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Multivariate predictive model of minerals content in the basal
portion of peach palm heart (Bactris gasipaes Kunth) using
agrometeorological data

Modelo preditivo multivariado do conteudo mineral na porcao basal
de pupunha utilizando dados agrometeorologicos

Marcelo Barba Bellettini'*; Fabiane Bach?; Miriam Fabiola Fabela Moréon?;
Jodo Carlos Bespalhok Filho*

Abstract

The climatic influence in minerals content of peach palm heart (Bactris gasipaes Kunth) was studied and a
quick method was assessed to determine Mg, Cl, K and S in the basal portion of peach palm heart based on
multivariate predictive model using agro-meteorological data. A total of 24 samples of B. gasipaes Kunth
were collected along 14 to 18 months of cultivation, growing in two types of terrain: hillside and lowland.
Principal component analysis (PCA) was used to select principal components. The data were modeled
using partial least squares regression (PLS). Low average relative prediction errors (4.60%) confirm the
good predictability of the models. The factors that most influence the minerals content prediction model
were the rain precipitation and solar radiation. The results show that predictive model can be used as rapid
method to determine the mineral content in the basal portion of peach palm heart factories and may help to
choose geographical regions suitable for the establishment of new peach palm plantations. The models can
provide reductions of cost and time analysis to palm heart without generating laboratory effluents. This is
the first time in which multivariate analysis is used to generate models to predict minerals concentration
in the basal portion of peach palm hearts, quantifying numerically the intensity of climatic factors in the
minerals content.

Key words: Peach palm. Mineral content. Agro-meteorological factors. Multivariate statistical analysis.
Climatic influence.

Resumo

A influéncia climatica em minerais de pupunheira (Bactris gasipaes Kunth) foi estudada e um método
rapido foi avaliado para determinar Mg, CI, K e S na porcao basal de palmito de pupunha baseado no
modelo preditivo multivariado utilizando dados agro-meteoroldgicos. Um total de 24 amostras de B.
gasipaes Kunth foram coletadas ao longo de 14 a 18 meses de cultivo, cultivados em dois tipos de
terreno: encosta e baixada. A andlise de componentes principais (PCA) foi utilizada para seleccionar
as componentes principais. Os dados foram modelados utilizando o método de regressao por minimos
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quadrados parciais (PLS). Baixos erros relativos médios de previsdo (4,60%) confirmam a boa
previsibilidade dos modelos. Os fatores que mais influenciaram o modelo de previsdo de minerais foram
a precipita¢do pluviométrica e a radiag@o solar. Os resultados mostram que o modelo preditivo pode ser
usado como um método rapido para determinar o contetido mineral em industrias de palmito pupunha,
podendo ajudar na escolha de regides geograficas adequadas para o estabelecimento de area de plantios
de pupunha. Os modelos podem fornecer reducdes de custo e analise de tempo para a industria de palmito
sem gerar efluentes de laboratorio. Esta ¢ a primeira vez em que a andlise multivariada ¢ utilizada para
gerar modelos para predizer a concentracdo de minerais na por¢do basal de pupunha, quantificando
numericamente a intensidade de fatores climaticos no contetido mineral.

Palavras-chave: Pupunha. Minerais. Fatores agro-meteorologicos. Andlise estatistica multivariada.

Influéncia climatica.

Introduction

Brazil is the world’s main producer and consumer
of palm heart (PENTEADO JUNIOR et al., 2014).
Most palm heart is illegally obtained from wildly-
grown Euterpe oleracea Mart. and E. edulis Mart.
plants, which has threatened the survival of both
species (BATAGIN-PIOTTO etal., 2012). Inrecent
years, however, extractivism has been giving way to
more rational forms of exploitation, such as sustained
management. In this context, peach palm (Bactris
gasipaes Kunth) emerges on the market because it
is profitable because of its tillering capacity, that
is, the ability to emit new branches from the cut
of the parent plant and by the rapid development
in 2 years of cultivation, while other palms of the
Euterpe genus require 6 to 8 years of cultivation
(HERNANDEZ-UGALDE et al., 2011). The
pupunha is also sustainable, allowing consumption
of a product of good quality and traceability, being
an alternative against the clandestine cut of the
jucara palm heart (KULCHETSCKI et al., 2001).

Peach palm consists of three parts: caulinar
(basal), of larger diameter, located in the lowest
region of the stem of the palm heart; apical, leaf-
like and with reduced diameter, located at the apex
of the thallus; and, cream, heart or tolete, located
between the basal and apical parts. The basal or
caulinar portion has a larger diameter, it is located
in the lower region of the stem of the heart of palm.
It is composed of the soft part of the stem and, on
average, weighs about 120 to 300 g, and can reach

up to 800 g or more; its length varies from 10 to 25
cm (RAUPP; CHAIMSOHN, 2001). It is an edible,
slightly sweet, cylindrical and tender product; rich
in amino acids, fiber, minerals and vitamins, besides
being low in calories (GALDINO; CLEMENTE,
2008).

B. gasipaes is a species that has been implanted
in diverse climatic conditions, presenting good
adaptation (NEVES; SANTOS, 2008). However, it
requires sufficient temperature, humidity and light,
in which the ideal conditions are the hot and humid
climate regions, with annual mean temperature
above 21 °C and precipitation above 2000 mm
year' well distributed. According to the authors,
development of peach palm depends more on
climate than on soil conditions.

There have been significant research efforts
predicting the effect that the climate it has on peach
palm production systems in the tropics (NEVES
et al.,, 2007). However, the intensity of climatic
factors in the basal portion of pupunha culture has
not yet been quantified. Also, there is still very little
evidence that the observed changes and variability
in climate patterns over recent decades have already
impacted peach palm heart production globally and
particularly in Brazil.

According to a recent survey of literature, to date
no research has been reported using multivariate
calibration for the determination of mineral content
in the basal portion of peach palm, which is relevant
considering that this analysis can be inserted into
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the industrial production allowing important
conclusions about the use of basal portion of peach
palm heart. Within this context, the aim of the work
is to evaluate the potential of agrometeorological
factors combined with chemometrics in order to
quantify the minerals concentration in samples
of basal portion in peach palm heart. Since the
traditional mineral analysis of peach palm hearts
typically presents low repeatability and generate
large amounts of waste, the use of an alternative
method for minerals content prediction, which does
not involve sample preparation, can presents a series
of advantages, including cost and processing time
reduction and elimination of chemical waste. In this
paper, we describe the use of principal component
analysis, along with partial least squares regression,
to generate predictive models for the minerals
content in the basal portion of peach palm hearts,
quantifying numerically the intensity of the climate
in the minerals concentration.

Materials and Methods
Plant material

The harvest site is located on the side of
Alexandra - Matinhos Road, km 12, at Paranagua,
State of Parana, Brazil, coordinates 25°09°19, 2 S
and 48°35°15, 0” W. The soil is a Haplic Cambisol
of medium texture. In its results soil the layer of O -
20 cm presented: pH, 5.30 (CaCl,); AI**, 0.00; H* +
AT (extractable acidity), 4.30 cmol dm™; Ca**, 3.00
cmol dm”; Mg*, 1.30 cmol_dm™; K*, 0.14 cmol_
dm”; SB (sum of bases), 4.44 cmol_dm™; T (cation
exchange capacity), 8.74 cmol dm?; P, 25.90 mg
dm; C, 8.1 mg dm=; OM (organic matter), 13.96 mg
dm. In soil layer of 20 - 40 cm presented: pH, 5.50
(CaCl,); AP, 0.00; H" + Al**, 3.40 cmol dm™; Ca™,
2.20 cmol_ dm?; Mg*, 1.20 cmol dm?; K*, 0.07
cmol dm?; SB, 3.47 cmol_dm™; T, 6.87 cmol dm;
P, 5.60 mg dm?; C, 3.1 mg dm?; OM, 5.34 mg dm".
The climate is classified as an Af Tropical Superwet
with no water deficit, average temperatures over of

22 °C in the warmest month, and over 18 °C in the
coldest (average annual temperature of 22.80 + 3.14
°C). The annual average relative humidity is within
the 80 — 90% range, while rainfall averages 2500 —
3000 mm annually (EMBRAPA, 2013).

Peach palm hearts were collected from plants
aged between 14 and 18 months, between January
and December 2016. Plants were grown in two
different types of terrain: hillside (average slope
of 20 degrees) and lowland (average slope lower
than 2 degrees). After harvest, the peach palm heart
samples were separated, using of a stainless steel
knife, for minerals content analysis.

Mineral determination

Samples were reduced to ash at 580 - 600 °C
for approximately 12h. The ash was solubilized in
nitric acid (1N), heated on a plate for 2 - 3 minutes
and transferred to volumetric balloons, with the
final volume of 100 mL supplemented with nitric
acid (AOAC, 2010). Aluminum (Al), calcium (Ca),
chlorine (CI), cobalt (Co), copper (Cu), iron (Fe),
magnesium (Mg), manganese (Mn), molybdenum
(Mo) andzinc (Zn) contents were determined through
atomic absorption spectrophotometry (968.08).
Lanthanum was added to the Ca and Mg samples
to prevent interferences caused by phosphate ions.
Potassium (K) and sodium (Na) were determined
through atomic emission spectrophotometry
(984.27). Phosphorus (P) was determined by the
yellow method molybdenum (966.01). Sulfur
(S) was determined by the gravimetric method of
barium chloride (turbidimetry) (956.01). Boron
(B) was determined by spectrophotometry method
azomethine-H (958.03). Readings of these elements
were made at the following wavelengths (As) in
nm: AAl = 309.3; ACa = 422.7; ACl = 588.0; ACo
= 240.7; MCu = 324.7; AFe = 248.3; A\Mg = 285.2;
AMn= 279.5; AMo = 313.3; ANa = 589.0; AZn =
213.9, AK=766.5; AP = 420.0 and AB = 410.0.
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Agro-meteorological data

Rain precipitation (mm), atmospheric pressure
(hPa), solar radiation (W m?) air temperature (°C).
data were obtained from a weather station in the
town of Morretes, located 15 Km from the harvest
site (Meteorological System of Parana - SIMEPAR).

Multivariate processing

A systematic procedure was carried out to study
climatic influence in minerals content of peach
palm heart (Figure 1). The Origin Pro 8.0 software
(Origin Lab., Northampton, MA, USA) was used to
construct arrays of data. The data were processed in
Matlab version 7.1 (Mathworks Inc.) using the PLS-
toolbox 1.5 package (Eigenvector Research Inc.) for
data analysis. Principal component analysis (PCA)
was used to reduce the dimensionality of the data set
for the variables and called principal components
(PCs), which describe the largest variance of the
analysed data (FRIZON et al., 2015). PCA is the
most frequently used multivariate method that can
be used to classify samples with diverse biological
status, origin or quality (CHUNTHABUREE et
al., 2016). Two PCAs were used, the first one to
evaluate the variation in minerals content along
12 months and the second one for analysing on the
basis agro-meteorological factors. The clustering
method used was the simple (closest neighbour)
method, in which the distance of two groups is
given by the smallest of all distances between the
objects of two groups. This method establishes
more dispersed groups, less sensitive to atypical
samples (FERREIRA, 2015). The performance of
the PCA was evaluated using root mean square error
of cross-validation (RMSECYV) and the stabilization
of the eigenvalues.

Partial least squares regression (PLS) was
utilized to build prediction models for the effect of
agro-meteorological factors on minerals content.
The calibration group for each mineral consisted
of 12 essays, average of growing sites, in two
subsets, the calibration set (model building) and the
internal validation group. The calibration set (70%
of the samples) were used for the development
of the model (calibration group) and the internal
validation group (30% of data), was defined to
validate the results (prediction set, validation
group), respectively. PLS models were developed
to relate the variable X (minerals concentration,
independent variable or predictor) to the variable
Y (agro-meteorological data, dependent variable)
and to predict the minerals content of the peach
palm heart. The prediction set (independent set)
was defined to validate the results from the current
study. Cross-validation was employed along with
the leave-one-out procedure for the set validation,
once it does not waste data (all samples are used
for the model development) and it also appropriated
for a small number of samples (OLIVEIRA et al.,
2014). In the cross-validation process, each sample
from the calibration set is deleted only once. The
process was repeated until all the samples had been
used once in the validation set (XIE et al., 2007).
Outliers were detected by using leverage criteria
and studentized residuals (£ 2.5), according to: 3LV
n’!, where n is the number of samples and LV is the
number of latent variables. The performance of the
PLS models was evaluated using root mean square
error of calibration (RMSEC) and the average
relative errors.
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Figure 1. Flowchart demonstrating the main steps of the study procedures.
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The whole minerals content dataset was used for
PCA of peach palm heart throughout the 12 month-
trial period (Table 1). Pre-processing was not
used due to the high homogeneity of the samples.
The scree plot lists the order number of each axis
with the associated value. If this curve shows a

data for peach palm heart might be described by
only one principal component (PC1: 98.87%), as
shown in Figure 2A. The introduction of additional
PCs contributed only with a representation of the
details (PC2: 0.97%, PC3: 0.10%) in 3 PCs were
responsible for representation of 99.94% of the
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concentration data variance (Figure 2B). Despite of
PC1 explains almost all data, PC2 and PC3 were
also used as they present significant details. The
cross-validation error (RMSECV) was obtained

by comparing the predicted concentration for each
standard with its true value. This value is presented
according to the number of PC (Figure 2C).

Table 1. Mineral values of peach palm heart growing in hillside and lowland over 12 months.

Minerals January™ February™ March™ April™
Hillside Lowland Hillside Lowland Hillside Lowland Hillside Lowland
P 305.0 355.0 265.0 260.0 330.0 310.0 345.0 360.0
(£162) (£11.0) (£157) (9.5  (£22.1) (£222) (£163)  (£22.3)
K 2990.0 2775.0 2200.0 2305.0 2675.0 2370.0 2700.0 2515.0
(£ 62.9) (x£37.1) (=834 (+£29.3) (£ 82.3) (£27.2) (£22.6) (£ 68.7)
85.0 90.0 86.0 67.0 85.0 63.0 106.0 120.0
Ca *1.6)  (£39)  @&71)  (*20) (=17 (£45)  (£47)  (£23)
Mg 445.0 483.0 345.0 353.0 460.0 416.0 528.0 572.0
(£10.1) (£8.0) (£12.2) *3.7) (£8.6) (£15.4) (£ 11.1) (£15.6)
1170.0 1230.0 1125.0 1060.0 1210.0 1190.0 1170.0 1080.0
S (£455)  (£19.5)  (£37.8)  (£20.7)  (£28.8) (£42.6) (£22.6) (+42.4)
1.5 0.9 1.6 1.5 1.4 1.7 2.1 2.0
Fe (£0.0) (£0.0) (£0.0) (£0.0) (£0.0) (£0.0) (£0.0) (£0.0)
0.4 0.4 0.5 0.8 0.6 0.4 0.5 0.5
Mn (£0.0) (£ 0.0) (£0.0) (£0.0) (x0.0) (£0.0) (x0.0) (£0.0)
0.2 0.1 0.7 0.1 0.2 1.0 1.8 1.6
cu (+0.0) (+0.0) (+0.0) (+0.0) (£0.0) (+0.0) (+0.0) (+0.0)
7n 9.0 9.0 7.0 8.0 5.0 7.0 12.0 8.0
(£0.2) (£0.1) (£0.1) (£0.1) (£0.1) (£0.2) (£0.1) (£0.1)
B 9.0 5.0 8.0 8.0 10.0 6.0 4.0 7.0
(£0.5) (£ 0.4) (£0.7) (£0.4) (+0.5) (£0.6) (£0.5) (£0.7)
Na 2.0 1.0 2.0 1.0 1.0 15.0 5.0 3.0
(£0.3) (£0.1) (£0.3) (£0.2) (£0.3) (£0.3) (£0.4) (£0.4)
0.2 0.2 0.2 0.3 0.3 0.3 0.3 0.3
o (£0.0) (x0.0) (£0.0) (x£0.0) (x0.0) (£0.0) (£ 0.0) (£0.0)
0.1 0.1 0.1 0.2 0.1 0.2 0.2 0.2
Mo (£0.0) (£0.0) (£0.0) (£0.0) (£0.0) (£0.0) (£0.0) (£0.0)
cl 1770.0 1860.0 1775.0 1950.0 1500.0 1330.0 1685.0 1685.0
(+ 88.6) (£ 66.3) (*37.7) (+19.9) (£95.0) (£92.8) (£61.9) (£49.1)

continue
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continuation

Minerals* May™ June™ July™ August™
Hillside Lowland Hillside Lowland  Hillside Lowland  Hillside Lowland
P 385.0 375.0 330.0 385.0 390.0 350.0 305 290
(£24.0) (x£17.2) x17.1) (£19.3) (£16.4) £ 11.5) (£16.2) (x10.4)
K 3220.0 2680.0 3425.0 2835.0 2920.0 3100.0 2410.0 2335.0
(£26.9) (+38.5) (+30.8) (£23.4) (+ 64.6) (£ 35.6) (= 84.0) (+29.3)
Ca 110.0 76.0 133.0 130.0 95.0 110.0 145.0 131.0
(£4.6) (£4.3) (£4.2) (£2.4) (£1.8) (£3.9) (£69.4) (£1.8)
Mg 512.0 445.0 595.0 535.0 483.0 415.0 342.0 386.0
(*12.1) (*11.8) (x=7.2) (+10.6) (*11.2) (+8.3) (*11.7) (=3.8)
S 1360.0 1295.0 1170.0 1210.0 1380.0 1255.0 1190.0 1040.0
(£32.1) (£20.1) (£28.5) (£6.4) (+£46.8) (£ 18.1) (£36.9) (£21.6)
1.6 1.0 1.2 1.4 0.7 1.3 1.0 1.1
Fe (£0.0) (£0.0) (£0.0) (£0.0) (£0.0) (£ 0.0) (£0.0) (£0.0)
Mn 0.4 0.2 0.4 0.6 0.3 0.6 0.3 0.1
(£0.0) (£0.0) (£0.0) (£0.0) (£0.0) (£0.0) (£0.0) (£0.0)
1.7 0.5 0.1 1.1 0.1 0.1 0.5 0.4
cu (£0.0) (£0.0) (£0.0) (x0.0) (£0.0) (x0.0) (£0.0) (£0.0)
7n 10.0 8.0 9.0 9.0 7.0 9.0 3.0 4.0
(=0.1) (x£0.1) (=0.1) (*0.1) (x0.2) (=0.1) (x0.1) (=0.1)
B 6.0 6.0 6.0 7.0 7.0 9.0 8.0 9.0
(£0.4) (£0.4) (£0.6) (x0.4) (£0.6) (£0.4) (£0.8) (£0.5)
1.0 1.0 1.0 2.0 1.0 1.0 1.0 1.0
Na (=0.4) (£0.4) (=0.7) (+0.4) (£0.3) (=0.1) (£0.3) (=0.2)
Co 0.3 0.1 0.2 0.3 0.1 0.3 0.1 0.2
(£0.0) (£0.0) (£0.0) (£0.0) (£0.0) (£0.0) (£0.0) (£0.0)
0.1 0.1 0.1 0.2 0.0 0.0 0.0 0.0
Mo (x0.0) (£0.0) (£0.0) (£0.0) (£0.0) (x0.0) (£0.0) (£0.0)
cl 1420.0 1330.0 2215.0 2305.0 1685.0 1505.0 1330.0 1330.0
(£32.9) (£42.6) (£ 64.5) (= 84.8) (£90.3) (£66.2) (=38.1) (+£20.1)

continue
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Minerals® September™ October™ November™ December™
Hillside Lowland  Hillside Lowland  Hillside Lowland  Hillside Lowland
445.0 380.0 345.0 310.0 390.0 310.0 415.0 320.0
(£22.1) (£23.9) (£15.4) (£21.6) (£22.7) (£18.0) (£18.1) (£17.8)
K 2875.0 3230.0 2710.0 2470.0 2540.0 2410.0 2675.0 2495.0
(= 82.1) (£27.9) (£23.3) (= 68.9) (£27.4) (£57.8) (£32.2) x17.2)
Ca 120.0 119.0 104.0 73.0 103.0 107.0 103.0 59.0
(1.5 (£4.6) (£4.8) (£2.9) (£4.2) (£3.4) (£4.1) 1.7
Mg 528.0 583.0 410.0 445.0 460.0 490.0 465.0 587.0
(£9.2) (*15.7) (*11.1) (+£19.2) (*11.4) (+11.9) (*=7.4) (+14.7)
1295.0 1440.0 1170.0 1315.0 1190.0 1145.0 1190.0 1125.0
(£29.9) (£41.9) (£22.2) (£42.0) (x31.1) (+19.2) (£25.2) (£6.2)
1.7 1.2 1.4 1.0 1.5 1.2 1.9 0.8
Fe (£0.0) (£ 0.0) (£0.0) (£0.0) (x0.0) (£0.0) (x0.0) (£0.0)
Mn 0.5 0.4 0.4 0.3 0.3 0.2 0.6 0.2
(£0.0) (£0.0) (£0.0) (£0.0) (£0.0) (£0.0) (£0.0) (£0.0)
0.1 0.3 0.1 0.1 0.1 0.1 0.1 0.1
cu (£0.0) (£ 0.0) (£0.0) (£0.0) (x0.0) (£0.0) (+0.0) (£0.0)
7n 12.0 11.0 8.0 3.0 13.0 12.0 10.0 8.0
(=0.1) (+0.2) (x0.1) (=0.1) (*0.1) (=0.1) (*0.1) (x0.1)
6.0 7.0 4.0 6.0 6.0 7.0 8.0 9.0
(£0.5) (£0.7) (£0.5) (£0.9) (x0.4) (£0.4) (£0.8) (£0.3)
1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0
Na (£0.3) (£0.3) (=04 (£0.4) (£04) (=0.3) £0.7) (£0.5)
Co 0.3 0.3 0.3 0.1 0.2 0.3 0.3 0.1
(£0.0) (£0.0) (£0.0) (£0.0) (£0.0) (£0.0) (£0.0) (£0.0)
0.1 0.2 0.1 0.1 0.2 0.1 0.1 0.0
Mo (£0.0) (£ 0.0) (£0.0) (£0.0) (x0.0) (£0.0) (£ 0.0) (£0.0)
cl 1860.0 2480.0 1950.0 1775.0 2215.0 1330.0 2125.0 975.0
(£95.5) (£94.3) (£61.2) (£49.1) (£33.2) (£42.3) (£61.2) (+86.3)
“ppm. *2016.

There was a clustering trend of K, Mg, S and Cl
regarding the months of cropping (Figure 3A). The
K, Mg and S content of peach palm hearts (on the
chart, data 2, 4 and 5), from plants grown on lowland
terrain were influenced by agro-meteorological
factors in the first half of the year, in months of
January (15), March (19), April (21), May (23),
July (27); and August (29). Plants grown on hillside
terrain were influenced in months of March (20),

May (24), July (28), August (30), November (36),
December (38). The CI content (14), grown both
in lowland and hillside terrain, were influenced in
February (17) and the second half of the year by
agro-meteorological factors in the months of, June
(25), September (31), October (33), November (35),
December (37). Plants grown on hillside terrain
were influenced in months of January (16), February
(18), April (22), June (26), September (32), October
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(34). There was no grouping formation of P, Ca, Fe, might have been influenced by other factors not
Mn, Cu, Zn, B, Na, Co and Mo contents of peach  described in this study.
palm heart in PC1, PC2 and PC3, so these minerals

Figure 2. Distribution of eigenvalues (scree plot); evolution of the variance captured value as a function of the
principal component number; evolution of the RMSECYV value and the captured variance as a function of the principal
components in the basal of peach palm heart (A, B and C) and agro-meteorological data (D, E and F), respectively.
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Principal component analysis of the agro-

meteorological data

The entire agro-meteorological dataset was
used for the PCA (Table 2). In order to eliminate
problems with sample heterogeneity, due to high
amplitude between the sampling data, an auto-scaled
pre-processing (leave-one-out) was employed. The
first Principal Component (PC1) explained 55.68%
of the variation of the agro-meteorological data,

while the PC2 and PC3 explained 21.98% and
16.21%, respectively, of the variation of the agro-
meteorological data (93.78%), as shown in Figures
2D and 2E. Despite of the highest error value was
obtained with 3 PCs (Figure 2F) and PC1 explained
almost all of the variation found in the agro-
meteorological data; PC2 and PC3 were also used
because they present significant details.

Table 2. Agro-meteorological data for the peach palm harvest area.

Month* Precipitation Atmospheric pressure Solar radiation Temperature
(mm) (hPa) (W m?) §®)
January 273.8 £4.04 1010.64 + 3.50 1111.0£1.71 26.66 = 1.71
February 558.2+3.11 1010.93 £2.70 1068.0 = 1.69 25.63 +1.69
March 162.0 £ 8.93 1013.08 +4.40 1070.0 =2.83 24.99 +£2.83
April 129.6 +8.23 1012.63 +3.73 910.0£2.10 25.59+£2.10
May 96.4+12.44 1017.00 £ 4.18 758.0 £2.23 19.21 £2.23
June 19.6 +14.37 1021.89 +2.91 715.0£2.73 14.08 £2.73
July 81.8+15.88 1017.91 +2.63 698.0 + 1.65 16.57 £ 1.65
August 132.0 £25.87 1016.80 +2.62 888.0 + 1.66 17.60 £ 1.66
September 102.4 £ 11.00 1016.88 +3.94 943.0+1.36 19.37 £1.36
October 191.2 £10.16 1014.40 + 3.60 1008.0 +3.84 20.55 +3.84
November 90.8 £4.38 1012.63 +3.92 1085.0 0.9 21.85+0.9
December 99.0 +£2.62 1010.30 +3.76 1206.0 = 0.88 2433 +0.88
2016.

The months of January (1), March (3) and April
(4) had significant average temperature (16), as
shown in Figure 3B. The month of February (2) had
significant atmospheric pressure (13). The months
of May (5), June (6), July (7) and August (8) had
significant atmospheric pressure (14). The months
of October (10), November (11) and December
(12) had significant average solar radiation (15).
The months of January (1), March (3), and April
(4) September (9) had significant had significant
average temperature (16). There was no grouping
formation of relative humidity (17) and wind
speed (18) in PC1, PC2 and PC3, so these agro-
meteorological data might have been influenced by
other factors not described in this study.

Therefore, the data described in this work shows
that K, Mg, Cl and S content in the basal portion
of peach palm hearts were mainly influenced
by temperature, rain precipitation, atmospheric
pressure and average solar radiation.

Calibration and validation of Partial Least Squares
(PLS)-based predictive models

Partial least squares regression was used to
build multivariate calibration models. They were
developed to predict minerals content values for the
peach palm heart from agro-meteorological factors.
Several models were developed using different
types of pre-processing techniques and different
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number of latent variables (LVs). Normally, the
first decision that must be made in the multivariate
modelling process is represented by the selection
of the number of LVs. In this study, the adopted
criterion corresponded to the minimization of
forecast error in the validation process (leave-one-
out system) (STETS et al., 2015). The number of
latent variables in which there is no appreciable
variation in the RMSEC value is used to determine
the number of latent variables to be used in the
model (SOUZA et al., 2013).

For K, Mg, S and Cl content, the best predictive
capacity was achieved using a model developed with
2 LVs and auto-scaled pre-processing. The use of 2
LV implied significant reduction of this prediction
error, whereas the introduction of new variables
increased a little bit this parameter. The second latent
variable (LV2) explained 95.46%, 95.57%, 93.18%
and 88.30% of the variation of the K, Mg, S and
ClI content, respectively. The use of a high number
of LVs may represent an overfitting of the model,
which, in general, undermines the predictability of
new samples (MALUF et al., 2010). In this study,
the smallest prediction errors were provided by the
processing of data auto-scaled (leave one out pre-
processing). This model provided a good agreement
between real and predicted values. The relative
prediction errors were 0.62%, 4.94%, 4.53% and
8.32% for K, Mg, S and Cl content, respectively
(Equations 1, 2, 3 and 4, respectively).

K'=-0.446318,+ 0.05888f, - 0.22928p, - 0.0189460,

(Equation 1)

Mg =-0.891978,- 0.016136p, - 0.16484, - 0.45642f,
(Equation 2)

=-0.48648p, - 0.27205p, - 0.50395B, + 0.1113f,
(Equation 3)

Cl1=0.670778,+ 0.83731B, + 0.584068, - 0.46258p,
(Equation 4)

where B, B,, B, € B, represent the equation
coefficients: rain precipitation (mm), atmospheric
pressure (hPa), solar radiation (W m?) air

temperature (°C).

An important aspect for the optimization of
calibration models is to examine the presence of
anomalous samples (outliers). Outliers are high-
value samples of leverage and studentized residuals,
which assign significant detrimental effects to the
model, and should be removed from the collected
data (PEDRO; FERREIRA, 2005). In the process
of PLS, this verification is performed through the
evaluation of leverage, a parameter associated with
the influence of each sample in the modelling, as
well as studentized residuals (MAZUR et al., 2014).
A threshold value of the leverage of 0.75 for K,
Mg, S and Cl content (Figures 4A, 4B, 4C and 4D,
respectively), was determined by 3 LV n' (where
“LV” is the number of latent variables used in
modelling and “n” is the total number of samples),
while the threshold value for the studentized
residuals was + 2.5 (95% confidence level). Sample
2 (Figures 4A and 4B), present a residue above the
critical value, but it was not considered an atypical
sample because it had an influence close to the more
rigorous critical value (FERREIRA, 2015). Based
on this assessment, it was possible to show the
absence of anomalies in the calibration set.
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Figure 4. Leverage vs. studentized residues chart of content of K (A), Mg (B), S (C) and Cl (D) in the basal peach

palm heart.
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Discussion differences of up to 8.32%, probably due to the

Interactions between peach palm crops and
climate were taken into account as confirmed by
a multivariate analysis. Furthermore, the model
allowed a systematic comparison of cropping
minerals content with agro-meteorological factors.
Accordingly, results of the present study are
especially relevant, in which, the sensitivity of crop
mineral to rain precipitation and air temperature
variation constitutes the main variable for the
change in minerals content. The results indicate a
mean error on the order of 4.60% relative to the
atomic absorption spectrophotometry method used
as the reference (1.0 - 5.0%). It is noteworthy that,
even with an average deviation on the order of
0.40%, the multivariate predictive model provided

already mentioned heterogeneity of the samples.
Thus, obtaining maximum prediction errors of this
magnitude is consistent with the results obtained by
atomic absorption spectrophotometry. According
to Ferreira (2015), the calibration models are
satisfactory when the mean relative errors in the
concentrations measured by the reference methods
are in the range of + 5%, reliable up to = 10%.

According to the data and information showed
in the present article, the most influence factors in K
content prediction model were the rain precipitation
and the solar radiation (-0.45 and -0.23 times,
respectively), followed by the atmospheric pressure
and air temperature, respectively, as show in Figure
5A. A lack of K results in the accumulation of non-
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fully metabolised nitrogen compounds, also essential
for oxidative phosphorylation and photosynthetic.
For Mg content, the principal influences in
prediction model were the air temperature (-0.89
times), atmospheric (0.46 times),
respectively (Figure 5B). Above a particular

temperature, the input of nutrients cannot maintain

pressure

the same concentration with the exit of nutrients,
so the average absorption of nutrients begins to
fall (EPSTEIN; BLOOM, 2006). Mg is considered
mobile and concentrated in the soft part of the plant
(basal portion of peach palm heart), where new cells
are produced for growth. This explains the higher
concentrations in the period of lower precipitation,
that is, in this period the plant growth is lower, when
compared to the period of higher precipitation,

where the number of leaves tends to increase. There
were significant differences among precipitation
periods for Ca and Mg content, with the latter
inversely proportional (3:1) to what is usually found
in peach palm leaves and soil (2:1). The S content
was influenced by the solar radiation (-0.50 times)
and rain precipitation (-0.49 times), respectively
(Figure 5C). The main agro-meteorological factor
that influenced the Cl content was solar radiation
and the rain precipitation (0.84 and 0.67 times,
respectively) (Figure 5D). K and CI content were
highest (3425 ppm and 2485 ppm, respectively) in
all collecting periods. In general, it was found that
the period of lower precipitation showed the best
results in terms of mineral concentration in the basal
portion of peach palm hearts.

Figure 5. Loadings chart of the multivariate predictive model of content of K (A), Mg (B), S (C) and ClI (D) in the

basal peach palm heart.
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Multivariate analysis used in this work allowed
the creation of a highly precise predictive model
for the K, Mg, S and CI minerals contents in the
basal portion of palm hearts from local agro-
meteorological data. This model can help on the
identification of new geographical regions suitable
for the establishment of new peach palm crops aimed
at the production of palm hearts. Besides, it helps to
understand the effect of the climate in the mineral
composition of the plant. The proposed approach can
be also used for climate change studies, providing a
robust framework to assess the impact of climate
change on crops. Therefore, it is highly likely
that future increases in rain precipitation and air
temperature due to the enhanced greenhouse effect
would have negative impacts on future peach palms
crops in the Latin America. This is in agreement
with the findings of many studies in which negative
impacts of future warming on the yields of several
major food crops have been shown at the global
scales (LOBELL; GOURDII, 2012; TEIXEIRA et
al., 2013). As most of the published studies have
focused on major food crops of global importance,
to our knowledge, the present work constitutes the
first published report on the sensitivity of peach palm
minerals content to seasonal warming across a rain
precipitation and air temperature. The mathematical
model can predict in the future or verify in the past
whether the nutritional status of the plant will be
/ was deficient or satisfactory in a given element
as a function of the climate. This is the first time
in which multivariate analysis is used to generate
models to predict minerals concentration in palm
hearts, quantifying the intensity of the climate in the
concentration of minerals.

Conclusion

The use of principal component analysis (PCA)
allowed the discrimination of peach palm samples
according to the agro-meteorological factors. The
use of partial least squares (PLS) regression allowed
the development, by the first time, of a mathematical

model to predict peach palm heart minerals content
(K, Mg, S and Cl) and quantifies numerically the
intensity of the climate in the concentration of
minerals, with a mean relative error of 4.60%.
According to the data and information reviewed in
the present article, the factors that most influence
the minerals content were the rain precipitation
and solar radiation. Since the traditional mineral
analysis of peach palm hearts typically presents
low repeatability and generate large amounts of
waste, the use of an alternative method for minerals
content prediction, which does not involve sample
preparation, presents a series of advantages,
including cost and processing time reduction and
elimination of chemical waste.
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