2024 4E 1 A
$34% H1

rhE He s R
CHINESE JOURNAL OF COMPARATIVE MEDICINE

~L U

FAR A January, 2024

Vol. 34 No. 1

B0, BRBT. MR 2 R S s i it B rh g oy e R SRR ()], P E e R 4%E, 2024, 34(1) ; 103-113.

Xu X, Chen Q. A review and promising future directions of machine learning in laboratory animal facility management [ J].

Comp Med, 2024, 34(1) . 103-113.
doi: 10.3969/j.issn.1671-7856. 2024. 01. 012

Chin J

Bl 7 ~J 78 55 5 sl ) Bt 8 BE 59 N A P R 5 e B

" RT,%K H
(Heh R RS s oLy, 2L 430030)

(AE]

W% e [ S 9 h Wy Bt RE K2 A0 $ T, BB T R BB A S W B0 2 A7 LIRS A Bl . i

FotrFBmME= ,%ﬁﬁfﬂ{ﬁ*?ﬁ*@]fﬂﬁ%%jﬁo FEREHET 5T, HLEs2% > ( machine learning) EAHEEYEST .
TSR S U T 3 0 R, A SRS St A B P (R RS T B3, AR SO E AL T N
TSRS RETNE BT T4k SR,

[ &4iA)
[FESZES] R-33

BLas7 T s SR S Wit ; it BReisd i
[ XEfFRIREE] A

[XEHE) 1671-7856 (2024) 01-0103-11

A review and promising future directions of machine learning

in laboratory animal facility management

XU Xiao*, CHEN Qi
(Laboratory Animal Center, Huazhong University of Science and Technology, Wuhan 430030, China)

[ Abstract)

As the intelligence level gradually improves in domestic laboratory animal facilities, a large amount of

valuable data have been accumulated. These data have not been fully exploited because of the lack of analytical method. In

the context of big data, machine learning has achieved remarkable result in biomedicine, building science, and other

fields, and provides a reference for its application in laboratory animal facility management. In this article, the contents,

methods and models of machine learning applied to various systems of laboratory animal facilities at home and abroad are

reviewed and discussed.

[ Keywords)

machine learning; laboratory animal facility; barrier facility

Conflicts of Interest: The authors declare no conflict of interest.

S5 By it 2 S 56 3l ) ) 3 e L g Y 32
G , e P B S 50 20 ) 1) 18 o o 1) 2 A RS2
AR, HET, SEI0 s W) it i) KR 4 R G Mk 4
TR T AR S B R B T R iy iz
FECE | BB A% 4 S W 52 50 3 ) it e L S IR
B REIE TR A R R Y 2R
WA T B 7 1248 AR M, Pl
>J (machine learning) , & MECHE Hr 2% ) R € 41 55 19
AL, JE % I35 A H T4 K 5s 647 50 #r
R IR 2 18] B v e LA

T8 PR O A B 5T SO, F BR S 55 3l 4 it
M FEE RS, T T LR 2= 2 e 5 A TJ7 1

IR, BRE R 55 2R G A it 21 LR (A
WS RE TR RGBS S A R 4
(5] ASf o X5k AL i 2 ~J 1 552 56 20 49 00 4 PR U R o
49 55 4 7 T Al J B

1 HEBFRFIRENATRREYIEEEE TR

P~ — BN g LA 0103 7328 R 2K
B SRER T 25 22 R R, L o > i B Ut
R R T LR B A B 5 ) MOC B ]
P R 0 B B B T LR 3053 S L2 2 2 LR
BEA] o W WL BLAS o7 ) B AL BEUR RE AN 1 BT
71, A LAY S B TOAL B RCHE SR R o B bn A Ak

[1EE®B N 152 (1990—) 3B i ,ﬂ}f;ﬁﬁ[’ﬂ SIS SR A B . E-mail . xuxiaolac@ hust. edu. en



104 o A PR 2 A s 2024 4F 1 H A 34 555 1) Chin J Comp Med, January 2024, Vol. 34 ,No. 1

BT EPE SGR AR BRI

SCEG B W) VO AE D BE bR T A, R R
JE 22 A OB TR BB R A AR B
SR, DI REZ Y Al DLy o 38 25 96 R 48 (HVAC &
40) BAMBLRGE KA IR G R BD R G5 (SR
ERRGE MRS , Plasd S R E
BN 1 R,

2 ETHRFINRTNEREEE

SIS B Y A S AT 3R RN A R IE
e, UETHREE e T, g h
(R TTA A5 111 FH R AE A I (B 15 52 B 15 50 328 47 %
oo YT, AT S5 5 3 W it R 50T ¢ AE G A bR
YA E FARAE GB/T 365272018 11425 S 57
AL HeTE ) M E BRARME 1S0 14644-16 : 2019
(% R Z S IREE 56 16 4% 15 v AR 25
WAATRER) 55, T AR LI sh P Fl 1. 2225
B BRI, 18 R DX AR K, B BA T A o P R R
W25 BRI HE S (1, i 2 R FH R 26 L
5, BRI FEXREAS T LR o — A FEABL ) 7 1 2 1R
PARTZead Ak i BE U5 PE RE IR Sl 23 T LA AT &
RS LR RE AR

PRI, AL 2% >0 1) #f 3 R &, 52 56 3h i it
AIRERSTANY , 2 B B8 i & bR A 19 2t 2
RIXt 22 G B REAEDE AT v B 00, 38 1 434 T A 55
LA 2 (0] 22 (5 H FIE R RERL, PLAS 2~
P R GEREFE B TN % AR R R L
2 W AR ARG LR 0103 SRR B e SRR
SHEHLARAR T 24 T 25 [ 2 5150

Ciulla %57 Bilous 25" R Z ookt At T
SRR I A T Lin 255 Wang 210

Data source
ot AL B
Y Data pre-processing
AR
Valid data
HAE LR 5
Data grouping
A
WZRFEALE
Training dataset
S (R 2K 7
Impact factor analysis v
P WAFEALE
AE T T P Testing dataset
Features dataset
B i £ R R
Model construction & KR TR
tramning Knowledge discovery

B DR BILE 7 ) o Ak B R

Figure 1 Machine learning common workflow
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Table 1 Main applications of machine learning in laboratory animal facilities

Type of system

EERHHE

Main purpose of algorithm application

eI 23 4 R L (HVAC R 5)
Heating, ventilation, air-conditioning and
cooling system ( HVAC system)

S SALBRGE

Air handling systems

VI CUBL NS

Water treatment system
M RGAF (R =R IR L)
Auxiliary systems, etc.

( Compressed air systems, lighting systems)

ARIBATH ) | Bmr T B oA B il i

Optimize operational control, load forecasting & modeling, device fault diagnosis

AL

Simulation optimization of airflow organization

KBRS | K B

Water quality classification, quality parameter prediction, water consumption forecasting

BRI W

Device fault diagnosis
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Table 2 Application of machine learning algorithms in the field of building energy efficiency evaluation and system modeling

e AR IR BLERa 2T Jrik WA S TR
Author, Year Machine learning algorithms Object of study Prediction scale
_— 1201917 ESlrcqequlE e P TN AT (4R B2 )
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[ B G 173 V8 R G AILE REAE TR AP B (K
Wang, et al. 2019!1 e vt s 8 4 %— ngﬁl e % 1 % y EP & (%)
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2019 (11
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Figure 2 Machine learning algorithm common workflow for FDD
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