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(Table 1) Literature Review on Food Defection Detection

Reference Method

Comments

Logistic Regression,
KNN, DT, RF, Bagging,
Gaussian Naive Bayes,
Gradient Boosting, MLP

Cho, Choi. (2018)

Food import
declaration data

Defective food detection prediction is
performed by creating derived variables based
on food import declaration data and applying
defect prediction techniques based on machine

learning.

Gradient Boosting,
Ada Boost,
Logistic Regression,
SVM, RF, KNN,
Naive Bays, DT

Cho, Cho.
(2020)

Integrated Food
Safety Information
Network Data

By applying the supervised learning prediction
model to the characteristic variable derived
through the characteristic variable extraction

method, a food hygiene inspection enforcement

screening system is prepared and efficiency is
improved

Establish a Bayesian Network model for

Marvin et al. B ian Network Food Fraud predicting food fraud based on food fraud
(2016) ayesian Networ Database database to detect food fraud types and
identify risk factors
Aol ARRA A AN TP AF T S B AF A G0l Hue]
Akl ti A8HE B A9 S5 B &-8o| obF] 7] eAlo] MEY Y= Aol
713 A of 22 AL A W8-S EY 9 TJin et al, 2020). o]AF 45 kol of
T4, o143, 2016). oJAH A5 3z & FaAo] THHEIL AFolE BTk, Y
o) ZaAo] FolAT AF HAL BAE AT AFol B vy B4 2 vialeyd Bl v

T 2F QA AT <Table 153} 20| 4]
EF od 99 wuoly 8ol tjE AR

(Marvin et al., 2017; Jin et al, 2020)2} 2% AL7]
d=3 FHAH AT Marvin et al., 2016)7} FE
O] £k Marvin et al. (2016) Bayesian
Network REZ 2% A7) #3828 &8A]5t1 9
A 8Rls AEToEHN 2F b il 7o
sttt 1y slid At AF AT ARl
gt tlo]E RteE mdlS F53ahe] 2% fo]
B tgt §4& 835 wdskA ZIoh
Marvin et al. (2017)2 gt 9] 3 2 B]X%
Y HlolHE AF ¢ g9 4
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FA%} 2F B2 o) deA](anomaly detection)
o] o) &} o)X= TS o)A B
(Zhao et al., 2017), VI EY A o]’¢ &A (Cui,
2016; Eltanbouly et al., 2020), 2| & HH o] &

A](Pachauri, 2015), AF2 o] B-X|(Ahmed et
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AHoZ 7|ATE WHE AT TH(Nassif et
al., 2021).

AE7|8F g5 Bl oA BYEE
7] HslAe TS g5 vlolHE Fra)
oF 3} (Omar et al., 2013). ShFHlo]El7} &
stobd Al S417 "H(Deep Neural Networks), 413
E dE v4I(Support Vector Machines), K-# -
A o] &38| F(K-Nearest Neighbors), H|©]A]
oF Y E<%] = (Bayesian Networks), &JAFZAU5-
(Decision Tree) 5°] T4A 02 AHEEI Tt
K-H# ¢a8]E(K-Mean), HA 3 (Fuzzy
C-Means) 5 HIA=7]4t k5025 o] ez 7}
]_Ero.];q—y [ oL]. %_]H]-x«l og a].@ao] = z‘sl-
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(Kleboth et al., 2022). 1L} ©]2]3t WHEL
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3 2ol & Hol= Zlom oS s Aty ¥
Qlo] FTKKaur et al, 2019; Kim et al., 2020;
Kang 2021). WtA dlolE7} B33 45 A
28 U e QR [ 28 5 Wieks 283t
A s dslof kA2, TEE, 2 15)
w3 HlolE &7 A A Hg |

o 2= A HAA2 ®H(Pre-processed Method),
Y312)% 7|4k FH(Algorithmic Centered Approaches),
stolHE]l= W (Hybrid Approaches)©] Uth
(Kaur et al., 2019).

AR, 2] el 8 A& (Oversampling)
I} At AE¥(Undersampling) o] ). o]
T A8 AZPE o 15 HolE e AH Q1
H2E AS F Atke= HAZE Jol(Nguyen et
al.,, 2012; Kaur et al.,, 2019), :F ¥ AZT o]
1} SMOTE(Synthetic Minority Over-Sampling
Technique)@ 22 oW AEE WS HASgth
o A o AEH2 A 19| Ho]E < vt
B B2 B3 HolEe V)= A EE
3] lo] H7|= K Ganganwar, 2012).

ol o]l H]aj SMOTEt 2 W HlolHE 7]¥ke
Z I ABES AT Chawla et al., 2002). ©]
H 23] A% del thiA =
=S FATKYap et al, 2014), 1 F A2
SMOTE® o] 7Hd Zgtsittal &4 ot
(Bach et al., 2017).

om{n:_&m

=4, s T4 HATHS =7 F HolH
B BAE ddske daugss kR UE
Av 7€ dagEs dadel=ste Aot

o
(Kuar et al., 2019). &< ¥HF9] o&& 98 2
25 18-S &35 W(Singh, Purohit, 2015),
Aol MEH Y HAE Bestr] 93 E82H
714k ] AME=(Cluster-based Undersampling)
W (Zhang et al., 2010), d|Z2] E4ksh HEES



(Table 2) Literature Review on

Algorithm Centered Approach

Reference Method

Comments

Kamei et al. (2007) Logistic Regression

The effects of four sampling methods (random
oversampling, SMOTE and cross-section selection, etc.)
were evaluated by learning the logistic regression

Cieslak et al. (2005) Decision Tree

Decision tree algorithms were used for severe unbalanced
data due to data bias and high sparsity

Burez et al. (2008) Random Forest

Unbalanced data were learned through undersampling and
random forest, and weights were applied to minority
classes, especially when learning random forest

Tried to solve the data imbalance problem by learning

Chomboon et al. (2013) MLP multi-layer artificial neural networks and applying
SMOTE techniques
LightGBM was learned and ADASYN oversampled for
Liu et al. (2021) LightGMB the efficiency and accuracy of training and detection time
on unbalanced network intrusion detection data
To alleviate the problem of data imbalance, this research
Guo et al. (2004) XGBoost proposes a model that combines XGBoost and data
augmentation techniques
Hancock et al. (2020) CatBoost Unbalanced Medicare raid detection was performed using
CatBoost
Model learning using EBM and pattern analysis between
Ntekouli et al. (2022) EBM variables were performed in existing individual modeling

with mental illness data

Z0]719%F w7 (Bagging) % H2~E(Boosting)
duglE So] 7)o &3ttt YHE Tanha et
al.(2020)2 thre] By HlolHAlS U
o];f_] ol q.% g-a]/\ 2= = =N og_,_{qzo x—l
SFoEHA EvtE Holy 7 &4 2SS
& AuAol B duwZE /%S AR
CatBoost ¥ LogitBoost ¥¢1g]F°] & F2
g dugFd vl s ¢
o= WY ZHRE

H Hlo]z, l&Al

(Burez et al., 2008), 1}©]
%”&(Chomboon et al, 2013),
LightGBM(Liu et al., 2013), XGBoost(Guo et al.,
2004), CatBoost(Hancock et al, 2020),
EBM(Ntekouli et al, 2022) 5 T}3l dag]&e

A, SolEels Pone By dolel 2
F E2AE G Asy) I8 XY ¥
M dueE B4 ATEe A% ol

(Kuar et al., 2019). o] E°], Abouclenien et
al.(2013)2 Z2F 7]bk AEE 2 JHE &
1EEFS A WS Atsta, g Wgel
gF By Ass FINE F oS BATh
$HH, Jeong et al.(2018)2 EH 3 Hele] %
ARIL HoTHE T o s A AEH ) oW Al
Z8< A &sta 574A wAlgY ¢aegES 7]
Hlog R RAS 5o w4 ¥ HE
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B AFolA AREE HolEE 2016955
2020@77%]«] FU 3192
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Bl 20164 23,4637, 201713 18,2137, 20181 d
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El o] W o F 65710]H (<Table 3> 3
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(Table 3)

Classification of variables in the import declaration dataset

Classification

Variable Names

Product Basic Information

Receipt Number, Product Name, Item Name, etc

Product Details

Exam, Toddlers, Organic, etc

Inspection Information

Test, Test Type, Test Code, etc

. Jud t Result,
Judgment Information udgment fesu

Nonconformity Final Treatment Result Code, Nonconformity Action

Plan, etc

Shipping Information

Port, Import Data, Exporter, etc

Shipper information

Import Shipper Name, Manufacturer, Manufacturer Region, etc

BE Uehls W4EE TAEG. AF A4
= AF2AAE o H(Exam), DfoHH I

(Toddlers), 7143 F(Organic) 5 A& &
3 AR ARE Uehl= HeeE A"
AN RE AAHHAE g F(Test), HAF

% (Test Type), AALZ E(Test Code) 5 F=Y

213 AALE St=d o] 2 o3t ARE Ueh
£ WFEE TAEY BRAEE B9

A HFAY A=
(Nonconformity Final Treatment Result Code), 5
23z 2] A 8l (Nonconformity Action Plan) & -
A4S W=l ol 28 AFERE 74
Hot o] & HAARE RS PR =Y
o F5WeE F8HeH HY 20119870
(99.1%), F25} 1,27271 (0.6%), 71BK0.3%)= 1
7154 F HolHe FH2 Edo] 4dd
At AAABR= =2 (Port), RFYY
ZHImport Date), == (Exporter) 5 T=Y 3
Ao BAeh= ARE el = TSR T
Adeth mAE SlEAEE FlsE A
Name), 8| <]A| =2
(Manufacturer), 3| 2[4 A <(Manufacturer
Region) & AlFS =Y € o A= Jd=
Amgo] B3 HRE FAAHT

(Judgment Result),

[o

=R=]|

(Import  Shipper
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Tax Price Before Log Transformation

Denty

Net Weight Before Log Transformation

0.0006

20005

0.0001

(Figure 2) Before Log Transformation
Tax Price After Log Transformation Net Weight After Log Transformation
5 //\ /\'\\/\
. / \\ . l \
./ \ aw /_j' \
° /
o £ \'\ s | 2 \
P _,a-'/ \\\ s _ o //— - Ty
(Figure 3 ) After Log Transformation
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(Table 4) Derived Variable Description

Derived Variable

Comments

Price range

Binning the Tax Price Variable

Weight range

Binning the Net Weight Variable

Time Zone

Separating the Date of Receipt by Time Zone

Season Separation of Reception Date by Season

Export Continent

Categorize the Exporting Country Variable by Continent

Required Days

Calculated as ((Receipt Date - Shipment Date) / Distance from Exporting Country)

Search Volume

Crawling Google Search Frequency for Defective Detection by Item

Qolu} FAY FEL £Y 4 YTHE 2ol Fed

st AgsheTh
A, 9% PR

o F

o}
(Durica & Svabova, 2015). 72 A 752 A
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A 22 AAAT) sl 2016~20191
diolH, HZFol= 202003 3E7]7kA]2] HolH,
B 2~EdE 2020 427] Ho]ElE AL&algth
k5 HolHole 5-ZE AAHFoR A

Hg durststad.

4. 21t
4.1. M5 Hlu

AR WA EE A8, Ade, ARE,
Fl-score 5°|™H 1 9401] St AQ AR 11
shath o) F RAT YAt B AT 2o
ugt Aol 7P FaF Aok o]¢jo =
2o B@gol EASE BF 2l 452
A& ROC #XH, PR AH, Calibration
FESLL AR T =)

s vlal 23} <Table 5>} 22 2

= 2 <Table 6> L&
w2 LightGBM, CatBoost

A&l AT =3+, viF dHEAT7H

30 rok
32 off

Eil
< 2 Aol z‘aﬂré} UrOl
& 7hsd mHlo] 830l



FEN TUAE LAIE It HAlEld TR 2XE 2LV |ISAE X gy
(Table 5) Confusion Matrix
PREDICTED PREDICTED GLM PREDICTED PREDICTED Logistic PREDICTED PREDICTED Decision PREDICTED PREDICTED
BMT Model Regression . . ; Tree . . .
NEGATIVE POSITIVE NEGATIVE POSITIVE NEGATIVE POSITIVE NEGATIVE POSITIVE
ACTUAL ACTUAL ACTUAL ACTUAL
NEGATIVE 684 417 NEGATIVE 615 486 NEGATIVE 627 474 NEGATIVE 881 220
ACTUAL ACTUAL ACTUAL ACTUAL
20 9 . 2 27 ) 1 28 10 19
POSITIVE POSITIVE POSITIVE POSITIVE
Random PREDICTED PREDICTED Naive PREDICTED PREDICTED PREDICTED PREDICTED LightGEM PREDICTED PREDICTED
Forest NEGATIVE POSITIVE Bayes NEGATIVE POSITIVE mLe NEGATIVE POSITIVE e NEGATIVE POSITIVE
ACTUAL AcTuaL AcTuAL 815 286 . 1021 80
NEGATIVE 9 10 191 NEGATIVE 299 802 NEGATIVE NEGATIVE
ACTUAL ACTUAL ACTUAL ACTUAL
10 19 1 28 . 8 21 21 8
POSITIVE POSITIVE POSITIVE POSITIVE
PREDICTED PREDICTED PREDICTED PREDICTED PREDICTED PREDICTED PREDICTED PREDICTED
XGBoost Cat Boost EBM Ensemble
NEGATIVE POSITIVE NEGATIVE POSITIVE NEGATIVE POSITIVE NEGATIVE POSITIVE
ACTUAL ACTUAL ACTUAL ACTUAL
NEGATIVE 780 321 NEGATIVE 1044 57 NEGATIVE 919 182 NEGATIVE 683 418
ACTUAL ACTUAL ACTUAL ACTUAL
] 4 25 23 6 16 13 0 29
POSITIVE POSITIVE POSITIVE POSITIVE
(Table 6) Model performances
- Elapsed L
Model AUC Accuracy Precision Recall F1-score MCC ) " | Explainability
Time (min)
BMT 0.46 0.61 0.02 0.31 0.03 -0.02 - High
LightGBM 0.86 0.91 0.09 0.27 0.13 0.12 1 Fair
Logisti
OIS 0.82 0.58 0.05 0.96 0.1 0.17 1 High
regression
XG Boost 0.84 0.71 0.07 0.86 0.13 0.19 1 Fair
GLM 0.82 0.56 0.05 0.93 0.09 0.15 1 High
Random forest 0.85 0.82 0.09 0.65 0.15 0.19 1 High
Cat Boost 0.86 0.92 0.09 0.2 0.13 0.1 1 Fair
EBM 0.76 0.82 0.06 0.44 0.11 0.11 15 High
MLP 0.83 0.73 0.06 0.72 0.12 0.16 5 Low
Naive Bayes 0.82 0.28 0.03 0.96 0.06 0.08 1 Low
Decision tree 0.72 0.79 0.07 0.65 0.14 0.17 1 High
Ensemble 0.85 0.63 0.06 1 0.12 0.2 10 Fair
kA E3lAT o|eh= RHZ Ald o] o 7 A5 ANA3E <Figure 4>9} 0] True
W = 715 ATt 712 =EEe BAg & Positive H|-&3} False Positive Hl g% Z73
A ZAR &8 Jbed AL 2AX2H 59, ROC 7HSH PR AHE HIH dWbHom
XGBoost, IHEs} A 2, e Aoz ROC ABNA §-73 B 349 H 271 &
ERdT % 9] BAg 71749 AM PRAES Z5- 2E
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Feature selection
0.575
0.055
0.966
0.104
0.831
0.059
0.169
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o

Baseline
0.588
0.055
0.931
0.104
0.821
0.058
0.163

(Table 7) Effect of feature selection
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Abstract

A Method of Machine Learning-based Defective
Health Functional Food Detection System for
Efficient Inspection of Imported Food

Kyoungsu Lee*, Yerin Bak*, Yoonjong Shin**, Kwonsang Sohn**, Ohbyung Kwon***

As interest in health functional foods has increased since COVID-19, the importance of imported
food safety inspections is growing. However, in contrast to the annual increase in imports of health
functional foods, the budget and manpower required for inspections for import and export are reaching their
limit. Hence, the purpose of this study is to propose a machine learning model that efficiently detects
unsuitable food suitable for the characteristics of data possessed by government offices on imported food.
First, the components of food import/export inspections data that affect the judgment of nonconformity
were examined and derived variables were newly created. Second, in order to select features for the
machine learning, class imbalance and nonlinearity were considered when performing exploratory analysis
on imported food-related data. Third, we try to compare the performance and interpretability of each model
by applying various machine learning techniques. In particular, the ensemble model was the best, and it
was confirmed that the derived variables and models proposed in this study can be helpful to the system
used in import/export inspections.

Key Words : Imported Food, Health Functional Food, Food Safety, Defective Detection, Machine Learning,

Data Imbalance
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