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A study of relationships between cultivated land fertility and corn head smut using a decision tree model
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(1. Agricultural Information Institute, Chinese Academy of Agricultural Sciences, Beijing 100081, China; 2. Key Laboratory of Big Agri—
data, Ministry of Agriculture and Rural Affairs, Beijing 100081, China; 3. Institute of Agricultural Resources and Regional Plannig,
Chinese Academy of Agricultural Sciences, Beijing 100081, China)

Abstract: To explore the relationship between cultivated land fertility and corn head smut occurrence, 515 main corn growing counties
were selected, and the relationship between corn head smut incidence and cultivated land fertility was modeled using classification and
regression tree (CART), random forest (RF) and extreme randomized trees (ERT) models, with organic matter (OM ), total nitrogen (TN),
total phosphorus(TP), total potassium(TK ), available phosphorus (AP), available potassium (AK), and PH as characteristic variables. The
classification accuracy of the different models were compared. The comprehensive classification performance of RF and ERT was obviously
better than that of CART. The three models had higher Precision(Pr), Recall(Re), and F1 score(F1) values on disease grade 1(G I ), and
the classification effect was better than that of disease grade 2 (G I ). Considering the importance of accurately monitoring the high
incidence of diseases and reducing leakage rates in classification and prediction for disease prevention and control, the ERT model, with its

higher Re value on G Il was finally determined to be the best classifier. Additionally, importance analysis between the variables
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characteristic of cultivated land fertility and degree of disease occurrence showed that the incidence of corn head smut correlated

appreciably with AP, TK, pH, and TP. The results provide clues and support for further mechanistic research into effects of cultivated land

fertility factors on corn head smut.

Keywords: corn head smut; cultivated land fertility; classification and regression tree model; random forest model; extremely randomized

trees model
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Figure 1 Distribution map of the study area
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Table 1 Statistics on the incidence of corn head smut

RIS R R 2308 ¢E|

Disease Incidence Disease Number of it
. - . Percentage/%
level interval Description counties

1 (0,1%] B 304 59
3 (1%,5%] (h= 161 31
5 (5%,10%] &g 44 9
7 (10%,40%) E:D 6 1

9 (40%,100%) S 0 0

T 515 DB R R B R I 2008—2014 4EHF 44 1E
Note: The incidence of corn head smut in 515 counties is the average
from 2008 to 2014.
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T BT PR RS R AR S 3 R He A
R TRI B 43 2 L FE AR TR) A B LR 3R 8
EAT T e ARG 1 , LA B i ] — I3 He g 4 19 2
KIGHE, hF 20T LAFE H, RF 0 ZEA R 2R A iR
43 %I 9 0.843.0.818, ERT K 0.824 . 0.828, ¥ & T
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Table 2 Comparison of classification accuracy of three models

el WER % P Precision 42K Recall F1 7443 F1 score
Models Accuracy A Total Gl Gl A Total Gl Gl 4K Total Gl Gl
CART 0.765 0.727 0.829 0.625 0.727 0.829 0.625 0.727 0.829 0.625
RF 0.843 0.818 0.947 0.539 0.743 0.857 0.778 0.768 0.899 0.636
ERT 0.824 0.828 0.974 0.385 0.679 0.822 0.833 0.709 0.892 0.526
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Figure 2 Spatial distribution of corn head smut in the study area
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