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Public summary

m A multivariate linear regression model among several important factors, such as spore number and ambient temperature,
rice moisture content and storage days, were developed based on the experimental data.

m Random forest algorithm was introduced into fungal spore prediction during grain storage.

m The established regression models can be used to predict the spore number under different ambient temperature, rice
moisture content and storage days during the storage process.
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Abstract: Clarifying the mechanism of fungi growth is of great significance for maintaining the quality during grain stor-
age. Among the factors that affect the growth of fungi spores, the most important factors are temperature, moisture content
and storage time. Therefore, through this study, a multivariate linear regression model among several important factors,
such as the spore number and ambient temperature, rice moisture content and storage days, were developed based on the
experimental data. In order to build a more accurate model, we introduce a random forest algorithm into the fungal spore
prediction during grain storage. The established regression models can be used to predict the spore number under different
ambient temperature, rice moisture content and storage days during the storage process. For the random forest model, it
could control the predicted value to be of the same order of magnitude as the actual value for 99% of the original data,
which have a high accuracy to predict the spore number during the storage process. Furthermore, we plot the prediction
surface graph to help practitioners to control the storage environment within the conditions in the low risk region.
Keywords: rice storage; fungi growth; spore number; multivariate linear regression; random forest algorithm
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1 Introduction quality and the growth of fungi. Laca et al.l¥ indicated that the

mold is mainly distributed at the surface of the grain. Gen-
Grain mildew is an important cause of grain loss during grain. kawa et al.”! investigated the changes of fatty acid value, ger-
The condition of grain mildew can be quickly determined by mination rate and mold activity during rice storage under the
detecting the number of fungi spores'”. Therefore, clarifying effects of moisture contents. Soponronnarit et al.l” found that
the mechanism of fungi growth is of great significance for the quality of the rice with high initial moisture content is
maintaining the quality during grain storage. Rice as one of more likely to change. Zhou et al.”* studied the exchanges of
the main crops has a wide range of cultivation in China. Its rice fungal mycoflora under different storage conditions, re-
storage environment and conditions are especially important vealing that the ambient temperature and rice moisture con-
to ensure an edible quality. For example, rice with high mois- tent can directly affect the growth of rice storage fungi dur-
ture content is very easy to be heated and molded during stor- ing the storage process. Therefore, it is quite critical to ad-

dress the behind mechanism of rice storages under the effects
of the main influencing factors.

Biological methods have been widely used previously,
which have focused on revealing the relationship between the
growth mechanism of fungi and environmental factors such
as rice moisture content, and temperature. However, the re-
lated mechanism on fungal growth is often complicated due
to the interaction of multiple influencing factors. It is diffi-
cult to fully understand the inherent causal relationship

age. If it cannot be controlled appropriately, it could spread
rapidly inside the grain heap, resulting in the damage of rice
even food accidents. The storage of rice could be dependent
on many influencing factors, such as ambient temperature, the
moisture content of rice, and storage days. Although it is
commonly known that these factors affect the storage of rice,
the related quantitative analysis is limited to address the be-
hind mechanism to benefit the related maintenance of appro-

priate storage environment. between these factors and fungal growth and establish an ac-
Many studies have built a solid basis for the rice storage re- curate mathematic model based on mechanism analysis. The
search, but these studies have been much focused on one or usual approach is to collect a large amount of data and build a
two influencing factors, lacking a general analysis to address mathematical model based on statistical analysis of these
those main influencing factors. For example, Yin et al™ in-  data, but very few people carry out research work in this area

vestigated the rice mycoflora in China and found that the due to the long-term process of the experimental tests.
main fungi at the early stage of the new grain are field fungi. In this study, based on the experimental data of rice stor-
With the increase of storage time, the field fungi decreased age experiments carried out by the Tang Fang research group
which was gradually replaced by storage fungi. Purushtham et at the Academy of National Food and Strategic Reserves Ad-
al.’! addressed the relationship between the change of storage ministration, a multivariate linear regression model and ran-
6-1 DOI: 10.52396/JUSTC-2021-0118
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dom forest model were developed between spore number of
rice and those main influencing factors, containing ambient
temperature, rice moisture content, and storage days. Firstly,
Regression analysis, which is a statistical model widely used
to address the behind correlation, was conducted to establish a
linear relationship model between spore number of rice and
those main influencing factors. After building the model, sig-
nificant tests on the multivariate linear regression model were
also performed to improve the model, like the F test, the t-
test, and the residual analysis. However, even though the lin-
ear regression model could deduce a clear function for the
spores number of stored rice, it do not have sufficient preci-
sion for a prediction model.

Random forest, a relatively new algorithm in the Al field,
is an ensemble of multiple decision trees and a nonparametric
statistical technique to enhance the prediction accuracy,
which has been widely used to address engineering
problems” ", As a result, we introduce decision tree and ran-
dom forest algorithm into fungal spore prediction during
grain storage. For the random forest model, it could control
the predicted value to be of the same order of magnitude as
the actual value for 99% of the original data, which have a
high accuracy to predict the spore number during the storage
process. Furthermore, the prediction surface graph can be
plotted to help practitioner to control the storage environment
within the conditions in the low risk region. The results have
suggested that the random forest model showed a higher pre-
dictive ability in classification and regression of this issue,
which benefit to understand the growth pattern of fungal
spores and assist managers in taking measures in advance.

2 Materials and methods

2.1 Experimental details and treatments

Experimental studies on the mechanism of fungal growth
have shown that there are three main factors affecting the
growth of rice spores, namely ambient temperature, rice mois-
ture content, and storage time. As a result, relevant experi-
ments were conducted in the laboratory to simulate the rice
storage environment.

The rice sample was obtained from Heilongjiang province
in the north of China. After determining the initial moisture
content, deionized water was added into the samples to adjust
the sample moisture to the target moisture, and then the
samples were sealed and refrigerated at 4 °C to balance the moi-
sture for 30~ 60 days until the moisture content of the rice
reaches the target moisture. Then, rice with 10 moisture con-
tents, including 13%, 13.5%, 14%, 14.5%, 15%, 15.5%, 16%,
16.5%, 17%, 18%, were sealed and placed in different stor-
age temperatures (10, 15, 20, 25, 30, 35 ‘C) in biochemical
culture to simulate storage for 180 days. So there were a total
of 10 x 6 = 60 experimental scenarios. 2 samples from each
of all the 60 scenarios were taken every 10 days to detect
moisture and the number of spores by microscope, and the av-
erage of the spore number of the two samples was used for
further analysis. For example, by counting the numbers under
the microscope, the grain with a moisture content of 16%
shows a spores number of 4650000 at 30 °C after 180 days of

6-2

storage. After done the whole experiments, a total of 18 x 60 =
1080 groups of data were obtained.

2.2 Statistical analysis

2.2.1 Multivariate linear regression model

Theory Multivariate linear regression model as an important
and popularly adopted method to address the relationship of
multiple influence factors was utilized in this study. This
method was briefly introduced here, more details are presen-
ted by Chen"”. The multivariate linear regression model as-
sumes that the interpreted variable (dependent variable) y is
affected by n explanatory independent variables following a
linear relationship. The model can be expressed as

y=by+b,x, +b,x, +b;x;+ - +b,x,

(M

where by, by, by, b, ..., b, are regression coefficients based on
experimental data.

It is assumed that there is a linear relationship between the
dependent and independent variables. The rationality of this
assumption will be determined later by a significance test.
The significance test can be further divided into an F test (the
significance test for the regression model as a whole) and 7-
test (the significance test for each independent variable)!'”.

Residual analysis The multivariate linear regression meth-
od mentioned above is one of the popularly adopted regres-
sion method for engineering uses. In the practical applica-
tions, abnormal data may exist due to the interference of acci-
dental factors during data acquisition. Even if the signific-
ance test is passed, some abnormal data cannot be completely
excluded. The residual ¢; =y, —$;(i = 1,2,--- ,m) is the differ-
ence between the observed values of each data group in the
dataset and the fitted values of the regression model, which is
usually introduced for the residual analysis to eliminate ab-
normal data. If the confidence interval of the residual con-
tains zero, it indicates that the regression model can well
match the original data, otherwise, it can be regarded as an
abnormal point. After finding and eliminating the abnormal
points, the regression model is re-established with the remain-
ing data to improve the accuracy of the regression model.

2.2.2 Random forest algorithm.

Theory Decision tree is a common method for various ma-
chine learning tasks, but this method can occur with low pre-
cision and over-fitting. Therefore, many researchers combine
other models with decision trees to improve the accuracy of
the classifier or regression models. The training algorithm for
random forests applies the general technique of bootstrap ag-
gregating, or bagging, to tree learners.

Random forests are a combination of tree predictors such
that each tree depends on the values of a random vector
sampled independently and with the same distribution for all
trees in the forest, which was suggested by Breiman'’. After
the random forest algorithm was proposed, it has been widely
used for classification and regression in various fields. Vladi-
mir Svetnik et al.!"lintroduced a new method for predicting a
compound’s quantitative or categorical biological activity
based on random forest. Sandra Oliveira et al.""”! investigated
the potential applicability of the Random Forest method in the
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assessment of fire occurrence. Classification and regression
trees or CART for short is a term introduced to decision tree
algorithms by Leo Breiman'” that can be used for classifica-
tion or regression predictive modeling problems. Creating a
CART model involves selecting input variables and split
points on those variables until a suitable tree is constructed. A
greedy approach is used to divide the space called recursive
binary splitting'”. The greedy algorithm means to select the
input variables and the specific split or cut points to minim-
ize the cost function. For regression predictive modeling
problems, the objective is to minimize the cost function of the
chosen split points across all training samples that fall within
the rectangle:

1<
J=—= ) L(yiJx)
mg (yx ij)

9x, 1s the average prediction value of the training samples in
the rectangle R/". The tree construction ends with a pre-
defined stopping criterion, for example, if the split of a node
results in a child node whose node size is less than the user-
specified minimum child node size value, the node will not be
split'”. In addition, many improved algorithms have been
proposed to enhance the prediction accuracy™" 2.

Principle of random forest algorithm Given a training set
X=x,, X, ..., x, with responses Y=y, y,, ..., y,, bagging repea-
tedly (B times) selects a random sample with replacement of
the training set. For b from 1 to B, the training examples from
X, Y are named X, Y, and the corresponding decision tree fj, is
trained by X, Y,. Then, the predictions of multiple decision
trees are combined and the final prediction results are ob-
tained by voting. A large number of theoretical and empirical
studies have proved that RF has a high prediction accuracy
and is not prone to overfitting. overfitting.

Random forest is generated by the method as following:

( 1) Generate n samples from the original set by means of
bootstrap aggregating method;

(1I') Assuming that the number of sample features is a, se-
lect k features in a for n samples, and obtain the optimal seg-
mentation point by establishing a decision tree;

(IIT) Repeat m times to generate m decision trees {k, (X),
h(X), by (X) -+

(IV) Use Bagging's strategy to make predictions:

H(X) =argmax, )" I(h,(x) = Y).

i=1

3 Results and discussion

3.1 Multivariate linear regression analysis

3.1.1 Results of multivariate linear regression model of the
spores number of stored rice

During the data analysis, those experimental data were impor-
ted into Matlab to draw the scatter plots of spore number
along with ambient temperature, rice moisture content, and
storage days. The related outputs can be seen in Fig. 1. To

simplify calculation, define y as “spore number” andy = N x
107, where N represent the number of spores.

After the regression analysis, the regression coefficient
vector B= b, b b, b,|" =[-377.35 3.44 19.70 0.30]"can be
obtained, and the multivariate linear regression model
between the spore number and ambient temperature, rice
moisture content and storage days can be expressed by

y = —=377.35+3.44x, + 19.70x, + 0.30x; 2)

where y is the spore number; x, is the ambient temperature; x,
is the moisture content of the rice samples; and x; is the stor-
age days.

The total sum of squares 7' = 8535399.78, the regression
sum of squares U = 2164591.45, and the residual sum of squ-

U
ares Q=6370808.33,F=¢ =121.86, F,5(3,1076) =
561 Q/(m-n-1)

It is also known that F' > F{(s(3,1076), so it can be con-
sidered that there is a multivariate linear relationship between
the spore number and ambient temperature, rice moisture con-
tent and storage days. But the multiple correlation coefficient
R =+UJT = 0.5036, R> = 0.2536, which indicates that this
linear relationship is not that good and further analysis is
needed.

From the scatter plot shown in Fig. 1, it can be seen that the
spore number is approximately exponential with the ambient
temperature, the rice moisture content, and the storage days.
Therefore, the multivariate linear regression could be per-
formed after taking a natural logarithm of the spore number.
The scatter plot after taking the natural logarithm is shown in
Fig. 2.

Based on the multivariate linear regression, the regression
coefficient vector B = [751 E ’l;3 E]T =[-32.50 0.20 1.65

0.03]" can be obtained accordingly, and the multivariate lin-
ear regression model is given as

y = —32.50+0.20x, + 1.65x, +0.03x, 3)

where y is the spore number after taking the natural logar-
ithm.
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Fig. 1. Spore number along with ambient temperature, rice moisture con-
tent and storage days.
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Fig. 2. Scatter plot after taking a natural logarithm of the spore
number.

F-test After taking natural logarithm, the total sum of squ-
ares 7= 15833.98, the regression sum of squares U= 12044.03,
and the residual sum of squares Q = 3789.95. And it is also

U/n
Olm—rn-1) 1139.80, F05(3,1076)=2.61.

It is also known that F' > F;5(3,1076), and the multiple
correlation coefficient R = +U/T = 0.8721, R* = 0.7606. The
results indicated that there is an ideal multivariate linear rela-
tionship between the spore number and ambient temperature,
rice moisture content and storage days after taking the natural
logarithm.

obtained that F'=

b,/ Ve
Q/(m-n—1)

statistics variables ¢, t,, #; corresponding to ambient tempera
the ture, trice moisture content, and storage days are obtained
as [t t, ;1" = [30.36 43.91 23.86]", |#|, |t2|, |t;| are all greater
than #;4,5(1076) = 1.96. Under the circumstance, it is indic-
ated that all of these three independent variables show import-
ant effect on the dependent variable, namely the spore num-
ber after taking the natural logarithm.

T-test According to ¢, = (i=1,2, ..., n), the

Residuals

100

200 300 400

500

Residual analysis Take the residual as the ordinate and the
case number of observed values as the abscissa to plot the re-
sidual analysis, the outputs can be seen in Fig. 3.

Green lines in Fig. 3 show the confidence interval of the re-
sidual crossing zero. Red lines are the confidence interval of
the residual, which do not cross zero, namely the abnormal
point. The original data corresponding to these abnormal points
are the observations obtained by using different spore count-
ing standard during the experiments, and those show signific-
ant differences with the others. After eliminating these abnor-
mal points, the multivariate linear regression is re-performed
on the remaining data, and we can get the new regression co-
efficients vector B = [b, b, b, b,|=[-31.390.22 1.57 0.03].

The new multivariate linear regression model can be given as

y=-31.39+0.22x, + 1.57x, + 0.03x, 4)

It is known that F=1654.73, R=0.9155, R*=0.8381, [1, t,
.17 =[39.07 48.47 28.20]". All the above values have been
improved, so the regression model becomes more accurate.
From the regression coefficients, it can be seen that the order
of these three independent variables’ influences on the de-
pendent variable can be concluded as x,>x;>x;. In other
words, the effect of rice moisture content is the biggest, ambi-
ent temperature is the second, and storage days show the least
impact on the spore number of rice.

3.1.2 Conclusions of multivariate linear regression model
of the spores number of stored rice

Based on a long-term experimental test on rice storage, the
multivariate linear regression model was developed between
the spore number and the main influencing factors, such as
ambient temperature, rice moisture content, and storage days.
Several conclusions can be addressed:

( I ) Multivariate linear regression based on the natural log-
arithm shows its advantage on the spore number of rice dur-
ing the storage. During the process, both the statistical vari-
able F' and the multiple correlation coefficient R are signific-
antly improved,

(1) It is known from the 7-test that all of the three explan-

600 700 800 900 1000

Case Number

Fig. 3. Residual case order plot.
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atory variables (e.g. ambient temperature, rice moisture con-
tent and storage days) play important role in the spore num-
ber of rice during its storage. A multivariate linear regression
model was also developed to address the mechanism, which
indicates that the growth of fungal spores is exponentially re-
lated to ambient temperature, rice moisture content, and stor-
age days;

(IIT) Through the residual analysis, the improved multivari-
ate linear regression model y=—31.39+0.22x,+1.57x,+ 0.03x;
is obtained after eliminating the abnormal data, where y,
X1, X5, X3 are the spore number after taking a natural logarithm,
ambient temperature, rice moisture content and storage days
respectively. Statistics variable /' = 1654.73, the multiple cor-
relation coefficient R = 0.9155, R* = 0.8381, the statistics
variables #,, t,, t; corresponding to ambient temperature, rice
moisture content, and storage days, can be obtained as 39.07,
48.47, 28.20;

(IV) The multivariate linear regression model obtained
above can predict the spore number of rice under different
ambient temperature, rice moisture content and storage days
during the storage process, so as to judge whether mildew
could occur in rice;

(V) It can be seen from the regression coefficients that the
number of fungal spores is most closely related to the mois-
ture content of rice, followed by ambient temperature, and
then the storage days.

3.2 Prediction model of the spores number of stored rice
based on random forest algorithm

3.2.1 Data processing

The experimental data is the same as the second chapter, con-
taining the number of spores and the three main affecting
factors including ambient temperature, rice moisture content,
and storage time. For the number of spores (/) in the original
data ploted in Fig. 4 a shows no apparent distribution, we plot
logarithm spore number data for easy analysis. Since many
sample raw data is 0.01, after taking the logarithm, only the
data of the part of x>0 is concerned, and it can be observed
that this part of the data basically conforms to the normal dis-
tribution.

3.2.2 Model construction

(a)

800

600

sample number

200

OT4 076
Spore number N

0.0 0.8

0
x 108

Fig. 4. The distribution of spore number.

6-5

For our issue, the goal of the training algorithm is to reduce
the regression error.The model construction containing the
following procedures:

(1) From the training data of n samples, draw a bootstrap
sample.

(II) For each bootstrap sample, tree grows by choosing the

split at each node by minimizing the cost function: J =
J

ZZly,.— Vx|, where 3, is the average prediction value of

j=1 i€R;

the training samples in the chosen district R, We choose
mean absolute error not mean square error because it is not
sensitive to outliers.

(IIT) A single node is formed by dividing continuous or dis-
crete attributes (for example, temperature > 20), and a tree is
generated by different nodes as a model to determine the fi-
nal regression result. The focus point of the algorithm is to
determine whether a node needs to continue to increase, in
other words, to judge the gain of a node to the entire model.
The node will stop to split when the current tree depth or the
node size reaches the maximum limit valued or when split-
ting the node could not reduce the value of the cost function.

(IV) Repeat the above steps until sufficient trees from dif-
ferent random training data are obtained

(V) For the given condition,the average value of different
trees is finally used as the final prediction result.

3.2.3 Outofbag (OOB) score and mean absolute error

Out of bag (OOB) score is a way of validating the random
forest model. After creating the classifiers (S trees), for each
(x;, ;) in the original training set i.e. (7), select all (7;) which
does not include (x;, y;). This set is called out-of-bag ex-
amples. There are n such subsets (one for each data record in
original dataset 7). OOB classifier is the aggregation of votes
only over (7}) such that it does not contain (x;, y;). Out-of-bag
estimate for the generalization error is the error rate of the out-
of-bag classifier on the training set (compare it with known
Y

As shown in Fig. 5, the OOB error rate decrease dramatic-
ally as the tree number increase from 1 to 6. After the num-
ber of trees reaches 10, the error rate does not decline signi-
ficantly. We also calculate the mean absolute error (MAE =

(b)

400

sample number

100 4

3 5
Spore number N

4 6

*1gv)
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—Zl(y =y)I) of the model for both training data and test

data which fluctuate around 0.2 and 0.4 respectively.

3.24 R score of the multiple linear regression model and
random forest model

In order to compare the advantages and disadvantages of the

random forest model and the multiple linear regression meth-

od, here we use R* score to evaluate the models.

Nsamples— 1

(yi _3’:)2
R(3)=1-

Nsamples—1
(yi —?)2
i=0
Vis Vay +-.y Yy 18 the real value of the samples, y,,y,,**,y, is

1
the predicted value,y = — Z v, and the R* score of the two
n
i=1

models is shown in Table 1.
The R? score for test data of RF model is 0.95, which is

much higher than the MLR model, thus it prove that the ran-
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dom forest prediction model can play a better role in predict-
ing the number of mold spores grown in rice.

3.2.5 The prediction model

Fig. 6 displays the variation of spore number with temperat-
ure, moisture and storage days intuitively. The number of
spores grows with the addition of moisture and the extension
of storage time. As shown in the figure, the moisture and stor-
age days in the purple district means the grain would not mil-
dew and it is a safe district for grain storage. Therefore, it is
significant to control the storage environment within the con-
ditions in the low risk region.
The Fig. 7 was plotted by using the predicted value as the
abscissa and the actual value as the ordinate. It can be found
in the figure that the scatter points basically fall between the

Table 1. The R? score of the linear regression model and random forest

model.
Model Training data Test data
Random forest 0.99 0.95
0.71 0.68

Linear regression
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two lines of y =x — 0.5 and y = x + 0.5, which suggest that the
prediction model is accurate. After conversion, it was found
that for 99% of the original data, the predicted value could be
controlled to be of the same order of magnitude as the actual
value. All the analysis above suggest that the random forest
model have a high prediction accuracy.

3.2.6 The feature importance

Random forests can calculate the importance of each feature,
or its contribution to the decision tree. Feature importance is
calculated as the decrease in node impurity weighted by the
probability of reaching that node. The node probability can be
calculated by the number of samples that reach the node, di-
vided by the total number of samples. The higher the value
the more important the feature. We calculate the importance
for the moisture, temperature and storage time by the follow-
ing formula:

n;

j: node j splits on feature i

>

keall nodes

Ji=

And then these can be normalized to a value between 0 and 1
by dividing by the sum of all feature importance values.

Ji

> f

Jj€all nodes

norm f, =

The final feature importance, at the Random Forest level, is
the average of the feature’s importance value on each trees.
As a result, the importance for the three features of moisture,
temperature and storage time is calculated to be 0.539, 0.246
and 0.215, respectively. Therefore, for the rice mildew, mois-
ture is the most important factor, followed by temperature,
again storage time, which is consistent with the result of the
multivariate linear regression analysis.

4 Conclusions

In this work,based on the experimental data of rice storage
experiments, a multivariate linear regression model and ran-
dom forest model were developed between spore number of
rice and main influencing factors, containing ambient temper-
ature, rice moisture content, and storage days.

For multivariate linear regression analysis, through the re-
sidual analysis, the improved multivariate linear regression
model has been developed and it furtherly prove that mois-
ture is the most important factor, followed by temperature,
again storage time for the rice mildew.For the random forest
model, it could control the predicted value to be of the same
order of magnitude as the actual value for 99% of the origin-
al data, which have a high accuracy to predict the spore num-
ber under different ambient temperature, rice moisture con-
tent and storage days during the storage process. Furthermore,
we plot the prediction surface graph to help practitioner to
control the storage environment within the conditions in the

6-7

low risk region. Therefore, we believe that our results can be
applied in practice and reduce loss during grain storage.
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