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Analysis and modeling of judicial data based on machine learning .
Take the crime of intentional injury as an example
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University of Shanghai for Science and Technology, Shanghai 200093, China)

[ Abstract] Nowadays, judicial trials have increasingly been becoming a focus among people and the society. The rationality of
judicial trials is always seemed as one of the most important criteria for evaluating the fairness and the effectivity of these trials. By
making a precise estimation on the penalty term of intentional injury crimes in terms of the big data analysis technique, the fairness
of judicial trials can be expectedly guaranteed, and some theoretical issues are put forward to further improving legal regulations of
nationality. Firstly, this paper is to collect data of intentional assault crime cases from Guizhou court which have occurred in recent
years. Then, the paper preprocess these data by using CRF techniques. Subsequently, through the comparison and application of
various typical machine learning algorithms including fuzzy C—means clustering, principal component analysis, deep neural network
and ridge regression, etc., an expert model which aims at predicting the penalty term of intentional injury crime is successfully
constructed. Some theoretical analyses and experiments are used to illustrate the validity of the proposed models. The results show
that the intelligent trial expert model based on the machine learning method has tremendous advantages for judicial organs to make a
judgment.
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Fig. 1 Intentional injury penalty sentence prediction process
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Fig. 2 Neuron model
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Tab. 1 Example of a dictionary of elements of intentional injury

crimes
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1 {102,101, 102001, 201, 106001, ---, 202, 201001 , 106,
202004101001}

2 {102, 101, 201, 106001, ---, 102005, 201001, 106,
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3 {102, 101, 201, 106001003, ---, 106, 101001, 104,
102001, 104004, 106001 }

4 {102, 101, 201, 106001003, 202, ---, 101001, 104,
102001, 104004, 202002 }

5 1102, 101, 201, 202, 201002, 106, ---, 104, 102001,

104004 ,106001,202004 |

32 EFFCM EEHHMEGERRRERDW
AICK Xie—Beni (XB) 1EMEE & FCM BT
AR N Fa bR, A0l
DUl -l

i=1 j=1

p= : > (9)
s NG G e, = ¢ s

(9) M, LB H AR ek & /M 8] i 2
A FEES AL, RIS [ 26 22 8] A AR AR S HCBOT I
RIS



92 2 it "

ab
He

L

5 N M 810 &

R2 HEHERAEEIRE)

Tab. 2 Intentional injury crime bag model example
102 101 102001 201 106001 106001003 202 201001 106 202004
1 1 1 1 1 1 1 1 1 1 1
2 1 1 0 1 1 1 1 1 1 1
3 1 1 1 1 1 1 1 1 1 0
4 1 1 0 1 0 1 1 1 1 0
5 1 1 1 1 1 0 1 1 1 1
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Fig. 4 FCM clustering effect map
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Comparison table of cluster distribution of intentional
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Tab. 3

injury crime cases
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Tab. 5  Comparison of SVM and DNN classification algorithms
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Tab. 6 Distribution of sentence types in various cases
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Tab. 7 Judgment model for various types of sentences
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Fig. 5 Penalty prediction results of Class 1
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Fig. 6  Penalty prediction results of Class 2
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Fig. 7 Penalty prediction results of Class 3
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Fig. 8 Penalty prediction results of Class 4
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Fig. 9 Penalty prediction results of Class 5
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