacre, 2002), prior knowledge of nutrient interactions
(Parent et al., 2012; Parent et al., 2013ab), specific hypothesis (Nowaki et al., 2017),
and plant physiology. The interpretation of the final results (Parent, 2011; Parent al.,
2013b) reflects the way the analyst conceives the system (Modesto et al., 2014).

The nutritional imbalances in CND-ilr are shown by the dissimilarity between
two compositions, applying the Mahalanobis distance across selected ilr coordinates
of ionomes (Parent et al., 2013b). The Mahalanobis distance is a multivariate distance
between the reference compositional standards and the diagnosed composition
(Parent et al., 2013b) in the inclined hyper-ellipsoidal scatters of plantionomes (Parent
et al., 2012). The lower the distance, the more balanced is the diagnosed specimen
because its nutrient composition profile gets closer to that of the reference group
(Modesto et al, 2014).

To derive diagnostic compositional nutrient standards, it has been suggested to
use a binary classification in a scatter diagram relating ilr values (X) to a performance
index (Y) that splits the crops into low and high yield (i.e. cut-off yield value) about a
predictor delimiter (i.e. Mahalanobis distance) (Parent et al., 2013b). Once delimiters
are set and the classification model optimized, four quadrants are partitioned (Nowaki
et al., 2017; Parent et al., 2013b; Swets, 1988), namely : I-) True negative (TN) = high
yielding crops correctly identified as balanced (below predictor critical index); 11-) True
positive (TP) = low yielding crops correctly identified as imbalanced (above predictor
critical index); 1ll-) False negative (FN) = low yielding crops incorrectly identified as
balanced (below predictor critical index) ; IV-) False positive (FP) = high yielding crops
incorrectly identified as imbalanced (above predictor critical index).

The TN specimens correspond to observations showing adequate nutrient
status and classified as reference population from which the nutritional norms are
derived after excluding outliers (Parent et al.,, 2012; Parent et al., 2013b). In TP
specimens, at least one nutrient is nutritionally imbalanced (Parent et al., 2013b). The

FN quadrant contains observations where non-nutritional factors impacted crop
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productivity (Parent et al., 2013b). The FP observations suggest the occurrence of
luxury consumption, contamination or abnormally high nutrient use efficiency by the
plant (Parent et al., 2013b).

In a more interpretable approach, nutrient balances might be represented by a
dendogram or mobile-and-fulcrums design where nutrient levels located in weighing
pans are equilibrated at fulcrum (Parent et al., 2013ab) (Figure 3). This model design
facilitates interpreting final results, integrating the balance and the concentration
domains to extract useful information to guide nutrient management and achieve high

crop performance (Parent et al., 2013ab).
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Figure 3. lllustration of balances represented by a dendogram or mobile-and-fulcrums
design where nutrient levels located in weighing pans are equilibrated at
fulcrum, considering the following nutrients: Mg, Ca, K, P e N (Modesto et
al., 2014).

With the exception of fertigated banana where the number of FP specimens was
abnormally high (Deus et al., 2018) and irrigated cranberry where the number of FN
was high (Marchand et al., 2013), isometric log ratios (ilr) (Parent, 2011) returned
accuracy higher than 80% applying common data partitioning procedures (Modesto et
al., 2014; Nowaki et al., 2017; Parent et al., 2013b; Rozane et al., 2015). The CND-ilr
was successively applied to plant nutrient diagnosis in several crops: maize (Modesto
et al., 2014); kiwifruit (Parent et al., 2013a), apple (Parent et al., 2013a), mango (Parent
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et al., 2013ab), cloudberry (Parent et al., 2013a), lowbush blueberry (Parent et al.,
2013a), cranberry (Parent et al., 2013a); tomato (Nowaki et al., 2017) and guava
(Souza et al., 2016).

Considering that nutrient-specific corrective measures might influence all
nutritional balances associated with it in a complex interactive system (Parent et al.,
2013b), CND-ilr provides a holistic view of the changes in nutrient availability in soil-
plant system, taking into account all nutrients and their balances in the multivariate
analysis (Holland, 1966; Parent et al., 2012; Parent et al., 2013ab).

Nevertheless, the low accuracy (59%) of CND-ilr to classify nutrients in
cranberry (Marchand et al., 2013) suggests the importance of accounting for varietal
effects. Rozane et al. (2015) found evidence of varietal effects on nutrient composition
of the orange diagnostic leaf. Therefore, effective numerical tools are required to
extract complex relationships in the data set, especially accounting for varietal effects
on nutrient compositions of orange crops to increase the diagnostic accuracy.

2.6. Machine learning methods

Machine Learning (ML) algorithms have great potential to improve the use of
CND-ilr on nutrient diagnosis of plants. This technique has been developed from a
multidisciplinary field, integrating statistics, computer science, artificial intelligence and
expert systems (Ma et al., 2014), and might be defined as a general term representing
a wide set of models to identify patterns in a data set and make predictions (Witten et
al., 2011). Fundamentally, ML elaborates algorithms enabling the computer to extract
expert knowledge from unstructured information, which is then applied to generate
associations and generalizations on new data (Romero et al., 2013), supporting
decisions in agriculture (Chaudhary et al., 2016; Natarajan et al., 2016; Pantazi et al.,
2016). Despite such advantages, only a limited number of studies has been carried out
to apply ML in plant science.

The supervised ML technique requires five main phases to be implemented (Ma
et al., 2014, Pietersma et al., 2003; Shekoofa et al., 2014): I-) extract or collect features
(predictors) to be studied with class label assigned; 1l-) preprocess raw data to improve

the representation and quality of the data set; IlI-) train the model applying an adequate
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ML algorithm; 1V-) use the ML model to predict the class label of a new observation,
based on its features input; and V-) evaluate the generalization performance of the
learned model and its validity.

The choice of an optimal ML model depends on the specific problem to be
solved, not being possible to provide general recommendations in advance (Behmann
et al., 2014). The classification performance attained with ML algorithm might be
affected by the type of data preprocessing (Witten and Frank, 2000). In addition, each
type of ML model presents specific parameter configurations, which may influence the
relationship between imputed covariates and final results, being required to tune these
parameters to optimize model performance (Brungard et al., 2015).

Therefore, several ML tests might be run to compare multiple models for
achieving optimal results (Pietersma et al., 2003). Nevertheless, it is important to
remark that the selection of a new ML algorithm configuration should not rely only on
its performance, but also on some other practical characteristics such as: classifier
comprehensibility and interpretability, time effort to learn and understand the method,
and requirement of specialized software to run the analysis (Kampichler et al., 2010).

Because there are several available ML modeling functions to be explored, it is
a challenge to keep track of all the configuration and details of each function (Kuhn,
2008). Indeed, building predictive models in R (R Development Core Team, 2017),
using the Caret package, might assist the analyst to take advantage of available ML
tools, since it provides a unified interface to test different ML algorithms, allowing to:
a-) split the data into training and test sets; b-) eliminate the differences of the synthase
configuration between several functions for training and predicting models; c-) test
different combinations of pre-processing techniques on the data set, d-) semi-automate
the optimization of values of tuning parameters to select the “ideal” model across
parameters, e-) use resampling to assist diagnosing over-fitting, f-) estimate model
performance, and, g-) conduct a fair comparison between multiple models based on
the same training and test sets (Kuhn, 2008).

The ML training (model building) of a supervised model is performed based on
an approximation of the function, which establishes the predictive relationship between
input covariates (features) and desired outcomes (class, label) (Hastie et al., 2001).

More specifically for model training, a set of observations is provided with known



15

membership classes (labels), each one described by a vector of n features (also called
variables, attributes or covariates). Posteriorly, the classification model is capable of
assigning specific classes to new unseen observations based on previous specific
patterns recognized in the feature vectors of the training set.

The performance of the classification model might be evaluated on test sets
(validation). A common practice has been to random split the data into one part for
model training, and another part for testing. However, single-split hold-outs of the
dataset might be detrimental to model generalizability. Instead, the use of cross-
validation (CV) has emerged as a statistically robust technique (Kuhn, 2008). This
approach reduces overfitting (i.e. the model fits the training data very well, but shows
poor performance on testing); and the variability observed when only one split of
training and validation test is applied (Li et al., 2014).

The CV technique randomly splits data into n exclusive subsets or folds, each
of which maintains similar distribution of classes as in the original dataset (Ma et al.,
2014; Pietersma et al., 2003). Thereafter, it applies n successive iterations, where each
fold is used once for testing model performance, then fitted on data from the remaining
folds (Pietersma et al., 2003; Scott et al., 2013). Indeed, the CV approach performs
model training using all samples, and tests it through multiple rounds (resampling) to
assess its performance (Kuhn, 2008).

At termination of CV, the average performance (predictive power) is computed
based on all data partitions by aggregating the outcomes of each hold-out sample set
(Kuhn, 2008; Scott et al., 2013). The suitable tuning parameters associated with the
best outcomes in the performance estimation (usually it is considered the largest
accuracy) are assigned, and the final model is refitted on the entire training set (Kuhn,
2008). Nevertheless, depending on the use of the model, an external sample set for
validation might be required in order to evaluate its performance on data that were not
used in the training data set (Kuhn, 2008).

ML provides several benefits over traditional statistical methods for prediction
and classification purposes (Pietersma et al., 2003), because it requires few statistical
assumptions, building linear and non-linear models, adapts flexibly to a broad range of
complex data (Behmann et al., 2014), even where data do not follow the same

distribution patterns (Shekoofa et al., 2014), and accommodates both continuous and
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categorical variables (McQueen et al., 1995). ML allows automating the difficult and
time consuming process of acquisition of knowledge from complex dataset for the
development of expert systems (Langley and Simon, 1995).

The ML technique provided feasible solutions, especially for data scientists
extracting information from Big Data, being robust enough to overcome the limitations
of imperfect data such as: heterogeneity, complexity, noise, high dimensionality,
irrelevance and incompleteness, which have challenged traditional statistical methods
(Ma et al., 2014). In agriculture, several ML models have been successfully applied for
soil classification and mapping (Brungard et al., 2015; Kirkwood et al., 2016), image
analysis to identify fruit growth stages (Li et al., 2014), diseases diagnosis (Chaudhary
et al., 2016), crop yield prediction (Natarajan et al., 2016; Pantazi et al., 2016; Romero
et al., 2013), and the assessment of nutritional status of fruit crop (Souza et al., 2016).
In contrast, much of conventional statistics is strictly applied to continuous, numeric
data, and to perform tests to analyze relationships which have been hypothesized a
priori (McQueen et al., 1995).

Before applying ML to nutrient diagnosis, Souza et al. (2016) transformed
nutrient concentrations into isometric log ratios (CND-ilr) to correct any source of bias
intrinsically embedded into compositional data (i.e. redundancy, non-normal
distribution and scale-dependency). Posteriorly, they applied the k nearest neighbor
(knn) ML classification algorithm, reaching foliar diagnostic accuracy of 93% that
allowed to develop reliable nutritional standards at high yield level. Such accuracy was
to our best knowledge the highest ever achieved.

The knn method is one of the most commonly used ML algorithm in science,
producing relatively simple, fast and applicable models to solve a wide range of
problems in different fields with high level of comprehensibility and interpretability. The
knn can be combined with CND-ilr approach, relying on the Euclidean distance. The
Euclidean distance consists in a geometric distance of similarity used in multivariate

analysis as follows:
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d=[(x1 —y1)?+ (X2 = y2)? + ... + (Xn — yn)?]*2

Where d is the distance between two points in n dimensional space and with
coordinates (X1, X2, ..., Xn), (Y1, Y2, ..., yn) (Ferreira et al., 2015). The knn method tests
several values of k (number of the nearest neighbors) and selects the ones with the
smallest error rate (Rencher, 2002). The distances are ranked, and the class of the
diagnosed observation is predicted based on the class of its k nearest neighbors which
the observation is assigned to (Ferreira et al., 2015; Li et al., 2014). In practice, the
model assumes that the diagnosed sample present similar patterns of the k-closest
observations in a multidimensional space, taking into account the features under study.

Considering that data may follow different distribution patterns (Drummond et
al.,, 2002; Gautam et al., 2006), a hyper-space enclosing high-yielding crops
(represented by a “hyper-blob” or “hyper-cloud” delineated by peninsulas and bays)
returns a greater accuracy on nutrient diagnosis compared to the “hyper-ellipsoids”
delineated by Mahalanobis distance assuming multinormal distribution (Parent et al.,
2013b). While the Mahalanobis distance is easily computed as global nutrient
imbalance index from the critical “hyper-ellipsoid” (Nowaki et al., 2017), a novel
numerical method is needed to computed a multivariate distance from the high-yielding

“hyper-blob” islands.

2.7. Changing paradigm

As anticipated by Parent et al. (2013a), there is a need for changing the former
univariate paradigm based on the Laws of Minimum and Optimum (De Wit, 1992) by
the interactive concept of nutrient balances whereby groups of elements must be
balanced to optimize plant growth and yield, taking into account all nutrients in
multivariate analysis after removing the sources of bias (Holland, 1966; Parent et al.,
2012; Parent et al., 2013ab). The mathematical concept behind CND-ilr method can
be combined with ML techniques in a novel approach to provide a more efficient
nutritional diagnosis of the plant, overcoming the numerical limitations inherent to
compositional data class and incorporating the effects of genetic variability on nutrient

composition.
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3. MATERIAL AND METHODS

3.1 Data sets

Data were collected from 2012 to 2014 in 7-15 year-old non-irrigated
commercial orange orchards in S&o Paulo state, Brazil. Orchards are considered in full
production six years following planting (Mourdo Filho and Azevedo, 2003). The
predominant soils in the surveyed areas are classified as Oxisols and Ultisols
(EMBRAPA, 2013). The climatic regime is classified as Aw according to the Koppen-
Geiger classification (tropical climate with a winter dry season and rainfall concentrated
in the summer season).

The dataset comprised six rootstocks (Rangpur lime, Sunki mandarin, Cleopatra
mandarin, Volkamer lemon, Swingle citrumelo and Trifoliate) and six canopy varieties
(Hamlin, Valencia, Valencia Americana, Westin, Pera and Natal). The rootstock was
assumed to have little effect on nutrient composition based on a pre-exploratory study
(data not shown). Planting density varied between 220 and 830 plants per ha.

The original dataset was composed by 716 observations collected on plots of
orchards distributed across Center-south region of Sdo Paulo state, including the
following cities: Espirito Santo do Turvo, Lucianépolis, Lencois Paulistas, Botucatu,
laras, Anhembi, Sdo Manuel, Itapetininga, Nova Europa and Reginopolis. Outliers
among ilrs were discarded at the 0.01 level using the R “mvoutlier” package (Filzmoser
and Gschwandtner, 2013). The final dataset comprised 675 observations from canopy
varieties as follows: Valencia (n=336), Hamlin (n=134), Pera (n=153), Natal (n=39),
Valencia Americana (n=11) and Westin (n=2).

3.2. Crop management

The mineral fertilization at production phase is intended to offset crop nutrient
removal and losses from the system, to meet nutrient demand for fruit development
and the growth of leaves, branches and roots (Quaggio et al., 2005). The P and K
application rates of 0-160 kg ha?! P20s and 0-200 kg ha'! K2O depended on soil
chemical analysis and expected yield (Quaggio et al., 2010). The N rate varying from
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70 to 240 kg ha'! N was assessed from leaf nutrient concentration and expected yield
(Quaggio et al., 2010). Average nutrient exportation per ton of fresh fruit amount to 1.2
kg N, 0.18 kg P, 1.54 kg K, 0.57 kg Ca, 0.12 kg Mg, 0.09kg S, 1.6 gB, 0.39g Cu, 2.1
g Fe, 0.38 g Mn and 0.40 g Zn (Mattos Jr. et al, 2003b). Fertilizers were split-applied
at three occasions during the wet season (spring/summer). The B, Zn and Mn were
mainly supplied as soluble salts by foliar sprays during the plant growth cycle in the
spring and summer (Quaggio et al., 2010). Some orchards received 2 kg ha' B per
year as soil application (Quaggio et al., 2010).

The Ca and Mg were supplied between April and June using dolomitic
limestone to target 70% base saturation of the cation exchange capacity (CEC) and
Mg concentration of at least 4 mmolc dm in the 0-0.20 m layer (Quaggio et al., 2010).
The CEC was computed as the sum of cations K, Ca, Mg and exchangeable acidity (H
+ Al) determined as
(H + Al) = 1007-76+1.053pHsmp) ysing the Shoemaker-McLean-Pratt buffer pH (pHgpp)
method (pHswp) (Quaggio et al., 1985). Lime requirement (LR in Mg ha?) was
quantified as LR = [CEC x (BS, — BS;)]/(10 x RNPL) (van Raij et al., 1997), where
BS: is the original soil base saturation computed as 100 x (K* + Ca?t + Mg?*)/CEC
on a molar basis, BS: is the targeted soil base saturation, and RNPL is limestone
neutralizing power (van Raij et al., 1997). Other management practices were carried

out as recommended for orange crops (Mattos Jr. et al., 2005).

3.3. Tissue analysis

Twenty-five plants were randomly selected per plot for leaf chemical analysis.
Four mature leaves approximately six month-old were sampled per tree from fruit-
bearing shoots (as the third or fourth leaf from fruit) when fruit size was 2-4 cm
(Quaggio et al., 2010), for a total of 100 leaves samples composited per plot.

Leaves were gently washed successively with distilled water, detergent solution
(0.1%), solution with hydrochloric acid (0.3%) and deionized water. Samples were
oven-dried at 65°C for 48-96 hours and then grounded to less than 2 mm. Leaf samples
were analyzed for nitrogen (N), sulfur (S), phosphorus (P), potassium (K), calcium (Ca),

magnesium (Mg), boron (B), copper (Cu), zinc (Zn), manganese (Mn), and iron (Fe)



20

using standard procedures (Jones Jr. and Case, 1990) for the determination of the
total nutrient contents. Foliar N was determined by micro-Kjeldahl. For other nutrients,
samples were digested in a mixture of nitric and perchloric acids (Jones Jr. and Case,
1990).

3.4. Evaluation of fruit yield

The production of each plot was obtained by harvesting and weighing the fruits
of all plants and, considering the spacing between plants and the area of the plot, the
productivity per area (Mg hat) was calculated.

3.5. Compositional transformation

The tissue compositional simplex (SP) comprised D intrinsically multivariate

components described as follows (Aitchison, 1986):

D
Sb = {x = [x1.%5. ... xp]|x; > 0.0 = 1.2. ....D;z X = K}
i=1

where x; is the it non-overlapping component within the unit of measurement
(e.g., mg kg1). The vector comprised concentrations of N, P, K, Ca, Mg, S, Cu, Zn,
Mn, Fe, B, and a filling value x, computed as a difference between k and quantified
components. The inclusion of the filling value enables back-transforming the ilr values
into concentration values with familiar units of measurement (Parent et al., 2013b).

Compositional data was expressed as isometric log ratios (ilr) to avoid numerical
biases (Aitchison, 1986; Parent et al., 2013b) as it was done by Parent et al. (2013b).
The orthonormal balance concept that computes isometric log ratios (ilr), developed
by Egozcue et al. (2003) and Egozcue and Pawlowsky-Glahn (2005), is considered as
the most suitable to conduct robust multivariate analysis of compositional data
(Filzmoser and Hron, 2011). The ilr transformation applies the geometric means to
properly average ratios (Fleming and Wallace, 1986) and to extract D-1 informative

variables from D-part compositions (Aitchison and Greenacre, 2002). The D-1 ilrs were
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computed between non-overlapping subsets of components as follows (Egozcue et al.,
2003):

njffnj‘ n g(cj”)
nf+ny g (Cj_)

llT‘j =

where nj’ andn; are the numbers of components at numerator and

denominator, respectively, g(c¢;) and g(c;") are the geometric means for components

. . nin; . .
at numerator and denominator, respectively, and # is a normalization coefficient.
1’ Ty

We presented balances as [-1 or components in denominator group | +1 or
components in the numerator group]. The part labeled “0” was excluded from the
contrast. If the denominator (-1) group of the log ratio presents higher values of
concentration, the balance is negative and leans to the left side of the vertical bar, and

vice-versa, as occurs in algebra (Malavolta, 2006; Parent al., 2013b).
3.6. Discriminant analysis and balance arrangements

The ilr transformed data allows conducting an unbiased discriminant analysis
(DA) of plant ionomes (Parent et al., 2013ab). This approach avoids numerical
constraints due to non-normal distribution, scale-dependency and redundancy, which
might lead to wrong interpretations when DA is performed using raw or ordinary log-
transformed concentration (Parent et al., 2013ab).

Nutrients were integrated into balances using a sequential binary partition (SBP)
(Parent et al., 2013b). The SBP is a structured system partitioned into subsystems of
dimensionally reduced spaces of compositions where nutrient concentrations interact.
There are (D! x (D-1)")/2P-1 possible balance designs in a D-part composition, some
being more meaningful and informative than others (Pawlowsky-Glahn et al., 2011).
Ad hoc balances among components might be defined based on local knowledge,
scientific literature, management or a specific hypothesis (Nowaki et al., 2017) to
facilitate interpreting the results (Parent et al., 2013b).
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The SBP in Table 1 was elaborated considering current knowledge on nutrient
management and interactions in plants (Malavolta, 2006; Rozane et al., 2015). We
contrasted macronutrients and B, because it interacts with macronutrients (Malavolta,
2006). Macronutrients cations (K, Ca, Mg) were then contrasted with macronutrients
anion (N, S, P) to represent charge balance in the cells (Parent et al., 2013b).
Macronutrients cations were categorized as monovalent and divalent ions, where K,
Ca and Mg compete (Marschner, 2011). Macronutrients anions (N, S, P) were
contrasted taking into account nutrients associated with energy (P) or the synthesis of
proteins (N, S) (Parent et al., 2013b). The partitions [Cu + Zn] vs. [Mn + Fe], [Cu] vs.
[Zn], and [Mn] vs. [Fe] were associated with fungicide sprays (Cu), soil genesis (Fe) or
foliar sprays (Mn, Zn). All nutrients were contrasted with the filling value as a measure

of nutrient dilution or accumulation in tissues (Jarrell and Beverly, 1981).

Table 1. Sequential binary partition (SBP) of the orange leaf components including the
filling value (Fv) between the sum of analytical results and the unit of
measurement.

ilr Balance N S P K Ca Mg B Cu Zn Mn Fe F, r S

1 [Cu Zn,Mn,Fe|N,S,P,K,CaMgB] 1 1 1 1 1 1 1 -1 -1 -1 -1 0 7 4

2 [BIN,S,P, K Ca, Mg] 11 1 1 1 1 -1 0 0 0 o0 0 6 1
3 [K CaMg|N,S,P] 11 1 41 -1 -1 0 0 0 0 0 0 3 3
4 [PIN,S] 171 1 0 0 0 0 O O O 0 0 2 1
5 [SIN] 1 10 0 0 0 0 0O O 0O 0 0 1 1
6 [Ca Mg|K] o 0o 0 1 1 1 0 0 0 0 0 0 1 2
7 [Mg]|cCal o 0o 0 01 1 00 0 0 0 0 1 1
g  [Mn, Fe|Cu, Zn] o 0o 0 00 0 0 1 1 -1 -1 0 2 2
9 [zn]|Cul o 0 o000 0 01 -1 0 0 0 1 1
10  [Fe| Mn] o0 000 0 0 O0O O 1 -1 0 1 1

11 [FVl N, S, P, K, Ca, Mg, B, CU, Zn, Mn, Fe] 1 1 1 1 1 1 1 1 1 1 1 -1 11 1

ilr: isometric log ratio coordinate of orthonormal balance; Fv: filling value; r and s:
numbers of components in plus (+) and minus (-) groups, respectively.
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3.7. Machine learning model

The objective of machine learning is basically to establish a useful
approximation of the function that predicts the outcome of interest (target variable)
based on the relationship with input covariates (features or predictors) (Hastie et al.,
2001). On the present study, a supervised model was applied, considering that the
label information (target variable) was provided, and a classification method was used
as it is suitable for discrete label values (Behmann et al., 2014).

The data were arranged into a matrix (Xij) where each row (xi = [Xi1, Xi2 ..., Xi]) IS
a sample composed of j predictors. The input covariates were derived from ilr-
transformed data and specification of the variety of the canopy. We discretized yield
between low and high vyielders across a confusion matrix. Each sample (xi) was
associated with an outcome (class label named either “high yield” or “low yield” (yi),
based on a cut-off yield value of 60 Mg ha). The yield delimiter was set at 60 Mg
ha'l because this value not only optimized classification accuracy but also
corresponded to the economic productivity target of citrus growers. In comparison,
cutting yields between low and high levels were suggested to be 40-60 Mg ha for
“Valencia” grafted on three rootstocks (Mourdo Filho and Azevedo, 2003; Mourao
Filho, 2005), 22 Mg ha! for “Pera” grafted on “Cleopetra tangerine” (Hernandes et al.,
2014) and 55 Mg ha for “Valencia”, “Hamlin”, “Pera”, and “Natal” grafted on several
rootstocks (Rozane et al., 2015).

Considering that the choice of an optimal ML model depends on the specific
pattern of the dataset and on the problem to be solved (Behmann et al., 2014;
Kampichler et al., 2010), and that classification performance achieved by the algorithm
might be influenced by data preprocessing (Scott et al., 2013) and/or the tuning of
model parameters (Pietersma et al., 2003), prior research into methodological aspects
was required. We selected the k nearest neighbors (knn) ML algorithm to be used on
the present study, as it has been applied with great success to solve a wide range of
complex problems in different fields, including to perform the nutrient diagnosis of fruit
crops (Souza et al., 2016). The knn method tests several values of k (number of the
nearest neighbors) and selects the ones with the smallest error rate (Rencher, 2002).

The distances are then ranked, and the class of the diagnosed observation is predicted
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based on the class of its k nearest neighbors, which the observation is assigned to
(Ferreira et al., 2015; Li et al., 2014).

To simplify model training and tuning across modeling techniques and to
evaluate their performance through resampling, we followed the guidelines of Kuhn
(2008) to build predictive models in R using the caret package. We implemented the
following procedures in modeling: a-) tested different combinations of data pre-
processing to optimize the model (using “zv” to identify zero-variance predictors;
“center” and “scale” to provide simple location and to scale the transformations of each
predictor; and “spatial Sign” to project the predictor values for each sample onto a unit
circle, applying x* = x/[|x||(Kuhn, 2008)); and b-) customized the functions to: (1)
expand the set of models evaluated, increasing the size of the default grid of tuning
parameters, (2) specify 10-fold-cross validation as the type of resampling to be used;
and (3) modify the method to measure model performance against the area under
curve (AUC) of the receiver operating characteristic (ROC) procedure, given that the
AUC is regarded as an adequate performance index to measure accuracy of
classification models (Swets, 1988).

The estimation of the resampling performance was computed by aggregating
the results of each hold-out sample set (Kuhn, 2008). The function selects the values
of model tuning parameters associated with the best performance calculated from the
resampling (Kuhn, 2008). Model training across samples and resampling (e.g., cross-
validation) to evaluate the model’s efficacy is the most appropriate statistical test for
ML data modeling (Kuhn, 2008). The final model is then refit based on the entire
training set (Kuhn, 2008).

The knn algorithm configuration which attained the highest diagnostic accuracy
was selected as the optimal model for the present study. Classification performance of
knn model was optimized by pre-processing the data (using “zv” to identify zero-
variance predictors; “center” and “scale” to provide simple location and to scale the
transformations of each predictor; and “spatialSign” to project the predictor values for
each sample onto a unit circle, applying x* = x/||x||(Kuhn, 2008)); and using a number

of 11 nearest neighbors (kmax = 11), a distance of two, and a kernel set at optimum.
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3.8. Classification of specimens using machine learning method

After defining the optimal ML model configuration as previously described, we
split the data set into training and testing sets, creating random splits within each class
(high vyield, low vyield), preserving the overall class distribution (Kuhn, 2008).
Posteriorly, the ML algorithm was applied and the model was fitted using three repeats
of 10-fold cross validation on training data. A proportion of 75% of the data was used
for model training, and of 25% to evaluate the performance of the model (validation).
Depending on how the model is applied, an external validation sample set might be
required, so that the evaluation of the performance of the model could be done using
data not used for modeling (Kuhn, 2008), since machine learning algorithms may easily
cause overfitting in training data (Weiss and Kulikowski, 1991).

After validation, the model was applied to classify the observations of the whole
data set (h = 675) to obtain a confusion matrix, used to provide summaries for
classification models (Kuhn, 2008). Then, quadrants were partitioned into four
subpopulations (Parent et al., 2013b; Souza et al.,, 2016): (1) true negative (TN)
specimens (high performance crops correctly identified as nutritionally balanced),
which have been considered the reference population at high yield level (Marchand et
al., 2013; Parent et al., 2013b; Modesto et al., 2014), (2) true positive (TP) specimens
(low performance crops correctly identified as nutritionally imbalanced), (3) false
negative (FN) specimens (low performance crops incorrectly identified as nutritionally
balanced, type Il error) and (4) false positive (FP) specimens (high performance crops
incorrectly identified as nutritionally imbalanced, type 1 error). Classification
performance of specimens in quadrants are calculated as follows (Parent et al.,
2013b):

o Accuracy, computed as (TN+TP)/(TN+FN+TP+FP), is the probability that
an observation is correctly identified as balanced or imbalanced;

o Sensitivity, computed as TP/(TP+FN), is the probability that a low-

performance observation is imbalanced.
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o Specificity, computed as TN/(TN+FP), is the probability that a high-

performance observation is balanced;

o The negative predictive value (NPV), computed as TN/(TN+FN), is the

probability that a balanced diagnosis returns a high performance;

o The positive predictive value (PPV), computed as TP/(TP+FP), is the

probability that an imbalanced diagnosis returns a low performance;
3.9. Nutrient balance diagnosis and limiting order of nutrients to fruit yield

In order to provide complementary information on the relationship between
nutrient imbalance and yield, we elaborated a compositional dendrogram as balance
scheme (Nowaki et al., 2017) where confidence intervals (P = 0.05) about ilr means of
true negative (TN) specimens are presented at fulcrums, and concentration centroids
of back transformed ilr means of TN and true positive (TP) specimens are shown in
buckets.

To establish the order of yield-limiting nutrients, we considered the TN and TP
guadrants previously obtained from the ML classification of specimens. Then, we
computed the clr transformed data which are useful to classify nutrient indices in the
order of nutrient limitation to crop performance (Parent, 2011). The cIr of each
component (clrx) was computed as the ratio of nutrient concentration of the (x) to the

geometric mean of the D-part composition (G) as follows (Parent and Dafir, 1992):
X
clr, = lnE
The geometric mean (G) was computed as follows:

G = ([N]x [P]x [K]x [Ca]x [Mg]x [S]x [B]x [Cu]x [Fe]x [Mn]x [Zn]va)%

where F, is the non-quantified components computed as:



27

E, = 1000 000 — (sum of quantified nutrient concentrations in mg/kg)

We determined the shortest “pathway” from the diagnosed composition to the
TN ionome zone (high performance crops correctly identified as nutritionally balanced),
by identifying the 10-Nearest Neighbors (10-NN) in the TN multidimensional “hyper-
blob” space. The 10-NN were those showing the shortest Euclidean distances,
computed between the diagnosed composition of vector X (x1 to x» = clr means of TP
specimens) and the reference vector Y among TN specimens (y1 to yn = clrs of TN

specimen), as follows:
d =[(Xx1 = y1)?2 + (X2 — y2)2 + ... + (Xn — Yn)?]"2

where d is the distance between two points in n dimensional space and with
coordinates (xa, X2, ..., Xn), (Y1, Y2, ..., Yn). The 10-NN were considered as the closest
target compositions to reach high fruit productivity (i.e. reference population) to

compute clr indices as follows:
leyr, = clry — clry

where I, is the xt clr index, clr, represents the composition of the specimen
to be diagnosed (in our study: clr mean of TP group) and clr; is the nutritional standard,
corresponding to the mean of the 10-NN among TN specimens. Positive (+) and
negative (-) indices indicate relative excess and deficiency, respectively. The highest

value of the indice (in module) indicate the most limiting nutrient to crop performance.
3.9.1. Statistical analysis

Statistical computations were conducted in the R statistical environment (R Core
Team, 2017). Compositional data transformations were computed using the R
“compositions” package (van den Boogaart et al., 2014). Outliers among ilrs were
removed using “mvoutlier” package. Discriminant analysis (DA) to compare the

nutrient balances of orange varieties was performed using the R “aded4” package
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(Chessel et al., 2011). Machine learning modeling was conducted using the R “caret”
package (Kuhn, 2008). We applied the t-test (p < 0.05) to compare ilr means of true
negative (TN) specimens with those of true positive (TP), false negative (FN) and false
positive (FP) specimens. “Critical” nutrient concentration ranges were approximated
after back-transforming ilr values associated with 95% confidence intervals (p < 0.05)
of TN and TP specimens. We extracted minimum and maximum concentrations to

represent univariate TN and TP ranges (Nowaki et al., 2017).

3.9.2. Development of software “CND-Citros”

Based on the proposed method, the software "CND-Citros" was developed in
the programming language C # (Csharp) and Html associated with JavaScript, which
will enable the assessment of the nutritional status of orange trees, from the CND
concept integrated with ML technigue, computing nutritional indices for each nutrient
and a misbalance index, to classify nutrients in the order of their limitation to crop
performance, using the results of the leaf chemical analysis.

Due to programming limitations, however, we could not yet incorporate on the
software “CND-Citros” the option to specify the canopy variety, and the function to
compute the multivariate distance to identify the 10-nearest TN neighbors from the
composition to be diagnosed, located in bays or peninsulas of high-yielding ionome
zone (still under development). Therefore, the clr nutrient imbalance indices to define
the limiting order were computed across the barycenter of the reference group (TN
specimens defined by ML algorithm).

For the elaboration of the algorithms in the C # language was used the Visual
Studio Professional® tool. The application produced is compatible with mobile devices
(notebooks and tablets) and microcomputers with the Windows operating system. For
this same language, the Xamarin Studio® tool was used, and the software is
compatible with smartphones and tablets with the Android® operating system.

For the elaboration of the algorithms in the languages Html and JavaScript, was
used the tool Microsoft Expression Web 4®. The developed software is compatible
with any device connected with the internet, that presents browsers such as Google

Chrome®, Mozilla Firefox®, Opera® and Safari®. For these same languages, the
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webOS TV Eclipse Ide® tool was used, with the applications produced compatible with
the webOS® operating system, currently common in electronic devices as smart TVs.

Because of the multiplatform purpose of the "CND-Citros" software, the project
was structured in the Unified Modeling Language (UML). The UML consists of the
elaboration of a plan or diagram for each software, where concepts and symbols are
inserted, allowing a logical view of the whole process, facilitating its construction. The
diagram allows to represent the way the software works, as well as the input and output
information elements that the software processes.

In order to prevent the copy and / or reverse engineering of the project by third
parties, and to ensure the free distribution of the material to all national and
international public, the software will be registered with the National Institute of
Industrial Property (INPI), as done for CND -Goiaba® (UNESP, 2013a) and CND-
Manga® (UNESP, 2013b).

The distribution of the software / application will be done through institutional
electronic addresses such as those of Universities, just like what already exists. It will
also be possible to access the material through the Play Store and specific books with
included CDs, allowing the consultation by citrus growers, agronomy engineers and

technicians.

4. RESULTS AND DISCUSSION

4.1. Discriminant analysis

The discriminant analysis (DA) was performed across isometric log ratios (ilrs)

of six varieties of orange (“Valencia”, “Pera”, “Hamlin”, “Natal”, “Valencia Americana”

and “Westin”) grown in the state of Sdo Paulo, Brazil (Figure 4).
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Figure 4. Discriminant analysis of foliar compositions of six varieties of orange grown
in the state of Sado Paulo, Brazil: “Valencia” (336 obs.), “Pera” (153 obs.),
‘Hamlin” (134 obs.), “Natal” (39 obs.), “Valencia Americana” (11 obs.) and
“‘Westin” (2 obs.). Large semitransparent ellipses represent regions that
include 95% of the theoretical distribution of canonical scores for each
species. Smaller plain white ellipses represent confidence regions about
means of canonical scores at 95% confidence level.

The ilr-based DA of plant nutrient compositions averaged across orange
varieties showed that distributions of semitransparent ellipses overlapped, whereas
the confidence regions about means (smaller white ellipses) differed significantly
between varieties of citrus, hence indicating plant-specific ionomes (Figure 4), possibly
due to differences of genotype (Parent et al.,, 2013a). The DA of ionomes of four
varieties of mango (“Palmer”, “Tommy”, “Espada” and “Haden”) (Parent et al., 2013b)
as well as of different fruit species (kiwifruit, orange, mango, guava, cloudberry,
lowbush blueberry and cranberry) (Parent et al., 2013a) also showed the influence of
the genotypic variability on foliar nutrient composition. The results indicate varietal

effects on nutrient balances of fruit crops tied to specific diagnostic standards.
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The DA of ilr-transformed data has been considered as an appropriate and
unbiased mathematical technique to evaluate the effects of genetic variability on plant
nutrient signatures (Parent et al., 2013ab). Such DA avoids numerical biases inherent
to compositional data due to redundancy, scale-dependency and non-normal
distribution, allowing a robust interpretation of the results in the multivariate analysis
across plant ionomes (Parent et al., 2013ab).

Nutrient management of orange crops in Brazil relies on information obtained
from trials conducted across a limited number of varieties (Quaggio et al., 1998, 2003,
2005, 2006, 2011). This knowledge is then transferred to other citrus varieties
(Quaggio et al., 2005; Rozane et al., 2015) despite evidences of specific nutrient
varietal profiles (Mourao Filho and Azevedo, 2003; Parent et al., 2013a; Rozane et al.,
2015) (Figure 4). The results of the present study (Figure 4), however, suggest that the
use of general nutritional standards on the evaluation of nutritional status of specific
orange varieties might lead to inaccurate diagnosis and wrong interpretation of the
outcomes.

There is a need to develop variety-specific nutritional norms, or classify nutrient
profiles of orange varieties into homogenous groups for nutrient management
purposes (Rozane et al., 2015). Nevertheless, such approaches require sufficient data
at varietal level, which would likely not be feasible on the short run due to limited
human, time and financial resources. Therefore, the development of more effective
numerical tools is required to extract complex relationships and identify specific
nutritional patterns in the already available data set, leading to an increase of the
accuracy of nutrient diagnosis of orange crops to attain high fruit yield with an effective

and low-cost approach.

4.2. Classification of specimens

The k-nearest neighbour model run across ilr coordinates and canopy varieties
performed well in the classification of orange crops. The observations (n = 675) were
classified in a confusion matrix using the ML algorithm (Figure 5). Model performance
is shown for the whole and the validation data sets, respectively (Table 2).
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Predicted: Predicted:
n =675 HY LY
Actual:
HY TN = 147 FP =56
Actual:
LY FN = 28 TP = 444

Figure 5. Classification of observations of the whole data set (n = 675) using the k-
nearest neighbour machine learning model fitted on the training data set
and considering the cut-off yield value of 60 Mg ha* (Actual and Predicted
yield; HY = high yield, LY = low yield; TN = true negative; TP = true positive;
FN = false negative; FP = false positive).

Table 2. Performance indices obtained with the classification of observations using
the k-nearest neighbor machine learning model trained using the training
data set, considering a cut-off yield value of 60 Mg ha'.

Data set Accuracy  Specificity Sensitivity NPVt PPVt
Whole (n = 675) 0.88 0.72 0.94 0.84 0.89
Validation (n = 168) 0.85 0.68 0.92 0.77 0.87

T NPV = negative predictive value; PPV = positive predictive value.

Most observations were correctly diagnosed either as nutritionally balanced
(TN) or imbalanced (TP), with 85-88% accuracy (Table 2), indicating high potential of
the proposed method as an advanced procedure to diagnose the nutrient status of
orange orchards. In comparison, Souza et al. (2016) also attained high diagnostic
accuracy (93%) in a planned 5-year experiment on single guava (Psidium gujava)
variety using isometric log ratios and k-nearest neighbour (knn) classification, allowing
the development of reliable nutritional standards at high yield level. Several machine
learning models have been successful in soil classification and mapping (Brungard et
al., 2015; Kirkwood et al., 2016), image analysis to identify fruit growth stages (Li et al.,
2014), diseases diagnosis (Chaudhary et al.,, 2016), and crop vyield prediction
(Natarajan et al., 2016; Pantazi et al., 2016; Romero et al., 2013), providing consistent
solutions to complex problems in different fields of agriculture.

In our survey data set, a total of 147 observations were classified as TN (21.8%
of the whole data set) (Figure 5) by the ML algorithm. TN quadrant is theoretically

composed of samples with high performance, correctly identified as nutritionally
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balanced (Parent et al., 2013b). The TN subpopulation is considered the reference
population to develop nutrient standards (Marchand et al., 2013; Modesto et al., 2014;
Parent et al., 2013b). The number of specimens in the TN quadrant (Figure 5) was
adequate to assure statistical significance and validity according to previous studies
(Marchand et al., 2013; Modesto et al., 2014; Parent et al., 2013b).

The performance of the classification model was robust and consistent (Table
2), allowing to elaborate reliable TN nutritional standards at high yield level. The TN
quadrant was composed of “Valencia” (n = 90) and “Hamlin” (n = 57) only, indicating
lower vyield potential for other varieties (“Valencia Americana”, “Westin”, “Pera” and
“‘Natal”’). Nevertheless, while TN standards appeared most appropriate for “Valencia”
and “Hamlin”, the ML method incorporated the varietal effects shown in Figure 4 into
nutrient standards, since input covariates (predictors) on the model were derived from
ilr-transformed data and specification of the variety of the canopy.

The TP group (n = 444) represented 66% of the whole data set (Figure 5). TP
specimens are composed of low performance crops, correctly identified as imbalanced
(Parent et al., 2013b). Indeed, at least one nutrient may have caused imbalance
leading to yield reduction on the observations of this quadrant. The classification model
returned 56 false positive (FP) specimens (8.3% of the data set) (Figure 5), possibly
due to luxury consumption, leaf contamination (Nowaki et al., 2017), or exceptionaly
high nutrient use efficiency (Parent et al., 2013b).

The large proportion of imbalanced specimens (TP + FP) representing 74% of
the population (Figure 5), indicated that nutrient levels, nutrient management or soil
properties were not optimal at most production sites, requiring special attention from
the citrus manager. There were 28 observations (4.1% of the data set) classified as
false negative (FN) (Figure 5), where non-nutritional factors (not included in the ML
model), such as soil quality, climate, rooting depth, pests and diseases (Mourao Filho
and Azevedo, 2003) could have influenced crop yield. Parent et al. (2013b), for
example, found that solil fertility interacted with varietal effect on the performance of
mango (Mangifera indica).

The ML model returned 68% to 72% specificity and 92% to 94% sensitivity
across the testing and the whole data sets, respectively (Table 2). Most observations

classified as imbalanced presented yield lower than cut-off yield of 60 Mg ha! (PPV =
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87% on the validation data set and 89% on the whole data set) (Table 2). On the other
hand, more than three quarters of specimens classified as balanced yielded more than
cut-off yield (NPV = 77% on the validation data set and 84% on the whole data set)
(Table 2). Therefore, the proposed method based on isometric log ratio transformation
integrated with ML technique constitutes a robust technique to classify specimens and
assess the nutritional status of plants, improving the accuracy of nutrient diagnosis
(Souza et al., 2016).

The ilr transformation (Egozcue et al., 2003) is the most adequate method to
conduct multivariate analysis on compositional data (Filzmoser et al., 2009; Filzmoser
and Hron, 2011), hence to diagnose plant nutrient status (Marchand et al., 2013;
Modesto et al., 2014; Nowaki et al.,, 2017; Parent, 2011; Parent et al., 2013ab).
Compositional techniques correct errors in the statistical analysis of compositional data
(Bacon-Shone, 2011), avoiding spurious correlations and wrong inferences on final
results, otherwise biased by redundancy, scale dependence and non-normal
distribution (Bacon-Shone, 2011; Parent et al., 2013ab).

Redundancy is rectified by designing a system of balances into a sequential
binary partition (SBP), where balances are orthogonally arranged, enabling to project
D components into an Euclidean space of D-1 non-overlapping orthonormal log
contrasts that are geometrically suited to conduct multivariate analysis (Egozcue et al.,
2003; Filzmoser et al., 2009; Parent et al., 2013ab). Scale dependency is corrected by
rationing components expressed on the same unit of measurement or scale (Parent et
al., 2012). Non-normal distribution is addressed using log-ratio transformations that
project data from the compositional space constrained between 0 and 100% into the
real space between —a and +a (Aitchison, 1986; Egozcue et al., 2003; Parent et al.,
2012; Parent et al., 2013a).

Complementarily, ML methods enable to account for genetic variability affecting
the ionome of plant species (Figure 4), since they can incorporate both numerical and
categorical data (McQueen et al., 1995) into linear and non-linear models (Behmann
et al., 2014) for prediction and classification purposes (Pietersma et al., 2003). ML
handles a broad range of complex data (Behmann et al., 2014) and identify specific
patterns (Witten et al., 2011), even when the data do not follow the same distribution

(Shekoofa et al., 2014). Expert knowledge is thus extracted from unstructured
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information (Romero et al.,, 2013), providing numerical benefits over traditional
statistical methods (Pietersma et al., 2003).

Previously, a partitioning procedure was combined with the Mahalanobis
distance to generate a confusion matrix (Marchand et al., 2013; Modesto et al., 2014;
Nowaki et al., 2017; Parent et al., 2013b), assuming multi-normal data distribution. A
critical Mahalanobis distance was then computed as a multivariate measure of
dissimilarity between compositions in the multi-normal space of “hyper-ellipsoids”
(Parent et al., 2012). Lower accuracy (59%) has been reported on nutrient diagnosis
applying only isometric log-ratio with common data partition procedures (Marchand et
al., 2013). The results were associated with a larger number of false negative (FN)
specimens due to non-nutritional factors involved in yield reduction, including genetic
variability. In contrast, ML methods return a space of cloud-like critical “hyper-blobs”
delineated by bays and peninsulas, which accounts for varietal influence on plant
ionome, enabling an accurate classification of specimens on the nutrient diagnosis of

the surveyed orange orchards, regardless of data distribution (Table 2, Figure 5).

4.3. Comparing nutrient balances between (TN) and other (TP, FN, FP)

specimens

The t-tests detected significant differences between the nutrient balances of TN
and other groups (TP and FP) (Table 3). When contrasting the TN and the TP
specimens, significant differences (p < 0.01) occurred on the following balances: [K,
Ca,Mg|N,S,P]; B | N,S,P, K, Ca, Mg]; [P | N, S]; [Ca, Mg | K]; [Mg | Ca]; [Zn |
Cu] and [Fe | Mn] (Table 3). Such results indicate the main sources of potential nutrient
misbalances that might have impaired the crop yield on TP group, as will be further
discussed on the next section.

There were no significant differences between the balances of the TN and the
FN specimens (Table 3), since both groups are theoretically considered as nutritionally
balanced (Parent et al., 2013b). The comparison between TN and FP groups showed
significant differences in the [K, Ca, Mg | N, S, P], [Ca, Mg | K], [Mg | Ca] and [Zn | Cu]
(p < 0.01) balances (Table 3), pointing out potential sources of nutrient imbalances,

despite not affecting fruit yield, as probably related to luxury consumption, leaf
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contamination (Nowaki et al., 2017) or exceptionall high nutrient use efficiency (Parent
et al., 2013b) on FP specimens.

Table 3. Results of t-tests comparing ilr means of true negative (TN) specimens with
those of true positive (TP), false negative (FN) and false positive (FP)

specimens.

ilr Balances TN? TP FN FP

1 [Cu, Zn, Mn, Fe | N, S, P, K, Ca, Mg, B] 6.66 6.66™ 6.73" 6.69"
2 [B|N,S,P,K, Ca, Mg] 3.97 411" 3.99" 4.04"
3 [K Ca Mg|N,S,P] -1.25  -1.17" -1.27™ -1.18"
4 [P|N,S] 1.55 1.48" 153" 152"
5 [S]|N] 1.60 1.59" 159" 1.61™
6 [Ca, Mg | K] 0.09 017" 0.16™ 0.22"
7 [Mg|Ca] 1.66 157" 1.62™ 156"
8 [Mn, Fe | Cu, Zn] -0.56  -0.55™ -0.53" -0.51"
9 [zn|Cu] 0.07 0.22° 0.00™ 0.29"
10 [Fe | Mn] -0.59 -0,68" -0.55" -0.65"
11 [Fv|N,S, P, K, Ca, Mg, B, Cu, Zn, Mn, Fe] -6.67 -6,67™ -6.64" -6.68"

'Reference population; ", *, **: not significant different, significant difference at 0.05
and 0.01 probability, respectively, compared to the TN group.

4.4. Compositional dendrogram of True-Balanced (TN) and True-Misbalanced

(TP) specimens

Nutrient imbalances can be illustrated by a statistically unbiased and coherent
model using a mobile design (Figure 6) that integrates balance and concentration
domains into a coherent understanding of nutrient inter-relationships for nutrient
management at high yield level (Parent et al., 2013ab). Balances shown at fulcrums
are impacted by nutrient levels in buckets (Modesto et al., 2014; Nowaki et al., 2017;
Parent et al., 2013b). Confidence intervals (P = 0.05) are shown about the TN and TP
ilr means at fulcrums. Concentration values in buckets are ilr means back-transformed
to concentration centroids (Figure 6). Relative deficiency, adequacy, luxury
consumption or excess of nutrients (Parent et al., 2013b) can be assessed for
specimens outside the critical TN. The balances were elaborated according to current

knowledge on nutrient management and interactions (Malavolta et al., 2006; Rozane
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et al., 2015). Seven balance means differed significantly (p < 0.05) between the TN
and TP specimens (Figure 6).

H ¢ TN
M ke
1.88 H 0.74 308 H 494 ® TP
o i f+f
-1.58 H
b a
087 -l 0.78 0.7 F 1.94
H
0.98 F 218 119 201
Fu (%) Fe (%) Pin (%) Zn (%) Cu (%) B (%) Mg (%) Ca (%) K (%) P (%) S (%) N (%)

N 91.6040 0.0125 0.0058 0.0052 0.0060 0.0704 03676 3.6066 1.3413 0.1287 0.2658 2.65600

TP 91,6495 0,0142 0,0055 0,0045 0,0075 0,0092 0,3860 3.4714 1.4053 0.1466 0.2800 2.6200

Figure 6. Compositional dendrogram representation of balances for true negative (TN)
and true positive (TP) specimens. Confidence intervals (P=0.05) about ilr
means of true negative (TN) specimens are at fulcrums and concentration
centroids are in buckets.

There were marked differences in Ca concentration misbalancing the [Mg | Ca]
balance due to apparent Ca shortage relative to Mg in the TP group (Figure 6).
Macronutrient cations were categorized as monovalent and divalent ions, where K, Ca
and Mg compete (Marschner, 2011). The [Ca, Mg | K] imbalance might be attributed
to relative deficiency of Ca combined with K relative excess (Figure 6) driving K-Ca
antagonism in the TP group (Marschner, 2011; Mattos Jr. et al., 2004; Quaggio et al.,
2011) due to K over-fertilization and insufficient supply of calcium.

The P concentration differed markedly between TPs and TNs (Figure 6). The [P
| N, S] balance is associated with the balance between energy production and protein
synthesis (Loladze and Elser, 2011). The [P | N, S] imbalance leaned significantly
toward the P side of the TPs due apparently to relative P excess (Figure 6), indicating
excessive P fertilization. Irrigation may exacerbate P excess because water supply is
a means to enhance P use efficiency by increasing the contact between roots and soil
P reserves (Barber, 1995; Nowaki et al., 2017), hence requiring even more attention

to the P management in irrigated orchards.
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Macronutrient cations (K, Ca, Mg) were contrasted with macronutrients anion
(N, S, P) to represent charge balance in the cells (Parent et al., 2013b). The [K, Ca,
Mg | N, S, P] balance significantly leaned toward the cationic side for TN compared to
TP specimens, mainly due to relatively higher Ca and lower P concentrations in TN
specimens (Figure 6). We contrasted B and macronutrients because B interacts with
macronutrients (Malavolta, 2006). The [B | N, S, P, K, Ca, Mg] balance was significantly
lower in TN compared to TP specimens, as related to relative B deficiency combined
with excess of P and K in the TPs (Figure 6). In such case, rebalancing orange nutrition
requires lowering P and K and enhancing B.

The partitions [Cu + Zn] vs. [Mn + Fe], [Cu] vs. [Zn], and [Mn] vs. [Fe] were
associated with fungicide sprays (Cu), soil genesis (Fe) or foliar sprays (Mn, Zn).
Relatively high Fe and low Mn levels among TP observations affected the [Fe | Mn]
balance, where the TN group significantly leaned toward the right (positive side)
(Figure 6). The [Zn | Cu] balance of TN specimens was significantly lower compared
to TP, which might be attributed to relatively low Zn or high Cu concentrations in the
TP group (Figure 6). Supplemental P may also have contributed to the [Zn | Cu]
imbalance by decreasing leaf Zn level (Figure 6) in TP due to P:Zn antagonism (Olsen,
1972; Sumner and Farina, 1986). There were no significant differences between TN
and TP groups for the following balances: [Cu, Zn, Mn, Fe | N, S, P, K, Ca, Mg, B], [S
| N], [Mn, Fe | Cu, Zn] and [Fv | N, S, P, K, Ca, Mg, B, Cu, Zn, Mn, Fe]. Indeed, such
balances likely did not affect orange fruit yield.

All nutrients were contrasted with the filling value as a measure of nutrient
dilution or accumulation in tissues (Jarrell and Beverly, 1981). As a result, we verified
that nutrient balances were more important than absolute values, due to the fact that
there was no significant difference between TN and TP groups forthe [Fv | N, S, P, K,
Ca, Mg, B, Cu, Zn, Mn, Fe] balance. According to Parent et al. (2013a), one should
consider a concept of growth-limiting nutrient balances, whereby groups of nutrients
must be optimally balanced, rather than addressing the concept of growth limited by
individual nutrient concentrations (univariate perspective). Such approach contrasts
with previous concepts that assume that all other factors but the ones being varied by
fertilization are equal (Liebig's “Law of Minimum?”) or “optimal” (Liebscher’s “Law of

optimum”). The level of any nutrient can be adjusted to the levels of others within the
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closed interactive system of foliar composition by combining nutrients into the isometric
log ratio or orthonormal balance expressions, as conducted on the present study.

4.5. Comparison of orange nutrient standards with literature

To enable comparisons with other studies, we computed apparent concentration
ranges (Table 4), using the minimum and maximum values of the confidence interval
(p < 0.05) of back-transformed TN and TP balances. Concentration ranges must be
interpreted with care because of the multivariate nature of compositional data and their
joint distribution (Nowaki et al., 2017). Several concentration centroids in the Quaggio
et al. (2010) sufficiency ranges for orange crops in Brazil (Table 4) such as Ca, K, N,
Fe and B differed markedly from those shown in Figure 6, indicating difficulties in
defining the optimum nutrition of orange plants in terms of individual nutrient

concentration values.
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Table 4. Concentration ranges for the true negative (TN) and true positive (TP)
specimens confidence intervals about ilr values (p < 0.05) back-transformed
to concentration values

TN? TP *Reference
Nutrients
LL UL LL UL LL UL

g kg

N 25.1 25.9 25.9 26.5 23 27

S 2.6 2.7 2.7 2.9 2.0 3.0

P 1.2 1.3 1.4 15 1.2 1.6

K 12.8 14.1 13.8 14.3 10 15

Ca 37.2 39.0 34.0 35.4 35 45

Mg 3.5 3.8 3.8 4.0 3.0 4.0
mg kg

B 98 110 89 95 80 160

Cu 54 67 69 82 10 20

Zn 46 57 43 47 35 50

Mn 54 62 52 58 35 50

Fe 120 130 136 148 50 120

!Reference population; TN = true negative; TP = true positive, LL = lower limit; UL =
upper limit. *Current Brazilian nutrient concentration standards (Quaggio et al., 2010).

For most nutrients (N, P, K, Ca, Mg, S and B), concentration ranges of TN
specimens were within sufficiency ranges reported by Quaggio et al. (2010) (Table 4),
although they were narrower. Concentration ranges for Mn and Zn were also narrower
(Table 4), but they were higher compared to adequate levels suggested by Quaggio et
al. (2010). Smaller sufficiency ranges, as obtained on the present study (Table 4) might
increase the efficiency of the nutritional diagnosis (Camacho et al., 2012; Dias et al.,
2013a; Partelli et al., 2014; Serra et al., 2010b). The Cu levels were much higher in
our data set (Table 4). Concentrations above 20 mg kgt Cu are generally associated

with contamination caused by Cu-based fungicides (Quaggio et al., 2010). Such
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management may lead to oxidative stress induced by Cu toxicity; potentially affecting
plant growth (Hippler et al., 2018) and, consequently, impairing fruit yield of orange
orchards.

Differences on the concentration ranges reported in the present research in
comparison with results of literature can be attributed to the fact that: (1) only the TN
group was used to compute concentration ranges, excluding FP specimens; and (2)
concentration ranges tended to become narrower combining more information on
nutrient compositions and interactions (Nowaki et al., 2017).

There is a growing interest in Brazil to develop tissue nutrient standards to avoid
over-fertilization and nutrient imbalances in horticultural cropping systems to achieve
high fruit yield (Nowaki et al., 2017). Nevertheless, tissue analytical data are still
commonly interpreted using only critical nutrient concentration ranges (CNCR) (Table
4), that neglect nutrient interactions (Bates, 1971), resulting in antagonism, synergism,
or neutrality (Parent, 2011). The CNCR is erroneously established, assuming under
ceteris paribus, that nutrients other than that one being studied, are not limiting factors
to productivity and do not interact significantly if present at adequate levels (Parent,
2011). In addition, such approach ignores the inherent properties of compositional data
class, such as non-normal distribution, redundancy of information and sub-
compositional incoherence (Bacon-Shone, 2011), not incorporating the effects of
genetical variability on leaf nutrient composition (Rozane et al., 2015). Indeed, those
sources of bias may lead to wrong inferences and conflicting interpretations (Parent et
al., 2012; Parent et al., 2013ab; Rozane et al., 2015).

Therefore, the nutritional standards currently used in Brazil to assess the
nutritional status of orange crops (Table 4) should be revisited by the compositional
balance concept approach, where groups of elements are balanced to optimize plant
growth and vyield (Figure 6, Table 4). In this context, the Compositional Nutrient
Diagnosis (CND) methods allow overcoming the restraints on critical level approach
(Parent and Dafir, 1992; Parent et al., 2012; Parent et al., 2013ab), by conducting
unbiasedly multivariate analysis as formerly suggested by Holland (1966).
Complementarily, Machine Learning (ML) tools might improve the accuracy of CND
diagnosis (Souza et al., 2016) after accounting for varietal effect on nutrient ionomes.
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4.6. Order of nutrient limitations in TP specimens

The order of nutrient limitations to crop yield allows detecting the main sources
of nutrient misbalance as decision-making tool to adjust fertilizer recommendations to
local conditions. Nutrient imbalance indices were previously computed across ilr
coordinates as the distance between an observation and the barycenter of a reference
group (Parent et al., 2012; Parent et al., 2013b; Modesto et al., 2014; Nowaki et al.,
2017) using a mobile design (Figure 3). However, because ML methods return a critical
“hyper-blob” rather than a critical “hyper-ellipsoid” made of TN specimens, a numerical
method is needed to compute the multivariate distance from the high yielding ionome
zone, since composition to be diagnosed may be located close to a “hyper-blob”
peninsula or to a “hyper-blob” bay.

The ten TN neighbors in bays or peninsulas of the critical “hyper-blob” nearest
to the specimen under diagnosis were selected as those showing the shortest
Euclidean distances from the diagnosed composition. Nutritional clr indices returned
an order of nutrient limitations in the diagnosed TP specimens (Figure 7). The
adjustment of nutrient management to re-establish nutritional equilibrium follows the
order of nutrient limitations as inherited from DRIS, but in a numerically unbiased
manner (Figure 7). It becomes less complex and challenging using the mobile design
(Figure 6) integrated with the order of nutrient limitations (Figure 7), as it allows
interpreting balances at nutrient levels to assist on the definition of adequate sources

and rates of fertilizers to be applied at different occasions.
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Figure 7. Order of nutrient limitation to crop performance at surveyed sites (TP
specimens). Positive and negative clr indices indicate relative nutrient
excess or deficiency, respectively, in relation to the 10-nearest neighbor TN
specimens.

A slight relative nitrogen deficiency was observed in the present study (Figure
7), although it did not significantly affect nutritional balances associated with this
nutrient (Figure 6), hence likely not impairing crop productivity on TP group. Citrus
plants store large amounts of nitrogen in the biomass, which can be redistributed via
phloem to the developing organs that constitute drains of nutrients and photo-
assimilates, such as new leaves and fruits (Mattor Jr. et al., 2003a). For this reason,
even in cases of relative deficiency (Figure 7), fruit production might not be affected on
the short-term (Quaggio et al., 2010), although trees may undergo a gradual reduction
of canopy density and growth, which, consequently, will lead to a decrease of fruit
production in future seasons (Quaggio et al., 2010).

Nitrogen has been considered as the most important nutrient for defining citrus
productivity (Alva and Paramasivam, 1998; Mattos Jr. et al., 2005). The nitrogen
application increases leaf density (Smith, 1969) and regulates photosynthetic rate
(Kato, 1986). As an integrative response to N supply, there is an increase on the
assimilation rate of carbon dioxide and, consequently, on the production potential of
citrus trees (Lea-Cox and Syvertsen, 1996). Leaf nitrogen level has been successfully
used as an indicator to adjust the N rates on citrus crops in Brazil (Quaggio et al.,1998;
Quaggio et al., 2010). Due to its prominent importance on plant metabolism, N supply
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has been closely monitored by citrus growers to avoid nutritional imbalances
associated with this nutrient (Figures 6 and 7), which might potentially impair crop
performance.

The Cu and S apparently were also not limiting in TP specimens (Figures 6 and
7), as these nutrients are commonly supplied via foliar application of Cu and S-based
products to abate higher disease and pest infestation levels in citrus orchards.

On the other hand, Ca appeared to be the most frequently limiting nutrient in the
surveyed orchards (Figure 7). The Ca performs essentially three important functions:
structural, enzymatic regulator and as a secondary messenger (Malavolta, 2006).
Several studies showed positive response of citrus to liming (Anderson, 1987; Quaggio
1991; Quaggio et al., 1992b), which have been partly attributed to Ca supply, indicating
the critical importance of this nutrient in tropical soils (Quaggio et al., 1992b). Orange
plants have high demand for Ca, the nutrient accumulating the most in the tree
biomass, even more than N (Mattos Jr. et al., 2003b). Nevertheless, calcium uptake is
limited to young roots, in which the endoderm cell walls are not suberized. As a result,
even medium to high soil Ca levels might lead to Ca deficiency in the plant (Figure 7),
and, consequently, impair citrus root development resulting in yield losses (Auler et al.,
2011). Furthermore, excessive K applications may have contributed to decrease leaf
Ca concentration due to antagonism with Ca in the foliar tissues of TP specimens
(Figures 6 and 7), leading to yield reduction (Mattos Jr. et al., 2004; Quaggio et al.,
2011). Indeed, applying lime or gypsum to supply Ca to the TP group, combined with
a reduction of K fertilization, could contribute to re-establish the main sources of
misbalances in the plant, namely: [Mg | Ca], [Ca, Mg | K]and [K, Ca, Mg | N, S, P]
balances (Figure 6). Adding Ca as lime also increases soil pH, potentially enhancing
the availability of other nutrients in the soil, which may increase crop productivity in
general.

The second limitation among TP specimens appeared to be relative P excess
(Figure 7). Supplemental P may have misbalanced the [P | N, S] and [K, Ca, Mg | N,
S, P] balances in TP specimens, as well as the [Zn | Cu] balance by decreasing leaf
Zn level (Figures 6 and 7). Citrus plants show a significant response of root-shoot
growth (Zambrozi et al., 2013) and fruit yield to P fertilization in soils with low P
availability (Quaggio et al., 1998; Quaggio et al., 2006). Considering that tropical soils
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are inherently low in P due to strong sorption of phosphate ions by aluminum and iron
oxyhydroxides (Roy et al., 2016), the proportion of P fertilizer that could be acquired
by the plant from the soil is generally considered to be low (Novais, 1977; Baligar and
Benett, 1986ab). Hence, growers tend to adopt a supplemental P fertilization,
regardless of soil-test P, especially where yield level is low. However, the use of soll
analysis is important to predict the response of citrus plants to P fertilization to adjust
an optimal rate (Quaggio et al., 1998), avoiding the indiscriminate application of this
nutrient, which may lead to P over-fertilization (Nowaki et al., 2017) and, consequently,
yield reduction due to nutritional imbalances (Figures 6 and 7).

The reduction of leaf Zn in TPs (Figure 6) was possibly caused by the P:Zn
antagonism. High P/Zn ratios in corn leaf tissue with the application of high rates of P
led to Zn deficiency and decreased yield (Sumner and Farina, 1986). Co-precipitation
reactions of P and Zn might occur in conducting vessels affected by P excess, inhibiting
Zn transport from root to shoot, and causing metabolic disorders in the cells due to
P/Zn imbalance (Olsen, 1972). Those nutritional imbalances caused by an apparent P
excess observed in the present study (Figures 6 and 7) could explain previous results
reported on the literature, in which fruit yield of citrus trees did not generally respond
to P additions where soil test P levels were higher than 20 mg resin-P dm= (Quaggio
et al., 1998; Quaggio et al., 2006), whereas yield decrease may occur where solil test
P exceeded 40 mg resin-P dm3 (Quaggio et al., 2002). Fertilizer P rate should thus be
adjusted based on soil analysis, expected yield (Quaggio et al., 2010), and also the
general plant nutritional status.

Boron appeared to be the third most limiting nutrient shown as relative
deficiency in TP specimens (Figure 7). Boron plays a role in the formation of the xylem,
root growth and water transportation to the canopy (Mesquita et al., 2016). Boron
deficiency can thus affect citrus productivity (Quaggio et al., 2003; Liu et al., 2014,
Wang et al., 2015). This occurs especially in tropical regions (Mattos Jr. et al., 2017),
as attributed to low B availability in the soil due to low levels of organic matter
(Goldberg and Suarez, 2011). In addition, tropical climatic conditions can favor the
occurrence of boron deficiency. Long periods of drought stress might impair B uptake,
since absorption and transport of this nutrient through the plant xylem depends on the

transpiration rate (Brown and Shelp, 1997), whereas excessive rainfall may also limit
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B absorption, as B has high mobility in a predominantly non-ionic form (boric acid) in
the soils of the tropics (Quaggio et al., 2003; Mattos Jr. et al., 2017). Indeed, it is
required periodic supply of B on tropical agro-systems. Nevertheless, B is commonly
applied as foliar sprays on orange orchards (Quaggio et al., 2003; Boaretto et al., 2011;
Mattos Jr. et al., 2012). Because of low B mobility in the phloem of citrus (Boaretto et
al., 2008), the redistribution of this nutrient in the plant is limited (Boaretto et al., 2011,
Liu et al., 2012), making foliar fertilization inefficient to meet the demand of new flushes
of shoot growth, contributing to the observed results (Figures 6 and 7). Boron addition
via the soil is a more efficient management strategy to supply B to citrus trees, with
positive response on crop productivity (Quaggio et al., 2003; Boaretto et al., 2011;
Mattos Jr. et al., 2017). Therefore, soil rather than foliar B fertilization could re-establish
the [B | N, S, P, K, Ca, Mg] balance (Figure 6), potentially increasing fruit yield in the
TP group.

The fourth limitation in the TP group was relative K excess (Figure 7). Potassium
is the nutrient most exported through fruit harvest (Mattos Jr. et al., 2003b). Citrus fruit
yield and quality are greatly influenced by K fertilization (Mattos Jr. et al., 2004; Alva
et al., 2006; Quaggio et al., 2006; Quaggio et al., 2011). It is thus common to use
concentrated K fertilizer formulations in citrus management programs to reach high
yield but not at the expense of high-quality fruits. This may lead to K excess in the soil,
especially where soil analysis is not taken into account in the prescription (Quaggio,
1996); or where low fruit load decreases K removal (Embleton et al., 1973; Mattos Jr.
et al., 2003), reducing K requirement.

The response of orange trees to K fertilization depends on soil test K, and, in
the case of high-K soils, excessive K additions may even reduce fruit yield (Quaggio
et al., 1998; Quaggio et al., 2006). In the present study, K over-fertilization may have
decreased leaf Ca concentration, leading to yield reduction in response to nutritional
imbalances (Figures 6 and 7). High potassium rates impair calcium absorption,
characterizing the effect of competitive inhibition (Bernardi et al., 2000; Marques et al.,
2011). In an experiment with potassium fertilization in 'Péra’ and 'Valéncia' orange
trees grafted on Rangpur lime, Quaggio et al. (2011) observed that the increase in leaf
K content was accompanied by a decrease in Ca concentration in the leaves, where

high doses of potassium fertilizer were applied. Foliar Ca levels were lower than those
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considered adequate for citrus. This effect was attributed to the equilibrium of
exchangeable cations in the soil, which is proportional to the ratio of K activity in
relation to the divalent cations in the soil solution. Increasing rates of potassium
fertilizer lead to increase on the K activity in the soil solution, impairing Ca uptake.
Similar effects of the ionic antagonism of K with Ca, in which the Ca foliar contents
were reduced by the K doses, were also reported in Valencia orange seedling grafted
on Rangpur lime (Bernardi et al., 2000) and in Murcott tangor grafted on Rangpur lime
(Mattos Jr. et al., 2004). Magnesium showed relative excess in TP specimens (Figure
7), contributing even more to [Mg | Ca] imbalance (Figure 6). A reduction of K
fertilization, and Ca additions could likely relief the [Ca, Mg | K] balance in specimens
of the TP group (Figure 6). Note that the relationship between soil exchangeable K,
Ca, Mg and acidity has been revisited using a novel cationic balance concept based
on clr and ilr variables where soil exchangeable K can be balanced against
exchangeable Ca and Mg (Parent et al., 2012), or against exchangeable Ca, Mg,
acidity and the filling value between the sum of cations (1 g per mol of exchangeable
acidity) and the unit of measurement, generally mg kg (Parent and Parent, 2017).

The relative Fe excess among TPs (Figure 7) is likely related to soil genesis,
given that soil is considered to be a large reservoir of Fe (Parent et al., 2013b), and
that this nutrient is not added as fertilizer in Brazilian citrus crops. It should be
considered, however, that this relative excess of Fe may not impair fruit yield, because
not all iron species in the tissue performs biological function, as they can be in an
insoluble or complexed form.

The Mn showed relative deficiency (Figure 7), presumably caused by Mn
shortage in the soil due to low Mn levels in parent materials (Hippler et al., 2015) and
high Mn sorption by colloids (Quaggio et al., 2010). Moreover, the Mn is often supplied
to citrus groves via foliar fertilization (Mattos Jr. et al., 2012). Because Mn presents low
mobility in the phloem, its redistribution from mature tissues to young flushes of shoot
growth is limited (Boaretto et al., 2003), requiring regular foliar sprays to meet crop
demand at every new flushes. The Mn deficiency likely occurred in TP specimens
where orchards were not managed properly. Soil application of Mn using soluble

sulfate fertilizers to re-establish the [Fe | Mn] balance among TP specimens (Figure 6)
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may meet the Mn requirement of imbalanced orange trees, especially in soils with low
Mn sorption capacity (Hippler et al., 2015).

4.7. Nutrient diagnosis of orange orchards using the software “CND-Citros”

We developed the software “CND-Citros”, aiming to facilitate the implementation
of the mathematical calculations proposed on the present work and to improve
interpretation of the results of foliar chemical analysis. The software allows the
assessment of the nutritional status of orange crops through the application of
compositional data analysis integrated with k-nearest neighbors ML classification
algorithm, defining the order of nutrient limitations to crop yield.

The results obtained on the software “CND-Citros” express the mineral
composition of nutrient levels on the plant tissue in the form of relative values, which
is the basic numerical information to establish the diagnosis of the nutritional status of
plants. The software assists on the definition of appropriate fertilization
recommendations, enabling to reduce production costs, increase fruit yield and target
production sustainability, especially in crops grown under edaphoclimatic conditions
similar to those of the present study. To use the software 'CND-Citros' for free, access
http://lwww.registro.unesp.br/sites/cnd/ (best viewed in browsers "Google Chrome";
“‘Mozilla Firefox”; “Opera” and “Safari”’) and follow the instructions below (using a

hypothetical example):


http://www.registro.unesp.br/sites/cnd/
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1. Transcribe in the corresponding fields the nutrient concentrations obtained on the
chemical analysis of the leaves (macronutrients : g.kg?, micronutrients : mg.kg™)
(Figure 8).
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Figure 8. Corresponding fields to be filled in with the nutrient concentration data
obtained on the chemical analysis of the leaves.

2. After filling in all required fields with foliar nutrient concentrations, click on the
“CALCULAR” buttom. The balance index for each nutrient will be calculated, as well

as the CND-r?, which represents the sample’s nutritional imbalance index (Figure 9).

S UNIVERSIDADE ESTADUAL PAULISTA
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Figure 9. Results of the balance index for each nutrient, and the CND-r2, which
represents the sample’s nutritional imbalance index.
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3. The graphics in form of radar (left) and bars (right) will also be shown, representing
the nutritional indexes calculated for each nutrient, assisting to define the limiting order
of nutrients to crop performance. It may be interpreted that in relation to the high-yield
population (i.e. TN reference population), all indexes in green color are in 'excess’, as
phosphorus (P), potassium (K), and so on, and that every index in red are in
'defficiency’, such as calcim (Ca), boron (B), etc. On the other hand, the indexes which

tend to zero might be considered as "suitable", such as nitrogen (N) (Figure 10).

GRAFICOS FORMULARIO
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YAMANE, D.R.; ROZAME, D.E.; NATALE, W.; CECILIO FILHO, A.B.; NOW’AKI RH D.; MENESES N. B PRRENT L.E. CND-Citros. Programa de computador: Instituto Nacional da Propriedade
Industrial - INPI: BRcouoooooaono:, Universidade “Jilio de M Filho"; Universidade Federal do Ceard; Université Laval, 2017.

Figure 10. Graphics elaborated in the form of radar (left) and bars (right), representing
the nutritional indexes calculated for each nutrient.
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4. After analyzing the graphs the user is able to click on “FORMULARIO” bottom (see
Figure 10), and fill in the fields to create the history of the plots of the orchard, whose

details are described in the image below (Figure 11).

Proprietario: José Luis da Silva

Propriedade: [Fazenda Campo Limpo

Endereco: Bairro:

Cidade: Matdo CEP: UF: v
Telefone: E-Mail: |danilo_yamane@yahoo.com.br

Amostragem:

Responsavel Técnico: |Danilo Ricardo Yamane

Profissdo: CREA: v NO
Local: Dia/Mé&/fAno: m

YAMANE, D.R.; ROZANE, D.E.; NATALE, W.; CECILIO FILHO, A.B.; NOW’AKI RHD MENESES NB PRRENT L.E. CND-Citros. Programa de computador: Instituto Nacional da Propriedade
Industrial - INPI: BRxouoooonaoaot. Universidade “Jilic da b Filho"; Universidade Federal do Ceara; Université Laval. 2017.

Figure 11. Fields to be filled in to create the report about the history of plant’s nutritional
status of the citrus orchard.
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5. Finally, it's possible to click on "RECEITA" (see Figure 11), to generate a complete

report of the diagnosis, as illustrated (Figure 12) :
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Figure 12. Final report of the diagnosis, where is possible to view the summary of all
the information related to the assessment of nutritional status of plant,
based on the compositional data analysis integrated with machine learning
technique.
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5. CONCLUSIONS

e The ilr-transformed data allowed to conduct an unbiased discriminant analysis
of orange foliar ionomes. Canopy varieties formed distinct groups due to specific
nutrient profiles, indicating that the use of general standards to assess the
nutrient status of specific orange varieties, as currently done in Brazil, may

return inaccurate diagnosis and wrong interpretation of the outcomes.

e Leaf nutrient status could be diagnosed and monitored accurately using
compositional data analysis combined with k-nearest neighbors ML
classification algorithm. This research is the first ever to use “hyper-bob” of log
ratio expressions to describe the reality of data distribution approximated
formerly by “hyper-ellipsoids”. In contrast with conventional methods, the ilr
transformation rectified any source of bias intrinsically embedded into
compositional data (i.e. redundancy, non-normal distribution and scale-
dependency), and the ML technique incorporated varietal effects in nutrient

diagnosis, enabling to reach 88% diagnostic accuracy in a “hyper-bob”.

e The order of nutrient limitation to crop performance for specimens located
outside high-yielding ionome zone delineated by the critical “hyper-blob”,
allowed interpreting balances at nutrient levels to adjust fertilizer

recommendations to attain high fruit productivity at local scale.

¢ In the surveyed orange orchards of Sdo Paulo state, several nutrients could be
readjusted to yield more than 60 Mg ha’. Nevertheless, current critical nutrient
concentration ranges used in Brazil appears too wide and inaccurate for
diagnostic purposes because it does not account for the nutrient interactions

and genetic variability impacting the foliar ionome of plant species.

e Citrus growers should hopefully adopt the concept of yield-limiting nutrient
balances, where groups of nutrients are optimally balanced. The more familiar

conventional approaches to perform the nutrient diagnosis address only the
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concept of yield limited by individual nutrient concentration, under the traditional
over-optimistic assumptions that other nutrients are equal or at adequate levels
under the laws of minimum or optimum, respectively, avoiding interactions
among nutrients and leading to large “adequate” intervals rather than targeting

adequate nutrient balances.

Our ML-balance diagnosis of misbalanced S&o Paulo orange orchards suggests
that supplying more Ca as lime or gypsum materials, reducing the P and K
fertilizer applications, and enhancing soil B fertilization could re-balance
nutrients in the low-yielding orange orchards, namely through re-establishing
the [Mg | Ca], [Ca, Mg | K], [P | N, S], [K, Ca, Mg | N, S,P]and [B | N, S, P, K,
Ca, Mg] balances.

The software “CND-Citros” can assist citrus growers, agronomy engineers and
technicians to diagnose the nutrient status of orange crops based on the
proposed method, using the results of leaf chemical analysis. Plant
diagnosticians should consider though, that corrective measures involving one
nutrient might affect all balances connected with it in the closed system of the
foliar tissue, requiring to validate the ensuing plant reaction to the new
fertilization regimes. The softwares of other fruit crops available could also be
revisited using the ML-balance concept elaborated in this research.
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