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Antibiotics-Resistant Bacteria Infection Prediction Based on Deep Leaming
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ABSTRACT

The World Health Organization (WHO) and other government agencies aroundthe world
have warned against antibiotic-resistant bacteria due to abuse of antibiotics and are
strengthening their care and monitoring to prevent infection. However, it is highly necessary
to develop an expeditious and accurate prediction and estimating method for preemptive
measures. Because it takes several days to cultivate the infecting bacteria to identify the
infection, quarantine and contact are not effective to prevent spread of infection. In this
study, the disease diagnosis and antibiotic prescriptions included in Electronic Health Records
were embedded through neural embedding model and matrix factorization, and deep learning
based classification predictive model was proposed. The fl-score of the deep learning model
increased from 0.525 to 0.617when embedding information on disease and antibiotics, which
are the main causes of antibiotic resistance, added to the patient’s basic information and
hospital use information. And deep learning model outperformed the traditional machine
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hospital use information. And deep learning model outperformed the traditional machine
learning models.As a result of analyzing the characteristics of antibiotic resistant patients,
resistant patients were more likely to use antibiotics in JO1 than nonresistant patients who
were diagnosed with the same diseases and were prescribed 6.3 times more than DDD.
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Feature extraction + Classification Output.

(Figure 1) Example of Deep Learning
algorithm (1)
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2.2.1 Embedding with Matrix Factorization
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2.3 Electronic Health Records
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3.1 Electronic Health Records
Dataset
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2 A7E Gt deks wekd A
Aol Al Fofo] Ao} eFEo] A FAY
A Wt el & ¢S P 7 sk
AW, AR 22 Fhxjel] gk Q1T E A
4B} shate] B Qlo]§ 7|55 7] (baseline)
o % ata AW ekl 3} A9} ok A
uf o5 o] 5ol ofg A
A

Logistic regression,
Decision tree, Bagging ensemble method,
XGBoost, Super learner & 5709 &1d8|&

o2 stk o] & Super Learner[26, 33]*

ol Fofol A o5 2L w5 w) ol AL
Q| S FoR AR ATe|AE dﬂﬁ”l‘ﬂ
e 4%5e ulths 2} o, 37,

= <Table 2 7 LE‘r.

01
=
1o
2
e
Hj
\o
X,
r
[o

(Hit-ratio) 2] 2}

49 43t 432
dlolE & 5719 fold

(Table 1) Comparison of Antibiotics-Resistant Bacterial Infected Patients and

Noninfected Patients

Infected patient | Uninfected patient
Total patients 259(0.02%) 4,369(0.44%)
Total Statement 11,507(0.03%) 17,496(0.05%)
Average statement by patient 44 4
~9 9(3.9%) 349(8.0%)
10~19 1(0.4%) 81(1.9%)
20~29 5(1.9%) 162(3.7%)
Age 30~39 5(1.9%) 236(5.4%)
40~49 11(4.2%) 354(8.1%)
50~59 35(13.5%) 689(15.8%)
60~69 38(14.7%) 885(20.2%)
70~ 155(59.8%) 1,613(36.9%)
Gender Male 111(42.9%) 1,853(42.4%)
Female 148(57.1%) 2,516(57.6%)
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(Table 1) Comparison of Antibiotics-Resistant Bacterial Infected Patients and
Noninfected Patients((Continued))

Infected patient | Uninfected patient
Death in a hospitalization. 47(18.1%) 1(0.0%)
Seoul 138(53.3%) 649(14.8%)
Busan 28(10.8%) 340(7.8%)
Incheon 23(8.9%) 428(9.8%)
Daegu 11(4.2%) 75(1.7%)
Visiting hospital area Gwangju 4(1.5%) 149(3.4%)
Daejeon 12(4.6%) 67(1.5%)
Ulsan 8(3.1%) 81(1.9%)
Jeju 3(12%) 15(0.3%)
Sejong 1(0.4%) 1(0.0%)
Patients who are hospitalized to a general hospital 951(96.9%) 39(0.9%)
more than once
Main diagnosis related surgical patient 198(76.4%) 24(0.5%)

A3} Aotd delyd 23] Ht f1-score’}
06172 7} =& A5S YEytay A+
01]/\1 o2 71 A%y gaelsdd vls) %‘8 A

é#i et #H 2 Kaggleﬂr
78 AR A 2 s qu“l‘v]— NE
XGBoost7} 05572 A3}7} YERTH

(Table 2) Antibiotics-Resistant
Bacteria Infection
Prediction Results

Model fl-score Hit-ratio

Deep learning 0.617(+0.08) 0.831

Super learner 0.563(%0.05) 0.881

XGBoost 0.557(+0.05) 0.909

Logistic regression 0.512(+0.10) 0.809

2 3to] Anat A AR F7ldl upe W
85 Ml E—ﬁﬂ%ﬁt} FAA WA el

W f1-score’} 0.10301 4 0525% Zo] F7}5}
How, AW FAA AR} F7HE NS o
06172 F7ketdA AW} A ] JE7t
FAA WA 1A A5 ST Fo HFER
Y& A= 2 FofelitRefer <Table 3>).

(Table 3) Changes in Predictive
Performance with the
Addition of Diseases and
Antibiotics Information

Bagging ensemble 0.466(+0.11) 0.809

Decision tree 0.401(x0.06) 0.378

A A WA 2T Aol gl A
W AT AR ARG S % mge
MR ALHS 1) A% el sl oY

fl-score
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+ Hospital Usage Information

Patient Information
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