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[Abstract] The incidence of rare diseases is extremely low, but the overall number of patients with rare diseases is

quite large. The consequences of rare diseases are severe and impose a heavy burden on patients, their families and the entire

society. Although there are many researches on gene sequencing technology and clinical decision support system (CDSS)

combined with artificial intelligence technology to assist the diagnosis of rare diseases, the diagnosis of rare diseases remains

a great challenge in clinical practice. In this paper, we briefly reviewed the CDSS for rare diseases, aiming to analyze the

current technique status and challenges of artificial intelligence technology in rare diseases.
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Fig1 Clinical application scenarios of clinical decision support system (CDSS) for rare disease
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Tab 1 Current tools and resources for diagnosis of rare diseases
Tool/resource Input Data type Application Uniform resource locator
DECIPHER Phenotype  Phenotype, genotype Comprehensive  https://decipher.sanger.ac.uk/
FindZebra Text Phenotype Tools http://www findzebra.com
Phenomizer Phenotype Phenotype Tools http://compbio.charite.de/phenomizer
SimulConsult Text Phenotype Tools https://www.simulconsult.com
Mendelian Phenotype Phenotype Tools https://www.mendelian.co/
ANNOVAR Gene Genotype Tools http://annovar.openbioinformatics.org/en/latest/
VEP Gene Genotype Tools http://grch37.ensembl.org/Homo_sapiens/Tools/VEP
Exomiser Gene Genotype Tools https://www.sanger.ac.uk/science/tools/exomiser
OMIM Text Phenotype, genotype  Knowledge-base  http://www.omim.org
Orphanet Text Phenotype Knowledge-base  https://www.orpha.net/consor/cgi-bin/index.php
PubMed Text Phenotype, genotype ~ Knowledge-base  https://www.ncbi.nlm.nih.gov/pubmed
WebMD Text Phenotype Knowledge-base  https://www.webmd.com
GARD Text Phenotype Knowledge-base  https://rarediseases.info.nih.gov/
ExAC Gene Genotype Knowledge-base http://exac.broadinstitute.org/
HGMD Gene Phenotype, genotype  Knowledge-base  http://www.hgmd.cf.ac.uk/ac/index.php
ClinVar Gene Genotype Knowledge-base  https://www.ncbi.nlm.nih.gov/clinvar/
HPO Phenotype Ontology Knowledge-base  https://hpo.jax.org/app/
CHPO Phenotype Ontology Knowledge-base  Attp://www.chinahpo.org/
1000 Genomes Gene Genotype Knowledge-base  http://www.internationalgenome.org/
dbSNP Gene Genotype Knowledge-base  https://www.ncbi.nlm.nih.gov/projects/SNP/
GeneCards Gene Gene Knowledge-base  https://www.genecards.org/
MalaCards Text Phenotype Knowledge-base  http:/www.malacards.org/

2 FENjE CDSS R AT EgEH A

HAVE) CDSS 2N izt & 3 ANFEZHR D H
U | JEFEE | SEMANAZ B RS, F UK CDSS J&
AR FITRZE R CDSS, AR RS H .04
1, ASCR LS TP B i N T BB AR AT
JEZR Gt 2 AER ) B 43 5 WA Y CDSS.
2.1 BRBREBHSMAG TEEGNE LKL W T
P, AR 0 AR EE TN I R 48 2 1 5 =X
X A I TR R BRI . (AR RSB, A
it 2 JE R ARME AR A FR R e . A TH i R
A . FULR CDSS M 1 AN Higso 25l B
I REE VR UEF PREE . 4T ) B R AR . BRI ]
CDSS W2 HAKRAET AN, LA RIET AN TR
BARE K B T — LB B R B AR, X
SRR TR N AR R AR
05 G A e A B 1 s R T A TR
face2gene HCH ] A1 H £ 2 A IR0 HE R XoF TR AREAE
A, FIAHBEIRRBIEAR . A TERAE LSS
R PEIEAT O 2 I WAR 2K S %, RTEUS
AEERECRMY R B s R AR B 5ds 2 A1k
FARTIFIH A sk i i R ARE R S,
SIRTERE BT ST IC R, STRFERRSR AL . Kk

TR T ) 43 B R4 T 0 28 2 221 ey, Sk S
TATHE RGN PR D R0 . 35 YRR
R R,

2.2 FWJ% CDSS ey 31 % {KHi 47T CDSS
RSB RER, KRECTLLE CDSS 43 Al R #%
RIREN RIS R G0 . BT AL IR S IR R Ge . [
LIRS BRI R 5L . T LA E ) IR R
Gto HETmPREEAS AN RS RN A R 22 45 PR LX) R0
TR S 0 EOR AR, BRI IE R H
ok, EHTER S E RS0 (hospital information
system, HIS) " i W o T HETHLAR>T 09
“RAET R, HETHLER 1Y CDSS TEI RN H]
AT WL, AR RIS o TN
FEARZR S Z i, TR B S N R A g 2
FIEEMPR R GRS NGNS, X T WA R hE
HBhi2Wr, X2 CDSS MM EE S, BT
o S L9 9 2R IR RN PR R ) 2R 7 B DE K
HRREIR RN S, BUAh, UL (% HL
b, IEARESE T AL A OTER) BT IR AR
AEI. DL 2. HETA RS WA &
T B2 AR R UL CDSS . MR T 4K 5)
TR RV AR R GRS | SR 2 B T A
ZERIE T, R LA A Resink™! |



O 8. R, A N TERERORMBIT: FILRIR AR RGEMTR . RSBk + 823 -

Lin*?| graph IC measure™45, A /LiEitTH%R
SR RB T, U0 FindZebra®™', MalaCards™”!
o BUCMAT AR EGESINE , AR ILE CDSS #7E
SARLE A PR R I FITR PR S AR, A
REEE S G — M HERE S | HESR . BTt 45 EE 2 S
IR AR SY , AR RERN R R a8,

TCEEKG 2R F WA CDSS #EFS |2 H i bR .

Knowledge-base 1 . ‘

®
2] o

»

Case/training set

B2 4KIGERRRIIFRE (CDSS) SHIRERLGH
IZREIRR IR T X 7
Fig 2 Relationships between four different types of
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1: Ideal CDSS; 2: Work-flow CDSS; 3: Rule based CDSS;
4: Knowledge-base CDSS; 5: Machine-learning based CDSS.
CDSS: Clinical decision support system
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