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1 | INTRODUCTION

Loquat [Eriobotrya japonica (Thunb.) Lindl.] is part of the Rosaceae
family and is an evergreen fruit tree, originated in China (Blasco
et al., 2014), and is commercially produced worldwide (Gisbert
et al., 2009; Lin et al., 1999), including Turkey, Spain, Japan, Brazil,
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Pakistan, India, Israel, and Italy. China is now the largest producer
of loquat, with an area of about 170,000 ha and an annual output
of about 1 million tons. The fruit is the main economic organ for lo-
quat cultivation, production, and consumption. Its effects of clearing
the pharynx, moisturizing the lungs, relieving cough, and reducing
phlegm are particularly significant, hence deeply loved by people for
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its dual-purpose as medicine and food (Liu et al., 2016). In recent
years, loquat cultivation has become more commercial, mainly be-
cause of the price advantage of loquat (Liu et al., 2016). During the
hot summer, fresh fruit is scarce in the market, so that loquat may be
recognized as the most promising fruit (Chalak et al., 2014).

Fruit quality (flavor, nutrition, taste, etc.) directly affects grading,
the commodity value of fruit, fruit size represents one of the most
important quality factors in loquat (Agusti et al., 2003). The solu-
ble solids content and titratable acid content are the main factors
affecting fruit quality, and the balance between them is important
to the taste and quality of fruit (Li et al., 2016). Adequate mineral
nutrition is an important factor for normal growth and development
of fruit trees, that ensures high-quality fruit with maximum vyield
(Amiri et al., 2008; Kader, 2008). The leaf is a fundamental source
for supplementation of nutrition and mineral elements for fruit,
and tree growth therefore directly affect fruit formation and qual-
ity (Iglesias et al., 2007; Morgan et al., 2005). The mineral element
content in leaves is directly affected by the mineral element con-
tent in the soil. Therefore, to study the correlation between mineral
element contents in leaves and soil, and its effect on fruit quality,
this study greatly improves yield, fertilizer efficiency, and balanced
fertilization.

ANN is an operational model similar to the neural network of
the human brain for information processing (Saffari et al., 2009). It
is mainly composed of three parts: the input layer, hidden layer, and
output layer (Tracey et al., 2010). Many neurons are connected be-
tween different layers. The structure and function of each neuron
are not complicated, and the strength of the connection between
each neuron has a certain plasticity (Besalatpour et al., 2013). It has
strong a self-learning ability. It can process existing data internally
through different functions, adjust weights for different environ-
ments, optimize network systems behavior, analyze hidden rela-

tionships between data, and thus reveal unknown data, which is of
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special significance for prediction. Its powerful computing power
allows it to process more data, save more time, and solve many very
complex nonlinear problems. The origin and variety of loquat can
be analyzed qualitatively by combining near infrared and artificial
neural network model (Fu et al., 2007), and the extraction rate of
ursolic acid from loquat leaves was optimized based on neural net-
work model (Sun et al., 2010). Meanwhile, many previous studies
(Gholipoor & Nadali, 2019; Niedbata, 2019; Torkashvand et al., 2017,
2019) indicated that the artificial neural network model is a very ef-
fective and reliable forecasting tool, which has been widely used in
agriculture and has a very high prediction accuracy.

The present research was aimed to detect the reliability of ANN
models to predict the single fruit weight, soluble solids content, and
titratable acid content of loquat and to explore the effects of mineral
elements in soil and leaves on the key fruit quality of loquat, so as
to provide theoretical basis for nutritional diagnosis and scientific

fertilization of loquat in practical production.

2 | MATERIALS AND METHODS
2.1 | Experimental site and samples collection

The experimental study was performed in loquat orchards, in
Wuzhong district, Suzhou, Jiangsu Province of China, which is lo-
cated at 31°02’-31°06'N, 120°20'-120°25’E (Figure 1). We selected
150 plots of “Baiyu” loquat cultivar at the same growth stage regard-
ing age and growing conditions.

In each plot, 20-40 fresh fruits were randomly collected from
8 trees with the same maturity time and size. At the same time,
two leaves were taken from all four directions, east, south, west,
and north of the tree, and a total of 40-60 leaves were collected.

At the same locations of loquat plants, soil samples with a depth of

(b)
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0-30 cm were collected at each location from four directions and
mixed into one sample.

2.2 | Sample treatment

The leaf samples were washed with 0.1% detergent solution for
305, rinsed with tap water, followed by ddH,O three times, and sus-
pended to dry place in the nylon net bag. Samples were oven-dried at
105°C for 30 min and then dried at 75°C for constant weight and lap-
ping, and these were then screened by a 100-mesh sieve and stored
in plastic bottles for determination of mineral elements in leaf and
fruit (Xu et al., 2012). The soil samples are left to dry naturally in a
ventilated area until it obtained a constant weight and then screened

by a 100-mesh sieve used to determine mineral element contents.

2.3 | Sample digestion

0.200 g leaf sample and 5 ml of HNO, were added to glassware for
digestion, and 0.200 g soil sample, 1.5 ml HNO,, and 4.5 ml HCI
were added to glassware for digestion, respectively. After digestion
and cooling, dilute the liquid mixture to 100 ml with ultrapure water

for mineral elements determination of P, K, Ca, Mg, Fe, Mn, Cu, and

Zn in leaf and soil samples (Huang et al., 2018). 0.100 g leaf sample,
5 ml of H2504, and a few drops of H,0, were added to glassware for
digestion, and 0.100 g soil sample, 5 ml of H,SO, and 1.000 g mixed
catalyst [m (K,SO,):m (CuSO,) =10:1] were added to glassware for
digestion, respectively. After digestion and cooling, dilute the liquid
mixture to 100 ml with ultrapure water for mineral element determi-

nation of N in leaf and soil samples (Ying-Li et al., 2006).

2.4 | Mineral element and fruit quality
determination

The mineral elements of P, K, Ca, Mg, Fe, Mn, Cu, and Zn in soil and
leaf samples were determined by inductively coupled plasma-optical
emission spectroscopy (ICP-OES) (American Agilent Corporation)
(L. Li et al., 2018). The N element in leaf and soil samples was de-
termined by the flow analyzer (Shenzhen Yicheng Science and
Technology Co., Ltd) (Ying-Li et al., 2006).

The single fruit weight was determined by electronic analytical
balance (Mettler Toledo instrument Co., Ltd., precision 0.0001 g),
the content of soluble solids was determined by pal-1 portable digital
display sugar meter (Atago Ajon Company of Japan), and titratable
acid content was determined by indicator titration (Jiangkang, 2007).

Some statistical properties of the data are presented in Table 1.

TABLE 1 Some statistical properties

Trait Maximum Minimum Mean sb eV of the data, including the input layer and
Single fruit 31.2100 18.5700 24.6452 3.1914 12.9494 output layer used in the ANNs
weight (g)
Soluble solids 20.1000 12.3000 15.1627 1.3715 9.045244
content (%)
Titratable acid 0.7120 0.2080 0.4483 0.1034 23.0748
content (%)
Soil N (g-kg™) 7.1700 0.6100 2.5741 1.8720 72.72389
Soil P (g-kg™) 3.0803 0.3334 1.1084 0.6625 59.76846
Soil K (g-kg™) 23.1595 4.1058 10.3812 4.9364 47.5509
Soil Ca (g-kg™) 22.2037 3.7529 10.0428 5.1810 51.58977
Soil Mg (g-kg™) 12.7211 2.3744 5.8019 2.8484 49.09367
Soil Fe (g-kg™) 49.9034 16.9799 33.6556 7.3044 21.70331
Soil Mn (g-kg™) 1.5010 0.3708 0.8070 0.2509 31.09412
Soil Cu (g-kg™) 0.0694 0.0142 0.0304 0.0103 33.81996
Soil Zn (g-kg™) 1.1937 0.1049 0.1917 0.1044 54.487
Leaf N (g-kg™) 17.2400 7.8300 14.0716 1.7790 12.64234
Leaf P (g-kg™) 3.2131 0.8148 1.6612 0.5544 33.37308
Leaf K (g'kg™) 36.8767 9.7976 19.3139 5.7401 29.71992
Leaf Ca (g-kg™) 74.4595 24.5326 41.8639 12.3335 29.46103
Leaf Mg (g-kg™) 6.2688 2.1350 3.9014 1.0362 26.55998
Leaf Fe (g-kg™) 1.0432 0.2074 0.4650 0.2040 43.87689
Leaf Mn (g'kg™) 1.2922 0.0550 0.3284 0.2879 87.66854
Leaf Cu (g-kg™) 0.0204 0.0044 0.0099 0.0039 39.1109
Leaf Zn (g-kg™) 0.2715 0.0336 0.1045 0.0542 51.89067
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2.5 | Statistical analysis

We used SPSS 22 (Cary, NC., USA) to calculate the simple correla-
tion coefficient between single fruit weight, soluble solids content,
titratable acid content, and mineral elements in leaves and soils. We
used mineral element values in leaves and soils as input layer (inde-
pendent variables), single fruit weight, soluble solid content, and ti-
tratable acid content of loquat as output layer (dependent variables)
(Figure 2). To make more effective use of the neural network, we
normalize the two-layer data. In this study, we used 70% of the data
randomly to train the ANN model, 15% of the data were used to
verify the ANN model, and the remaining 15% of the data were used
to test the ANN model. The following equation was used to normal-
ize the data (Shabani et al., 2017):

In the equation, T is the original data, T, is the normalized output
T-T,

_ min
=5 "7 W

max min

or input values, and T_, and T, are the minimum and maximum
values of the related variable. We used MATLAB software (2015
version) to apply and test various training functions, as shown in
Tables 3-5. The equations for the transfer function are shown below.

eTangent-sigmoid function:

2
Fa=tven ! @)

el og-sigmoid function:

1

“Tie ©)

Fa

We tested different training functions, transfer functions, and

hidden layers to find the final model and evaluated the performance

of the ANN models by determining the coefficient (R?), root mean

square error (RMSE), relative standard error (RSE), mean absolute

error (MAE), and mean absolute percentage error (MAPE). The equa-
tions were as follow.

1N i e
MAE = Z ", IMi - Pi| ()
1N (M pi
RMSE = /= 377, (Mi—Pi)2 (5)
Iy (Mi-Pi)
Rsg - Vo 2 MZFD (©)
M

~ >, (Mi- M) (Pi-P)
VL (Mi-M)2 37 (Pi-P)2

R2

_100% Mi — Pi
MAPE = = Z;’=1| | (8)
In the equations, n is number of data, and the bar is the mean
of a variable, and M, and P, represent the measured value and the

predicted value, respectively.
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FIGURE 2 Structure of multilayer perceptron artificial neural networks (ANNSs) to predict single fruit weight, soluble solids content, and

titratable acid content of loquat
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Input layer
Soil N, Soil P, Soil K, Soil Ca, Soil Mg, Soil Fe, Soil Mn, Leaf K, Leaf Ca,
Leaf Fe, Leaf Mn, Leaf Zn

Soil N, Soil P, Soil Mg, Soil Fe, Soil Mn, Soil Zn, Leaf N, Leaf Fe,
Leaf Cu, Leaf Zn

Soil P, Leaf N, Leaf P, Leaf K, Leaf Ca, Leaf Mg, Leaf Fe, Leaf Mn,
Leaf Cu

Output layer

Single fruit weight

TABLE 2 The variables selection of
input layer and output layer in ANNs
model

Soluble solids content

Titratable acid content

TABLE 3 Some statistical properties of the results of artificial neural networks (ANNs) with different training and transfer functions for

the prediction of loquat single fruit weight

Training Function® Transfer Function Best model
BFG Log-sigmoid 12-12-1
Tangent-sigmoid 12—-10-1
CGB Log-sigmoid iI2=A7=il
Tangent-sigmoid 12—12—1
CGP Log-sigmoid 12-13-1
Tangent-sigmoid 12—-11-1
LM Log-sigmoid I2=47=il
Tangent-sigmoid 12—-11-1

Abbreviation: LM, Levenberg-Marquardt back-propagation.

R2

.80
76
.81
.82
.79
.80
91
.86

RMSE MSE MAE MAPE

0.1830 0.03347 0.1503 0.5409
0.1927 0.03712 0.1588 0.5328
0.1923 0.03699 0.1553 0.4773
0.1684 0.02835 0.1355 0.4386
0.1783 0.03177 0.1472 0.5722
0.1764 0.03111 0.1424 0.5014
0.1229 0.01511 0.08956 0.2552
0.1537 0.02363 0.1214 0.3566

?BFG: BFGS Quasi-Newton back-propagation; CGB: Conjugate Gradient with Powell/Beale Restarts back-propagation; CGP: Polak-Ribiére Conjugate

Gradient back-propagation.

TABLE 4 Some statistical properties of the results of artificial neural networks (ANNs) with different training and transfer functions for

the prediction of loquat soluble solids content

Training Function® Transfer Function Best model
BFG Log-sigmoid 10—-8-1
Tangent-sigmoid 10-6—-1
CGB Log-sigmoid 10—-10-1
Tangent-sigmoid 10-10—-1
CGP Log-sigmoid 10—-10-1
Tangent-sigmoid 10-10-1
LM Log-sigmoid 10—-11-1
Tangent-sigmoid 10—9—-1

Abbreviation: LM, Levenberg-Marquardt back-propagation.

R2

71
.67
74
.72
.73
71
91
.87

RMSE MSE MAE MAPE
0.1575 0.02480 0.1220 0.4347
0.1635 0.02673 0.1309 0.4940
0.1503 0.02260 0.1158 0.4218
0.1482 0.02197 0.1163 0.4116
0.1583 0.02507 0.1255 0.4468
0.1570 0.02465 0.1286 0.4780
0.08116 0.006587 0.05856 0.2108
0.1009 0.01019 0.07630 0.2643

?BFG: BFGS Quasi-Newton back-propagation; CGB: Conjugate Gradient with Powell/Beale Restarts back-propagation; CGP: Polak-Ribiére Conjugate

Gradient back-propagation.

3 | RESULTS
3.1 | Simple correlation analysis and input variables
selection

The simple correlation analysis results between single fruit weight,
soluble solid content, titratable acid content, and mineral ele-
ments in leaves and soils are shown in Figure 3. The content of
Ca, Mg, Fe, and Mn in soils and the content of Ca in leaves have
extremently significantly positive correlations with a single fruit

weight of loquat. In contrast, the content N and P in soils and K,

Mn, and Zn in leaves showed extremently significantly negative
correlations with the single fruit weight of loquat. The content of K
in soils and the single fruit weight of loquat show significant posi-
tive correlations, and the content of Fe in leaves show significant
negative correlations with the single fruit weigh of loquat. There
is a significant positive correlation between the content of N and
P in soils and the soluble solids content in loquat, and a significant
negative correlation between the content of Mg and Fe in soils
and the soluble solids in loquat, but the content of mineral ele-
ments in leaves is not significantly correlated with the soluble sol-

ids content of loquat. The contents of P, Ca, and Mg in leaves are
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TABLE 5 Some statistical properties of the results of artificial neural networks (ANNs) with different training and transfer functions for

the prediction of loquat titratable acid content

Training Function® Transfer Function Best model

BFG Log-sigmoid 9-10-1
Tangent-sigmoid 9—-8-1

CGB Log-sigmoid 9-10-—-1
Tangent-sigmoid 9-10—1

CGP Log-sigmoid 9—-10-1
Tangent-sigmoid 9—-9—-1

LM Log-sigmoid 9-10—-1
Tangent-sigmoid 9-11-1

Abbreviation: LM, Levenberg-Marquardt back-propagation.

R?

74
.74
.81
76
.69
.78
.95
.89

RMSE MSE MAE MAPE
0.1637 0.02681 0.1345 0.4983
0.1606 0.02578 0.1266 0.4691
0.1364 0.01862 0.1021 0.4027
0.1518 0.02306 0.1142 0.4337
0.1585 0.02511 0.1234 0.4719
0.1498 0.02244 0.1131 0.3795
0.07365 0.005424 0.05367 0.1476
0.1069 0.01143 0.07275 0.2425

?BFG: BFGS Quasi-Newton back-propagation; CGB: Conjugate Gradient with Powell/Beale Restarts back-propagation; CGP: Polak-Ribiére Conjugate

Gradient back-propagation.

significantly positively correlated with the titratable acid content
of loquat, and the content of Fe and Mn in leaves is significantly
positively correlated with the titratable acid content of loquat, but
there is no significant correlation between the mineral elements in
soil and the titratable acid content of loquat. Input variable selec-
tion is a critical part of ANN. In this study, we select input vari-
ables (Table 2) according to their simple correlations with single
fruit weight, soluble solids content, and titratable acid content of
loquat, respectively.

3.2 | Single fruit weight prediction using
ANNs model

In order to obtain a useful model to predict single fruit weight of lo-
quat through input variables (soil N, soil P, soil K, soil Ca, soil Mg, soil

Fe, soil Mn, leaf K, leaf Ca, leaf Fe, leaf Mn, leaf Zn), we simulated the

ANN models with four training functions and two transfer functions.
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Meanwhile, five statistical quality parameters, including determina-
tion coefficient (R?), mean absolute error (MAE), root mean square
error (RMSE), relative standard error (RSE), and mean absolute per-
centage error (MAPE), are used to evaluate the performance of the
models.

The results of RMSE, MAE, RSE, MAPE, and R? for each ANN
model are shown in Table 3. When BFG and LM training functions are
used, ANNs with the transfer function of Log-sigmoid have higher
accuracy in predicting single fruit weight of loquat with R? (.80 and
.91) than ANNs with the transfer function of Tangent-sigmoid. While
CGB and CGP training functions are used, ANNs with the transfer
function of Tangent-sigmoid have higher accuracy in predicting sin-
gle fruit weight of loquat with R? (.82 and .80) than ANNs with the
transfer function of Log-sigmoid (Table 3). Among all ANN models,
the ANN model with LM training function and the transfer function
of Log-sigmoid has the best performance, because this ANN model
has the lowest MAE (0.08957), MSE (0.01510), MAPE (0.2552), and
RMSE (0.1229) and the highest R? value (.91), and the neural network

0.50
0.40
0.30

0.10

-0.00
-0.10
-0.20
-0.30
-0.40
-0.50

@“0"4}‘
Q"b\\g' \3’
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FIGURE 3 The Pearson correlation coefficient of input variables with single fruit weight, soluble solids content, and titratable acid

content of loquat in ANNs model
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structure is 12-12-1 (Table 3). Meanwhile, to better evaluate the
stability of this ANN model, we compare the predicted and mea-
sured values of single fruit weight in the training and testing stages
(Figure 4). The results show that the distribution pattern of the pre-
dicted single fruit weight values is very close to the measured single
fruit weight values in scatter plots (Figure 4a,b), and all predicted and
measured single fruit weight values have a similar trend (Figure 4c).
The results indicate this ANN model is reliable and effective in pre-
dicting the single fruit weight of loquat.

3.3 | Soluble solids content prediction using
ANNSs model

Similarly, we use the mineral nutrient elements (Soil N, Soil P, Soil
Mg, Soil Fe, Soil Mn, Soil Zn, Leaf N, Leaf Fe, Leaf Cu, Leaf Zn) as
input variables to predict soluble solids content of loquat by ANN
models. The results show that ANNs with the transfer function
of Log-sigmoid have higher accuracy in predicting soluble solids
content of loquat with R? (.71, .74, .73 and .91, respectively) than
ANNs with the transfer function of Tangent-sigmoid when all
training functions are used (Table 4). Among all ANN models, the
ANN model with LM training function and the transfer function of
Log-sigmoid has the best performance, because this ANN model
has the lowest MAE (0.05856), MSE (0.006587), MAPE (0.2643),
and RMSE (0.0.08116) and the highest R? value (.91), and the neu-
ral network structure is 10-11-1 (Table 4). Meanwhile, to better
evaluate the stability of this ANN model, we compare the pre-

dicted and measured values of single fruit weight in the training

and testing stages (Figure 5). The results show that the distribu-
tion pattern of the predicted soluble solids content values is very
close to the measured soluble solids content values in scatter plots
(Figure 5a,b), and all predicted and measured soluble solids con-
tent values have a similar trend (Figure 5c). The results indicate
this ANN model is reliable and effective in predicting soluble sol-
ids content of loquat.

3.4 | Titratable acid content prediction using
ANNSs model

Similarly, we use the mineral nutrient elements (Soil P, Leaf N, Leaf
P, Leaf K, Leaf Ca, Leaf Mg, Leaf Fe, Leaf Mn, Leaf Cu) as input vari-
ables to predict titratable acid content of loquat by ANN models.
The results show ANNs with the transfer function of Log-sigmoid
have higher accuracy in predicting titratable acid content with
R? (.81243 and .94851) than ANNs with the transfer function of
Tangent-sigmoid when CGB and LM training functions are used.
While BFG and CGP training functions are used, ANNs with the
transfer function of Tangent-sigmoid have higher accuracy in pre-
dicting titratable acid content with R? (.74 and 0.78) than ANNs
with the transfer function of Log-sigmoid (Table 5). Among all ANN
models, the ANN model with LM training function and the trans-
fer function of Log-sigmoid has the best performance, because this
ANN model has the lowest MAE (0.05367), MSE (0.005424), MAPE
(0.1476), and RMSE (0.0.07365) and the highest R? value (.95), and
the neural network structure is 9-10-1 (Table 5). Meanwhile, to

better evaluate the stability of this ANN model, we compare the



HUANG ET AL.

. . 1787
Food S & Nutrit
00d Science utrition R Wl LEY

FIGURE 5 Measured and predicted 7 y=1033x - 00112 ° (b) - = _ R
. . R2=0.90537 y=0.597x +0.1131
soluble solids content of loquat in ANN < R2=0.8604
model. (a) Scatter plot of the measured € RMSE=0.0501
d predicted soluble solid i ] s 508 1 > fidhe
and predicted soluble solids content in il 5 MAE=0.0633
training stage of ANN. (b) Scatter plot of 2 B - 2 s
the measured and predicted soluble solids Z 06 1 s o ° = 06 - .
. . . = L) =
content in testing stage of ANN. (c) Line K : ® 2
plot of measured and predicted soluble = | o $3h .-f -
solids content in testing stage of ANN ‘;- As ;_ '
KX .el o =
{1 e © 02
°® =
" g
'y g z
0 T T T T Y 0 T T T T Y
0 02 04 0.6 0.8 1 0 02 04 0.6 08 1
Nomalized measured soluble solids content Normalized measured soluble solids content
—a— Measured —=—Predicted
i
A i
‘7- i ; " ) :
i Aloa it 1
\/ 1 [ i, L ; 4% A ui’ e [\ 9
W S A Y W, ] O T A
) i \ [¥ ¥ A 1 = L.
4 AV o 4 v 7 W Pt ﬂr::anj ’}u :Pf
4 [ ) e « o
N N AME = NA MR NAME S NA M NAME NG MR DO
——NNNM(“.VW’VUWV‘ACV'C(\NOCOCOCG‘C‘EE:::E(:C:S::EE:
Samples number
(a) 1 - * o (b) 17 y=06863x +0.1603
= y=10.9692x +0.0024 4 ’g R2=0.9284
= R2=0.04851 e 2 RMSE=0.0356 .
Sos A . ¥ S 08 - MSE=0.0013
T_é ¥ _5 MAE=0.1080
= © =2
S 06 e 3¢ o =06 -
g ® (1] E
3 9, 4 2] 2
304 4 * % 000 204
2 = ;3 2
-; ° ':v. ::-
2 Y 3
021 . - el i
5 ® G L4
4 ] =
0 T T T T ] 0 T T T T "
0 02 04 0.6 0.8 1 0 02 0.4 0.6 08 1
Nomnalized measured titratable acid content Nommalized measured titratable acid content
(c)
§ 5 —=—DMeasured —=— Predicted
i
FIGURE 6 Measured and predicted 08 4 o

titratable acid content of loquat in ANN
model. (a) Scatter plot of measured

and predicted titratable acid content in
training stage of ANN. (b) Scatter plot of
measured and predicted titratable acid

1 Fof
M\ .,,f"ﬂ

Normalized titratable acid content

content in testing stage of ANN. (c) Line
plot of measured and predicted titratable
acid content in testing stage of ANN

predicted and measured values of titratable acid content in the
training and testing stages (Figure 6). The results show that the dis-
tribution pattern of the predicted titratable acid content values is

very close to the measured titratable acid content values in scatter

Samples number

plots (Figure 6a,b), and all predicted and measured titratable acid
content values have an almost same trend (Figure 6c). The results
indicate this ANN model is reliable and effective in predicting ti-

tratable acid content of loquat.
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3.5 | Sensitivity analysis of the governing variables
on the key qualities of loquat

We obtain three reliable ANN models based on the above results,
predicting the single fruit weight, soluble solids content, and titrat-
able acid content of loquat according to the mineral elements in soil
and leaves. To further explore the relative contribution of mineral
elements in soils and leaves to the single fruit weight, soluble solids
content, and titratable acid content of loquat, the sensitivity analysis
is conducted. The model stability is explored by eliminating the input
variables in the ANN model one by one and the results are shown in
Figure 7.

In Figure 7a, in the ANN model that predicted the single fruit
weight of loquat, the RMSE value without leaf Fe content is the low-
est and without soil Ca content is highest. The size of RMSE means
the contribution of the content of mineral elements in leaves and
soil to the key quality indicators of loquat. The higher RMSE value is,
the more important a particular mineral content in leaves and soils
of ANN model is. The influence of the input variables in the ANN
model on single fruit weight of loquat from high to low is the soil Ca
content, leaf Zn content, soil Fe content, leaf K content, soil Mg con-
tent, leaf Ca content, soil K content, soil N content, soil Mn content,
soil P content, leaf Mn content, and leaf Fe content. In Figure 7b, in
the ANN model that predicted the soluble solids content of loquat,
the RMSE value without soil Zn content is the lowest and without
soil Mn content is highest. The influence of the input variables in the
ANN model on the soluble solids content of loquat from high to low
is the soil Mn content, soil Fe content, soil Mg content, leaf N con-
tent, soil N content, leaf Cu content, leaf Zn content, leaf Fe content,
soil P content, and soil Zn content. In Figure 7c, in the ANN model
that predicted the titratable acid content of loquat, the RMSE value
without leaf Mn content is the lowest and without leaf P content is
highest. The influence of the input variables in the ANN model on ti-
tratable acid content of loquat from high to low is the leaf P content,
leaf Ca content, leaf N content, leaf Mg content, leaf Fe content, leaf

K content, leaf Cu content, soil P content, and leaf Mn content.

4 | DISCUSSIONS

The results of this study showed that there were complex correla-
tions between the mineral element content (the variable in the input
layer) and loquat per fruit weight, soluble solids content, and titrata-
ble acid content (the variable in the output layer) (Agusti et al., 2010;
Huang et al., 2018, 2019; Yu et al., 2018), respectively. Therefore, it
is very important to establish a model to predict the key fruit qual-
ity of loquat and reveal its internal relation to improve the quality
of loquat. However, traditional mathematical methods and modeling
techniques cannot accurately quantify the complex internal rela-
tions mentioned above. At present, this difficulty can be solved by
another ANN modeling technique (Rohani et al., 2011), which can
capture the association between some data objects and find their
internal laws by self-learning some data objects. In recent years, the
ANN has been tested in predicting the accuracy of fruit quality, in-
cluding the soluble solid content in pineapple (Chia et al., 2012) and
Korla fragrant pears (Lan et al., 2020); aroma in strawberry, lemon,
cherry, and melon (Adak & Yumusak, 2016); titratable acid, soluble
solid, and vitamin C in Nanfeng mandarin fruit (Xudong et al., 2009).
The results indicate that the ANN model is a very useful and reliable
predictive tool, and the high prediction accuracy is very satisfactory.

To explore the most effective prediction model, we compare the
ANN model results of different training functions and transfer func-
tions. The results show that the ANN model with LM training func-
tion and Log-sigmoid transfer function present the highest accuracy,
because its RMSE, MAE, and RSE values are the lowest and R? values
are the highest. This is mainly related to the nature of the above
functions. The Log-sigmoid transfer function has no restrictions on
the input variables, which can be any values between positive and
negative infinity, and the output is standardized to the (0-1) range.
It is usually used in multilayer networks trained by back-propagation
algorithm, mainly because this function easy to differentiate and is
differentiable. It has excellent mathematical properties, and many
numerical optimization algorithms can be directly used to obtain the

optimal solution. LM is a network training function that can provide
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numerical solutions that minimize nonlinearity. By modifying param-
eters during execution, this algorithm can realize the advantages of
both gradient descent method and Gauss-Newton algorithm and
improve the shortcomings of both algorithms (Burney et al., 2005;
Kumalasari et al., 2018). It is usually the fastest back-propagation al-
gorithm in the network toolbox, and although it is memory-intensive
in computation, it is still the most widely used algorithm. The LM al-
gorithm has a second-order convergence speed and fewer iterations,
which can greatly improve the convergence speed and stability of
the algorithm (Haykin & Network, 2004).

The size, soluble solids content, and titratable acid content of
fruit play important roles in the external quality and edible flavor
of fruit (Melke & Fetene, 2014), and the mineral elements, espe-
cially in soil and leaves, have important influences on fruit growth,
fruit formation, and fruit quality control (Aular et al., 2017; Nestby
et al., 2005). Soil is an important factor for material and energy ex-
change in the ecosystem, soil nutrients elements are closely related
to the growth, development of fruit trees yields, and fruit quality and
leaves are the main organs that plants use for photosynthesis, pro-
duction of nutrients, and directly supply mineral nutrition for tree
growth and fruit (Velemis et al., 1999).

The present study showed that the Ca, Fe, and Mg content
in soils and the Zn, K, and Ca content in leaves have a relatively
large influence on the single fruit weight of loquat. In this regard,
Ca affects pollination and fruit formation in fruit trees (Freitas &
Mitcham, 2012). Torkashvand (Torkashvand et al., 2020) showed a
significant correlation between Ca concentration in leaves and fruit
yield. Egilla (Egilla et al., 2005) assumed that the increase of potas-
sium would lead to the increase of photosynthesis, and the yield and
dry matter content will increase accordingly, and a lack of Fe con-
tent leads to a significant reduction in the fresh weight and number
of fruit per tree (Alvarez-Fernandez et al., 2003). The soluble solid
content is mainly affected by the Mn, Fe, Mg, and N content in soils
and the leaf N content, and the titratable acid content is mainly af-
fected by the mineral nutrients in the leaves, and the P, Ca, N, Mg,
and Fe content in the leaves had the most significant impact on it.
The Mn, Mg, and Fe content play so important roles in plant chloro-
phyll synthesis and photosynthesis. Mn participates in water photol-
ysis and electron transfer in photosynthesis. In the absence of Mn,
chloroplasts can only produce a small amount of oxygen, and photo-
synthetic phosphorylation is weakened, and the synthesis of sugar
and cellulose is also reduced (Lu, 2003). Mg absorbed by plants from
the soil can activate ribulose diphosphate carboxylase and promote
CO, assimilation, which is beneficial for the synthesis, accumulation
of sugars and starch in fruits (Lu, 2003). The content of Fe is the
best activator of sucrose phosphate synthase, and Fe deficiency in
plants can reduce sucrose synthesis in the body. The P content is
an essential component of plant nucleus and various plasma mem-
branes, which can promote cell division, improve stress resistance
and adaptability of fruit trees, and increase fruit yield; however, if
the content of P in fruit is too high, the respiration is enhanced, and
the consumption of carbohydrates and energy is large, which has

adverse effects on fruit development (Huang et al., 2018).

CWILEY-

5 | CONCLUSION

In this study, we use the LM training function and Log-sigmoid
transfer functions to build three effective and reliable artificial
neural networks that can predict the key fruit quality of loquat
by the mineral content in leaves and soils. Among them, when the
structure of the single fruit weight prediction model is 12-12-1,
it reaches the highest accuracy (R? = .91); when the structure of
soluble solid content prediction model is 10-11-1, it has the high-
est accuracy (R? = .91); when the structure of titratable acid con-
tent prediction model is 9-10-1, it achieves the highest accuracy
(R? = .95). We conduct sensitivity test analysis, and the results
show that the content of Ca, Fe, and Mg in soils and K, Zn, and Ca
in leaves have arelatively large contribution to single fruit weight of
loquat, the content of Mn, Fe, and Mg in leaves and N in leaves have
a relatively large contribution to soluble solids content of loquat,
the content of P, Ca, N, and Mg in leaves have a relatively large
contribution to titratable acid content of loquat. The established
artificial neural network prediction model can improve the quality
of loquat fruit by optimizing the content of mineral elements in soils
and leaves.

CONFLICT OF INTEREST
The authors declare that they have no conflict of interest.

ETHICAL APPROVAL
This article does not contain any studies with animal or human

subject.

REFERENCES

Adak, M. F., & Yumusak, N. (2016). Classification of E-Nose Aroma Data
of Four Fruit Types by ABC-Based Neural Network. Sensors (Basel),
16(3), 304. https://doi.org/10.3390/s16030304

Agusti, M., Gariglio, N., Castillo, A., Juan, M., & Almela, V. (2003).
Improvement of loquat fruit quality. Options Mediterranéennes, 58,
81-85. https://doi.org/10.1016/j.scienta.2014.01.008

Agusti, M., Reig, C., Mesejo, C., Martinez-Fuentes, A., & Gariglio, N.
(2010). Physiology of growth and development in loquat fruit. Acta
Horticulturae, 887), 179-183.

Alvarez-Fernandez, A., Paniagua, P., Abadia, J., & Abadia, A. (2003).
Effects of Fe deficiency chlorosis on yield and fruit quality in peach
(Prunus persica L. Batsch). Journal of Agricultural and Food Chemistry,
51(19), 5738-5744. https://doi.org/10.1021/jf034402c

Amiri, M. E., Fallahi, E., & Golchin, A. (2008). Influence of Foliar and
Ground Fertilization on Yield, Fruit Quality, and Soil, Leaf, and Fruit
Mineral Nutrients in Apple. Journal of Plant Nutrition, 31(3), 515-525.
https://doi.org/10.1080/01904160801895035

Aular, J., Casares, M., & Natale, W. (2017). Factors affecting citrus fruit
quality: Emphasis on mineral nutrition. Cientifica, 45(1), 64. https://
doi.org/10.15361/1984-5529.2017v45n1p64-72

Besalatpour, A. A., Ayoubi, S., Hajabbasi, M. A., Mosaddeghi, M. R., &
Schulin, R. (2013). Estimating wet soil aggregate stability from easily
available properties in a highly mountainous watershed. Catena, 111,
72-79. https://doi.org/10.1007/s10651-010-0138-8

Blasco, M., Naval, M. D. M., Zuriaga, E., & Badenes, M. L. (2014). Genetic
variation and diversity among loquat accessions. Tree Genetics
& Genomes, 10(5), 1387-1398. https://doi.org/10.1007/s1129
5-014-0768-3


https://doi.org/10.3390/s16030304
https://doi.org/10.1016/j.scienta.2014.01.008
https://doi.org/10.1021/jf034402c
https://doi.org/10.1080/01904160801895035
https://doi.org/10.15361/1984-5529.2017v45n1p64-72
https://doi.org/10.15361/1984-5529.2017v45n1p64-72
https://doi.org/10.1007/s10651-010-0138-8
https://doi.org/10.1007/s11295-014-0768-3
https://doi.org/10.1007/s11295-014-0768-3

HUANG ET AL.

1790

Burney, S. M. A, Jilani, T. A, Ardil, C., & Muhammad, S. (2005).
Levenberg-Marquardt algorithm for Karachi Stock Exchange share
rates forecasting. International Journal of Computational Intelligence,
1(3), 144-149.

Cao, J., Jiang, W., & Zhao, Y. (2007). Study on physiology and biochemistry
of fruits and vegetables after harvest [M], (54-125). Beijing: China Light
Industry Press.

Chalak, L., Noun, A., Youssef, H., & Hamadeh, B. (2014). Diversity of lo-
quats (Eriobotrya japonica Lindl.) cultivated in Lebanon as assessed
by morphological traits. Scientia Horticulturae, 167, 135-144. https://
doi.org/10.1016/j.scienta.2014.01.008

Chia, K. S., Abdul Rahim, H., & Abdul Rahim, R. (2012). Prediction of sol-
uble solids content of pineapple via non-invasive low cost visible and
shortwave near infrared spectroscopy and artificial neural network.
Biosystems Engineering, 113(2), 158-165. https://doi.org/10.1016/j.
biosystemseng.2012.07.003

de Freitas, S. T., & Mitcham, E. |. (2012). 3 factors involved in fruit calcium
deficiency disorders. Horticultural Reviews, 40(1), 107-146.

Egilla, J. N., Davies, F. T., & Boutton, T. W. (2005). Drought stress in-
fluences leaf water content, photosynthesis, and water-use effi-
ciency of Hibiscus rosa-sinensis at three potassium concentrations.
Photosynthetica, 43(1), 135-140. https://doi.org/10.1007/s1109
9-005-5140-2

Fu, X.,Ying, Y., Zhou, Y., & Xu, H. (2007). Application of artificial neural net-
works in NIRS qualitative analysis: Determination of producing area and
variety of loquat, 2007 ASAE Annual Meeting(p. 1). American Society
of Agricultural and Biological Engineers. https://doi.org/10.13031/
2013.23008

Gholipoor, M., & Nadali, F. (2019). Fruit yield prediction of pepper
using artificial neural network. Scientia Horticulturae, 250, 249-253.
https://doi.org/10.1016/j.scienta.2019.02.040

Gisbert, A. D., Romero, C., Martinez-Calvo, J., Leida, C., Llacer, G., &
Badenes, M. L. (2009). Genetic diversity evaluation of a loquat
(Eriobotrya japonica (Thunb) Lindl) germplasm collection by SSRs
and S-allele fragments. Euphytica, 168(1), 121-134. https://doi.
org/10.1007/s10681-009-9901-z

Haykin, S., & Network, N. (2004). A Comprehensive Foundation. Neural
Networks, 2(2004), 41.

Huang, X., Wang, H., Qu, S., Luo, W., & Gao, Z. (2019). Relationship
between Fruit Quality and Mineral Elements in Soil, Leaf and
Fruit of Loquat Orchard in Dongshan Hillside of Jiangsu Province.
Acta Botanica Boreali, 39(4), 692-702. https://doi.org/10.7606/j.
issn-1000-4025.2019.04.0000

Huang, X., Yao, D., Lu, A., Wang, H., Qu, S., & Zhihong, G. (2018).
Correlation analysis on fruit quality of Eriobotrya japonica 'baiyu’
from different locations in Jiangsu province with mineral element
contents in fruit and soil. Journal of Plant Resources and Environment,
27,8.

Iglesias, D. J., Manuel, C., Colmenero-Flores, J. M., Naranjo, M. A,
Gabino, R., Esther, C., Omar, R. R,, Lliso, I., Morillon, R., Tadeo, F. R.,
& Talon, M. (2007). Physiology of citrus fruiting. Brazilian Journal of
Plant Physiology, 19(4), 333-362. https://doi.org/10.1590/51677
-04202007000400006

Kader, A. A. (2008). Flavor quality of fruits and vegetables. Journal of
the Science of Food and Agriculture, 88(11), 1863-1868. https://doi.
org/10.1002/jsfa.3293

Kumalasari, R., Srigutomo, W., Djamal, M., Meilano, I., & Gunawan, H.
(2018). Location of Sinabung volcano magma chamber on 2013
using lavenberg-marquardt inversion scheme. Journal of Physics:
Conference Series, 1013, 012182-https://doi.org/10.1088/174
2-6596/1013/1/012182

Lan, H., Wang, Z., Niu, H., Zhang, H., Zhang, Y., Tang, Y., & Liu, Y.
(2020). A nondestructive testing method for soluble solid content
in Korla fragrant pears based on electrical properties and artificial

neural network. Food Science & Nutrition, 8(9), 5172-5181. https://
doi.org/10.1002/fsn3.1822

Li, L., Wen, B., Zhang, X., Zhao, Y., Duan, Y., Song, X., Ren, S., Wang,
Y., Fang, W., & Zhu, X. (2018). Geographical origin traceability of
tea based on multi-element spatial distribution and the relation-
ship with soil in district scale. Food Control, 90, 18-28. https://doi.
org/10.1016/j.foodcont.2018.02.031

Li, X., Xu, C., & Chen, K. (2016). Nutritional and composition of fruit cul-
tivars: Loquat (Eriobotrya japonica Lindl.) In Nutritional Composition of
Fruit Cultivars (pp. 371-394). Academic Press.

Lin, S., Sharpe, R. H., & Janick, J. (1999). Loquat: Botany and horticulture.
Horticultural Reviews, 23, 233-276.

Liu, Y., Zhang, W., Xu, C., & Li, X. (2016). Biological Activities of Extracts
from Loquat (Eriobotrya japonica Lindl.): A Review. International
Journal of Molecular Sciences, 17(12), https://doi.org/10.3390/ijms1
7121983

Lu, J. (2003). Botanical Nutrition. China Agricultural University Press.

Melke, A., & Fetene, M. (2014). Apples (Malus domestica, Borkh.)
Phenology in Ethiopian Highlands: Plant Growth, Blooming, Fruit
Development and Fruit Quality Perspectives. American Journal of.
Experimental Agriculture, 4(12), 1958-1995. https://doi.org/10.9734/
AJEA/2014/9783

Morgan, K. T., Rouse, R. E., Roka, F. M., Futch, S. H., & Zekri, M. (2005).
Leaf and fruit mineral content and peel thickness of'Hamlin'orange.
Paper presented at the Proceedings of the Florida State Horticultural
Society.

Nestby, R., Lieten, F., Pivot, D., Lacroix, C. R., & Tagliavini, M. (2005).
Influence of Mineral Nutrients on Strawberry Fruit Quality and Their
Accumulation in Plant Organs. International Journal of Fruit Science,
5(1), 139-156. https://doi.org/10.1300/J492v05n01_13

Niedbata, G. (2019). Simple model based on artificial neural network
for early prediction and simulation winter rapeseed yield. Journal of
Integrative Agriculture, 18(1), 54-61. https://doi.org/10.1016/52095
-3119(18)62110-0

Rohani, A., Abbaspour-Fard, M. H., & Abdolahpour, S. (2011). Prediction
of tractor repair and maintenance costs using Artificial Neural
Network. Expert Systems with Applications, 38(7), 8999-9007. https://
doi.org/10.1016/j.eswa.2011.01.118

Saffari, M., Yasrebi, J., Sarikhani, F., Gazni, R., Moazallahi, M., Fathi, H.,
& Emadi, M. (2009). Evaluation of Artificial Neural Network models
for prediction of spatial variability of some soil chemical properties.
Research Journal of Biological Sciences, 4(7), 815-820. https://doi.
org/10.1115/1.4005245

Shabani, A., Ghaffary, K. A., Sepaskhah, A. R., & Kamgar-Haghighi, A.
A. (2017). Using the artificial neural network to estimate leaf area.
Scientia Horticulturae, 216, 103-110. https://doi.org/10.1016/j.scien
ta.2016.12.032

Sun, Y., Jiao, R., Sun, R., & Zhang, J. (2010). Study of Time Characteristic
on Ursolic Acid Extraction from Loquat Leaf by Using Neural
Networks. Food & Fermentation Industries, 36(07), 6-12. https://doi.
org/10.13995/j.cnki.11-1802/ts.2010.07.012

Torkashvand, A. M., Ahmadi, A., & Nikravesh, N. L. (2017). Prediction of
kiwifruit firmness using fruit mineral nutrient concentration by ar-
tificial neural network (ANN) and multiple linear regressions (MLR).
Journal of Integrative Agriculture, 16(7), 1634-1644. https://doi.
org/10.1016/52095-3119(16)61546-0

Torkashvand, A. M., Ahmadipour, A., & Khaneghah, A. M. (2019).
Estimation of kiwifruit yield by leaf nutrients concentration and arti-
ficial neural network. The Journal of Agricultural Science, 158(3), 1-9.
https://doi.org/10.1017/500218596200004 3X

Torkashvand, A. M., Ahmadipour, A., & Mousavi Khaneghah, A. (2020).
Estimation of kiwifruit yield by leaf nutrients concentration and arti-
ficial neural network. The Journal of Agricultural Science, 158(3), 185-
193. https://doi.org/10.1017/500218596200004 3X


https://doi.org/10.1016/j.scienta.2014.01.008
https://doi.org/10.1016/j.scienta.2014.01.008
https://doi.org/10.1016/j.biosystemseng.2012.07.003
https://doi.org/10.1016/j.biosystemseng.2012.07.003
https://doi.org/10.1007/s11099-005-5140-2
https://doi.org/10.1007/s11099-005-5140-2
https://doi.org/10.13031/2013.23008
https://doi.org/10.13031/2013.23008
https://doi.org/10.1016/j.scienta.2019.02.040
https://doi.org/10.1007/s10681-009-9901-z
https://doi.org/10.1007/s10681-009-9901-z
https://doi.org/10.7606/j.issn-1000-4025.2019.04.0000
https://doi.org/10.7606/j.issn-1000-4025.2019.04.0000
https://doi.org/10.1590/S1677-04202007000400006
https://doi.org/10.1590/S1677-04202007000400006
https://doi.org/10.1002/jsfa.3293
https://doi.org/10.1002/jsfa.3293
https://doi.org/10.1088/1742-6596/1013/1/012182
https://doi.org/10.1088/1742-6596/1013/1/012182
https://doi.org/10.1002/fsn3.1822
https://doi.org/10.1002/fsn3.1822
https://doi.org/10.1016/j.foodcont.2018.02.031
https://doi.org/10.1016/j.foodcont.2018.02.031
https://doi.org/10.3390/ijms17121983
https://doi.org/10.3390/ijms17121983
https://doi.org/10.9734/AJEA/2014/9783
https://doi.org/10.9734/AJEA/2014/9783
https://doi.org/10.1300/J492v05n01_13
https://doi.org/10.1016/S2095-3119(18)62110-0
https://doi.org/10.1016/S2095-3119(18)62110-0
https://doi.org/10.1016/j.eswa.2011.01.118
https://doi.org/10.1016/j.eswa.2011.01.118
https://doi.org/10.1115/1.4005245
https://doi.org/10.1115/1.4005245
https://doi.org/10.1016/j.scienta.2016.12.032
https://doi.org/10.1016/j.scienta.2016.12.032
https://doi.org/10.13995/j.cnki.11-1802/ts.2010.07.012
https://doi.org/10.13995/j.cnki.11-1802/ts.2010.07.012
https://doi.org/10.1016/S2095-3119(16)61546-0
https://doi.org/10.1016/S2095-3119(16)61546-0
https://doi.org/10.1017/S002185962000043X
https://doi.org/10.1017/S002185962000043X

HUANG ET AL.

CWILEY- 7

Tracey, J. A., Zhu, J., & Crooks, K. R. (2010). Modeling and inference of
animal movement using artificial neural networks. Environmental and
Ecological Statistics, 18(3), 393-410. https://doi.org/10.1007/s1065
1-010-0138-8

Velemis, D., Almaliotis, D., Bladenopoulou, S., & Karapetsas, N. (1999).
Leaf nutrient levels of apple orchards (cv. Starkrimson) in relation to
crop yield. Advances in Horticultural Science, 147-150. https://doi.
org/10.2307/42883250

Xu, H., Xiaong, W., Yang, C., Huang, Y., & Zeng, M. (2012). Correlation
Analysis of Mineral Nutrients in Citrus Leaf and Fruit Quality in
Kaixian County. Journal of Southwest University(Natural Ence Edition),
34(4), 6.

Xudong, S., Hailiang, Z., & Yande, L. (2009). Nondestructive assess-
ment of quality of Nanfeng mandarin fruit by a portable near infra-
red spectroscopy. International Journal of Agricultural and Biological
Engineering, 2(1), 65-71. https://doi.org/10.3965/j.issn.19346
344.2009.01.065-071

Ying-Li, Z., An-Min, X. U., Hao-Bo, S., & Ai-Shang, M. A. (2006).
Determination study of total nitrogen in soil and plant by continu-
ous flow analytical system. Journal of Northwest Sci-Tech University
of Agriculture and Forestry(Natural Science Edition), 34(10), 128-132.

Yu, X, Li, B., & Chen, F. (2018). Effects of mineral nutrition on fruit qual-
ity of loquat. Southeast Horticulture, 6(2), 16-19.

How to cite this article: Huang X, Wang H, Qu S, Luo W, Gao
Z. Using artificial neural network in predicting the key fruit
quality of loquat. Food Sci Nutr. 2021;9:1780-1791. https://doi.
org/10.1002/fsn3.2166



https://doi.org/10.1007/s10651-010-0138-8
https://doi.org/10.1007/s10651-010-0138-8
https://doi.org/10.2307/42883250
https://doi.org/10.2307/42883250
https://doi.org/10.3965/j.issn.19346344.2009.01.065-071
https://doi.org/10.3965/j.issn.19346344.2009.01.065-071
https://doi.org/10.1002/fsn3.2166
https://doi.org/10.1002/fsn3.2166

