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Biomedical knowledge graphs supporting evidence-based

medicine decision-making

JING Meng-Tian', LEI Lei', FAN Hai-Wei'**
(1 ShanghaiTech University, Shanghai 201210, China; 2 Shanghai Clinical
Research and Trial Center, Shanghai 201210, China)

Abstract: Evidence-based medicine decision-making faces challenges of information overload and knowledge

fragmentation. As an emerging technology, biomedical knowledge graphs show the potential to address these issues.

This paper systematically analyzes the current application status and technical paths of knowledge graphs in

evidence-based medicine, and reveals how they transform the acquisition, integration, and application models of

clinical evidence. Knowledge graphs achieve systematic representation and intelligent reasoning of medical

knowledge through semantic network structures, providing decision-making support for personalized treatment, rare

disease diagnosis, etc. Although they face challenges such as evidence quality assessment, dynamic updating, and

interpretability, knowledge graphs are driving the transformation of evidence-based medicine from "literature-

based" to "knowledge-based", and show broad prospects in evidence integration and human-machine collaborative

decision-making.

Key words: biomedical knowledge graph; evidence-based medicine; clinical decision support; artificial intelligence;

knowledge representation

1 3]

1.1 [a)@iR

TEIAREEIT R R, ABIEDS 2 CoN TR S IR IR
PR M hriE, BRERYT SCE LA AT RS 1
BREUEHE LA o SR, BE S R 2= B 7 A R o
K, BRI7 A DL IR TR HT A oA 15 Bl 8Pk ik«
RSO R, IR RIS AEAE LR 2Rk
JRE g, S ER, RSCEE R IR £
SRR, thdn s BRI TEAEIR, KT
17 F 4 ReNG T 7R ARG IR T2 B 5 R AR &
DL B RAS, B R BT IR TE
AR RS 5 UER RS EATE, RN LE
A PR A ] Py SO A A P

ES AR EH RO, CHZAZHRLE. T
REBMEIBIT R R, gt B Bk
ARG T B B GBS 155 2
P BB SR R IR FE R, TCV R I PR Y SR 1
MM ETFRDY, e HEE. RonF
FH i 2 2 SR DL S RRIB IR B 2 R 5, ORI (5
A T AR AR R ] R
1.2 HAHB

SR AR O — FloR M R IR R s SRR,
AR, U AERAE AL B 2 AT ) I 2 I A s
A5 2 R PR 3 3 PR S A M S A A ( L

il

2. RN A, BEMZ KR (A
BT . BRSE) MENd, WEBR—DNERMN
B MG, MBI KRG FRR SHEFLIR AL T
MEZE D HAr, O 2 A KB A B AR IR
JZ B, g —E SR S & 4 (Unified Medical
Language System, UMLS) %4 25 200 /3> 51
B 500 22 FTANBEERN s 1B R dE E (Semantic
MEDLINE Database, SemMedDB) M PubMed ik
LT R 5 760 1AM B % & 5 SNOMED CT
AL TR 35 A EFEM AR ARIE R R U,
Kl 1 J87R T SNOMED CT RIEHER B 445, 1%
BALE I 7y R AR EW S, R T E S
BIE X Gi—. ZEMNERARE MR ME . T
VESRAL T LR, A Bh T 3083 5 S M A A b R
Ry AL S
F 1 %)% 7 SNOMED CT H5E X 19 AT 2K
o, EFEERAEI. BE. A%, XU E
SUSE A T A R IS 2 R B R SR L T B 1
DE ISy NS
COVID-19 K47 HATE, 01 B 4 A e 3
TINTHAIE 35 A B R A . B, RN BT 4
NERE R E T COVID-19 RS &, {ERn (A
PREE T BT T R AR DR ST R PR E s, A 8 FF
THE AL, BRI IR ST ek P %R
Bl78 5 R T AR RS E R A S  2E 0 . s



#1208 IEAR, 4 MBI E B B S i 1507
[ Components ] _______
________ ( B
( 1 Each concepthas |
| O“EIFSN foreach | atleast one l1sa] 1
| anguage ! relationship |
N e+ e = N e e - P

\
\

Fully Specified
Name (FSN)

|Isa|
relationship

SNOMED CT Identifier

| Hasa |
(attribute)
relationship

1
~
~

7 : 1
4 N 1 1
7’ ~ 1
_____ (O e . S —— | ||
{ " 1 { There may also be any \ 1 1
One Synonym is marked 1 ey S
I % 5 3 1 | number of Synonyms N
I as “Preferred” in each i 1 marked as 1 1 { Each concept can !
! h

I language j i “Acceptable” | X 1 ave a.s many I
L S S ———- | S S —— 1 1 attribute 1
1 1 relationships as 1
________ \ \ needed (0...n) 7

I Each component has |
a unique identifier |

[Ell SNOMED CTHYIZ iR I E "

UEHE 5 AN B i PR ok SR 7 TR B KT 70, A IE
&2 SR 1R BRI 1%
1.3 MRERSLGZENE

KRLRIR B AE RGN R B R S 8 E R 1 A
TS . FATLE PubMed. IEEE Xplore %5444
PR ZR 7 AHIRSCHR, FF0 L BEAT 04 o AR -
BR - PRI FANEZE, o 1 IR B2 o SCHER 2
ZERAG R, T BT BRI R USRI Rt ik 2 1

HAT, MHRRE AR EE g 5N R G
WO R K. Hiln, il G KR 8 BRI
AR AR, Mg 7 A EHom 7T = o4 B
R, JREZ K =W RTINS, 2R
Tl R R0 2 DR IS T THTEAS T BB B Y
KREERAE R G G IR K SR FI, Wi 1
DAFF AR IF 2 AT BE AR AR R R A%

2 ERIBLSRARRKE

2.1 EAERAE R
2.1.1  fHUEBE AR AIPICOHESE

PEUEE %~ (Evidence-based medicine, EBM) 5 i
VB AT TR I PR L b RN B8 AN DU HL

&, DR RImK s ", PICO HEZE 4N 2 FR,
SRR 2 R s e b, BN ERAN . &
HHEAR (Population). T Tii## i (Intervention). i fi&
1 Jiti (Comparison) F145 5845 (Outcome). PICO #E
BERRTE T I R o) @R T B £, O RS SRR 3R
FREYE AN B0 T 560 1.

SR, PICO HEZLAE S ] J2 1 B M s Pk il EL 2
I 2% 3CHR ' PICO Jo & AR R & 72 S0 R AR 2 X
PRV s Im PR RS TR P8 R 22 4 R 3 M DL S8 4 g0 A\ HE
B8 GRS S br B G AR AR 22 5, BRI T E
I (0 A0 A 5 M R B B R AT D@ B X
PICO JC & B H BRI 8 X OHR 23 A1 A7 15 Jk
FERE, ONOEIEDE R SR AR A RS . AT SRR .
2.1.2 AR AR P R R R R

AW R 2 U P A — AR R (1 0 S 4% 5
Fa), 3B s R I R R R A S S e R T
FER /B 00T A S A T A AR S AT R
EHE AT A AR R e 1

XY SUE IS FE O RRAAM Bk, FE
BFIRIT KRR (W0 “AY) A-IRIT - W B” ). 2K



1508 HE i Bl ERVES
#1 SNOMED CTHI19MNRZR A A
Fg TS 2R X

1

~N O L B

10
11
12
13
14

15
16

17

18

19

Clinical finding (I & )
Procedure (#1F)

Situation with explicit context (L4 H#ff
HEEHIE L)

Observable entity (M4} %)
Body structure (& 445 14))
Organism (4 HL1£)
Substance (#57)

Pharmaceutical/biologic product (Z§4/4=
L//a))
Specimen (A74%)

Special concept (RFIAMERY)

Physical object (#3 X %)

Physical force (Y1 /1)

Event (1)

Environments and geographical locations
(AR b 2 52 A7)

Social context (f+£3¥415%)

Staging and scales (73} 7 F%)

Qualifier value (PR & {H)
Record artefact (A Nid3E)

SNOMED CT model component
(SNOMED CTHi# 21 7)

FOR—AER SR GE R PRSI, R I 1R S I AR
BRGSO TR PTIR T ) (I AR R B2 B SRR R 12 W
FORTEFLAE FEE T T R RS S . XA IR AERIE, a2y,

AR A BRI FE T R0 REVIBRAR. BT [ FES)
FERRE S A IR PR & SCIOME & e S — 845 o X EE G — AN A AR B
B, REAEWHIRKREI, TREEE, SUEEEMR T AN K
A N RAE S| A BB 2| OO UBEZEBEAE S| [T R S )
FoR AT REPE AR A I RN — A I AT (S R (RDRREEREA (1))
PO AL RO A G5 AL (| A | (IR PR )
Foontt NI A e S E I AR VEBEER T | [LURE R [RE AR 4R
Fon R, EHEDHIE . ANPGRS B IR TR S T
(| | (SR [FEA])
FARG] (A BT BTG AR250 mglRFE L % LIk Sl S M+ AR L))

FERARAG 00 FH TR 803 BT I S G SR LR ) (AT PRIBEAR AR [A1 21 2
TR AR

TR BT AREE A 2B rh (307, (R ] DAZERR R 24 o A F ()
US| | BRG]

Fon FARFINERT R (| Sk e 28] (EANEE] RE)

FERAR AL R F A A DR 2R (R R ST )

FEOR bR B AR AN T TR M (K HRRE )

FORWEERA, AfEHS AR, WnE R X @ ICU | |HAREIT O
P+

Fent i FE AR AE AT H LR SR AL 2 S AR AERSEE (AP0 PR+ B R U A1)

FTRVTAl B2 SR o3 3 2R G (A 4% 0 BT B R B3|\ | FIGOIE BRI i 88 43
WAR5)

FORFFISNOMED CTHIJEMEAY, XL R AR TRZMNE & AT 8 (n 22|
|G R |UE)

FR A NFEAAT ST T B B A B A E 0 P i A EsR] i
SETUH | |Z0 SR A

A4 7 3 FFSNOMED CT & A1 14 AR e 4R

BRARVERKR, RBEKR AERRRHNFRR. EVEZIREE A AR R E =, Rl
fRFI DG RANESE SRR R Ve IXFAT A - KRN SRR AR SO B A, D9 IRTE L 2 ok

&2 PICOHEZE

FAEMEFEE M AR LR B 3 BT7R [ BioCypher 52
— AN AR B A AR B S A AR LS, @ ETL
(i (Extract). % ¥t (Transform). W% (Load)) i
FEHEN K B V5 A A A HEAT R i, S
T RIE B ERE RS A S AR . I HESE SR A R
BEHR PRI E R, IR T ARIAT Sk bR
AL 518 L, A g — MBS, AT
TR A SRS 1

AR TAL Gk R B P, AR B ) RS 454
FVFBNAS T INFT I R R, LR
T R 2 EN R I AN s AR AN g o 3K P R E RN T



#1244 AL, S ARV SRR BN A B G E B 2R R 1509
a )
Resources BioCypher

o ()
=
o ()

n @-
Tissue
v

SQL § LPG || RDF | etc
[ ele

l— . Primary resource
Secondary resource

~\CRcrssBAR'———»
.___/

—

.—\
.—%{L
< P

”— —

ftp://

GO | DO | etc

Ontologies
Harmonization

Optimization

i

J

Neo4j

ArangoDB

has

Cell line —

is similar to

Genetic dependency

Iy
)
Q
o
-+
(7]

is part of

Clinical
measured in Knowledge ' reOCtO me
Graph

INtActd ‘

is part of
—_———

Pathway

measured il& Patient
has \.

NIH

lrelevant in

Disease
m reoeived

Funding
KG

has
alternative

receptor
. _/geted by
signaling
CROssBAR |

&3 BioCyphertzZ2"

Tl R L2 7 U PR AR AL BT RN 2 R EL
AR 2 R R PR ) R A S i LA DA
NOREPIR. () BIRRIEESES Mo aE R
FHERE1C % (Electronic health record, EHR). A JL#{
¥& PE (41 DrugBank. DisGeNET. PubMed). i JK
B I T I A e 4 22 VR A - (2) BUETE R S
FRUEAL o 0 S b B AT AT A AL B, 4 T
IEIE UMLS B AN FEARE A SOC R, SEBliE L —
M ) RPN E R RME . FIHBRIES &
PR T H (41 MetaMap- SciSpacy) M SCASH A7 «
250, RS AR L HOE R R s (4) AR TR
=R - KA ES RS PR HEAR (4 SNOMED
CT.Gene Ontology) X} 5%, A= B HITEAL = Te 4l hyrt (3k
524 Head entity), 5% % (Relation), H#HrSZ4& (Target)):
(5) P %0 4 22 44 2 5 47 i - >R H Neodj. Amazon

Neptune 55 80408 e A7 i FR = o4, SE3 m Rl
AW s (6) FIREIESEH : SIANETZFIEH S5 H3)
RS, X = uH B, FHC =T
FrL o
2.2 XBEEAREE
221 AIUGREUGEA

AR 2 R R PR PR ) FE AR T A 22 U S A
PR R AR, RS EE B A& Ak
SERISCA TR K AR 42 1O, S5k B kIR
AL HE I R X568 2508 & (W0 ClinicalTrials.gov). 72 3
AW R 2 (40 DrugBank. DisGeNET %5 ) Al
FL T RT3 P (R 5 A4 b Bt 17

SER AL B G i s 1Y) 3 P AR A S U
Z A e . AT E TR 1 BT AR WL (1 4
W%, Widid UMLS. SNOMED CT R4



1510 Akl H37%
ARy, Sl SR BRI TR (1 e T, Gene Ontology %%, AAKRYE 72 B H T 511H B g 1)

FEAR S KA SO Y248 7 T, B AR 5 b PR
(Natural language processing, NLP) £ K /& M Il K &
B R S STHR AN 7 10 5 55 A AR BRI )
T H . NLP SRS oy 42 Lk R, K
FAMH FEARHE A PR B IR

BExF PICO HEZLH) A 3 A AL R, BEANER
SEOCHR A IR B B R . T IS X L LA g R
TRbR, SCRREIERS =k A e 1,

i BT 22 R UEE T LA A R 2 SO TR B
IHEZE, SIANBESARAIR, AT DU R m S ok
RAMAUPHER R . B0, Sousa 25 ' 4R HI ) K-RET
RGNS Z IR AR SE S 1 5% R A A
PEAN7E 5517 -

222 FRFRITIE

ER TR S BRI = 2 R AL g T AL AT
REERAITE A, AR 2 R P A D SR SRR AR
FHRRBERA T, T AR B AE 9 AR R o I — B ik
BT RS SRR U AL - LR T B
PRI, SEILT FRAL B  ER B G — R s A SR

ARG T 75 PR B AL [ B RN, A0
R Sl B TR R AT R, AT SRR R IR
(TH SCBEE RIS R RS, TAh 78 T HAR R
JPEIIAS Mo AR AR A g R VR i 1 1 SCBERE
i T A TE SO N A% DS R RMZTIR,
NENR BTSSR B G — B SCHESR o 1K — T5 AR BRI T
A ) A U C A3 BT M, i SNOMED CTs

Concept Id { Description ‘

\/ myocardial infarction \\
L (disorder) )

(

myocardial infarction ‘
L |

! Infarctionofheart
\ J

22298006 \\ . cardiac infarction :
AN J

A ¢

\ \ (

X

heart attack

\ “ myocardial infarct ;

( MI - Myocardial |
L infarction

Hefilie g rp U,

Kl 4 £/~ T SNOMED CT H — AN & 24 & 1)
TR AR I, AR IZM S R E AR IR AR,
ARIEFB LG HABE & 2 AR R G E . X Fh4h
R AR 3k 77 30 K 2 A T S I P R 5 2 A A
BEE | IR SIERA

TELEW 24403, KG-BERT (Knowledge Graph,
KG) 5515 RS TN 2508 5 A 5 3R AR 45 5
ST BRI B R SO R P BRI R
SCRA R 22 SR B BT IR 2, RS FE 2454 -
PR R FR PR SS EHR 2487t Bkt ] LLE
HH A I 5N VR R T DU SR T 48 1= 2 TG Y
HERA 2

AL, ZRESMRF B H 2B EMN, W
BEXAK. BEMyTEMEZREE, R4
T B S AR R 2 M AR A T B AR A R . IR
AW AR R IR T RO A 8 2 0 R S SR it 1 5
KA LRI RE
223 AN

BT AR S En R R I e SR SR N IEAE
MEUE LS AR R it sl . B MEIR TR R 5t
FEMVH R, RS BERME. PR HLEI RN
JYUESE, BE v BE AR SRt sl AR 9T 7 % B,
IBM Watson for Oncology (https://www.cancertaipei.
tw/watson FiE VA I7 4l Bl R4 /?1ang=zh-hans) % T
i 1500 73 0T B 22 BORMA A B RR KR, Dy it

Acceptability
Description type (US English LanguageJ
Ref Set)

[ Fully Specified Name
| (FSN)

Preferred

~

Acceptable

=

‘ Synonym

[El4 SNOMED CT# M &R fR R~ 5™



124 AR, S AW R A B A I 2 o R SR 1511

ERAAEBIT W, BRI ER I, It
I TR LR FH 24 SR SR IR 5

Bl 5 v “HEHE - A - s BAGAESL, AR
URER ORI R, (s BHEL miRFoR. K
P SHER D IR, B SRR B 5 I PR e
FATSs o ZTFERDL T AR R A 125 2 vk 56 SRR
vy 2 v A FH 6 42

I RES AL 2 5 — BN, Wit i K&
BEWITYIBSHE KRR, RIRESITHEIE
BESzif 48 S AT DAIE T AR RS AT IR R R A2 R 4t
FIF R, A B SIT BE ME IR,
BHFISIT IR IR SR I .

¥ 0 R B 5 K BTE S LR (LLMs) M 45 5
AP R SRR R G HERTE P i, 2024 4E
(ORI U2 H T 0 R P 5 ) LLM A AR Y, R
BT AGIE 25 237 5, L 5 B IR B (RS £ 5
LR E AR A P

3 XBNRZ=ERSH

3.1 HMEEMESEERT

24 S A SR R AR AR I R A v B L
NN sz —, BAE45E 25971 & A
FE AT A 198 77 2. Rephetio T H ¥ 2 T 44 4.7
TR KRR, MUK 225 R ARMAED
5 FH B Hetionet, #4451k H 29 NA
WEEME B, 1% H R EE T T A K7 T 254 -
PR K FR, FHE B A 9 2 PRI B S N
Gi— M EEAE, T T 20 2 MALE D - R
R ALK AR T AT AEpE B,

Rephetio D Flll | 2 A BAG FE I 25 &

SEANLHLS, 0 TR 470 R 24 ) FE Lk T X 48 RE 1 i
IR IT AR, B S E S A B A4S BESE. 1R
COVID-19 KifiA7 #iE], 2 ANH 78 B KE T 50 iR
PR V) TV AE 9T SARS-CoV-2 254, 1 B2 i
B, 12 ETEIRRIRE b 2R AL 25 IRk
BB SR,

R, FRATT R DU B A B R SRR . R AR
HHEL AT FH D00 288 ATl PR X e 0040 43 21 1) J2 IR A R
TEAEZE, ATLAH T B S g R 1) 25 W) E A .
ZAELELELE T ) LB e i 55 ) [ 9 12
WEH, BRI KR 5 1A S P HEE A% L 51 3R 1
R, SER TSR — R 7. ZAESE )
— AN RAETEINT “YRITUEYR SR R IREE ),
WA R R ESE (o T LI B RIS AE ) B
NG VP ok R P,

3.2 ERRZEEE

LI S A = 2 A Y KB, L R
Wi 4 ERZ) 6%~10% I, I HL 83 136 1 15 12 e
FEIR (25% 7 5~30 12 ). w2 (40%). A MR
I7 J A5 BIAE AR i P, T A S S S P
TR 43 B 2 D O ARURT 2 2 SR A - S TR R OG K,
TEAE 553 5 LR 2 AR o

FindZebra % 4t /& & 14 & 1 4 B 27 95 12 7 11
SR, T 2 DL R R G 2R A 1) i B
T, IR R A SR ALK R ORI WS B R HE AN
KM AAK (Human Phenotype Ontology, HPO) A&,
SR 5 TE 5 R AR 0 R I R ABLRE A B2
. TE 56 MR ZEFIH, FindZebra ¥4 IF#i 2 W
HELE FT 10 AL 1 AE B 208 B 62.5%, &% & T H
#2512 P, & 6 4 FindZebra B ¥ ) 7 T 718 & K

MIEHEEIRERBIFZ

@\

IEHEITAL

SRR RIEA
543

BEIHER LN E
HINSRE LBOMENIS

(/E\\ ( (B A FAR R
—1 )

\ REBIE

El5 “IEHRE-FIR-RK” FEAESEE



1512 EXiig =

374

(https://www.findzebra.com/search?q=sinus), 1% & 4t
BT RR EEN ERBUAAA (HPO) M4, 1l
N BFREIR B UL AL AT B8 B 2 W, Il R 2 £k
HESW L, PRI T AR RS AR SL bR 2 B T A
OIS ERE IR

BRILZ 4h, RareNet REHE G | B RAUHIE
FERZ AR BHE L, W T 2R REH -
PARABAMETHEAESE . 1% RS B R T M 4
IR R BRI AR R, e A2 - R A
RIKM L HEATHERE, 722 20 5 WmIASE B, #IE
B2 W HELE AT 51 R HER R 0L R R UL L 7 V6
EhEE, AR A A B2 W 1 22180 PR e 451

P 7 4 RareNet ‘B M ff)7s = & (http://www.rarenet.
ewsymposium-2016), 1% R GRS 7R A, FEFAR
FAERE R, SEEE M 5P|, S
P 0 28 W (R S B2 W e B, gk — 2R 1 0

FindZebra About Contact Help

sinus

@ Diseases (1264) O Genes

P EITE 5 R B 2 2] BOR Rl & B AT 5
33 ZRMHAERERE

Z 953 Fh 3t B (multimorbidity) 2 A IR BT
AR E R, I 60% 1EF B FEE
ZRE MR Yo A G I B S HE R T I ™ 5 R PR
DRI S 1K PR i i 10 5 A SR M g v, R = i [
ERANEAE A g U

TR P I MR I I 2 S, D 2R3k
RE B 7O MR T S Il R R TR
W&, BEIRIERNTT R, B2 MRRRM (it
5L 29V BEAE R B PR ) A 0%
g e HANRATE I, FHZEEEZRAILER
ZoOBkaR, MEEIRA 5 MUl B2, Bie S8
YRR ELAE XU S5 48 17

T RN ERE RS R 5, P UES RS
BE TS AImIRTR W =JnH B

Login

Search

Advanced
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Silent Sinus Syndrome  Wikipedia

Silent sinus syndrome Other names Imploding antrum syndrome Specialty ENT surgery Silent sinus syndrome is a spontaneous, asymptomatic collapse of the
maxillary sinus and orbital floor associated with negative sinus pressures. .. Usually the diagnosis is suspected clinically, and it can be confirmed radiologically by
characteristic imaging features that include maxillary sinus outlet obstruction, sinus opacification, and sinus volume loss caused by inward retraction of the sinus
walls. ... References [ edit ] lliner A, Davidson HC, Harnsberger HR, Hoffman J (2002). *The silent sinus syndrome: clinical and radiographic findings". ... Full text

Related articles

Sinus Node Dysfunction wikipedia

Sinus node dysfunction (SND) Other names Sick Sinus Syndrome or Sinoatrial node disease Telemetry strip of a 44-year-old SCN3B,

female with asymptomatic sinus pause found while admitted for mildly sy

atic COVID-19p

ia. ... This ECG from SCNSA,

the same patient shows atrial fibrillation at around 126 beats per minute. The most common complication of sinus node HCN4,
dysfunction is the development of tachycardia-bradycardia syndrome with abnormal atrial rhythms such as atrial tachycardia, KCNJS5,

Sick Sinus Syndrome 1 Omim

Description The term 'sick sinus syndrome' encompasses a variety of conditions caused by sinus node dysfunction. .. Electrocardiogram typically MYH6é,

shows sinus bradycardia, sinus arrest, and/or sinoatrial block. Episodes of atrial tachycardias coexisting with sinus bradycardia (‘tachycardia- SCNS5A,

bradycardia syndrome’) are also common in this disorder. .. Susceptibility to sick sinus syndrome (SSS3; 614090) is influenced by variationinthe HCN4,

MYH6 gene (160710). ... Inheritance The inheritance pattern of sick sinus syndrome in the families reported by Benson et al. (2003) was POMC,
Related articles

&6 FindZebraZ%:
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7+8.12.2016
de Strasbourg

internationaux.

Les 7 et 8 décembre 2016 dans les locaux de la

projet RARENET.

Renseignements et inscriptions :
Christelle Olives : » 33(0)3 68 85 39 19

Télécharger les programmes :
Programme odontologie (pdf)

Programme immunologie (pdf)

RARENET NEWS CONGRES ET FORMATIONS CALENDRIER RESSOURCES APPELS D'OFFRES CONTACT
SYMPOSIUM 2016
LES INTERVENANTS
SYMPOS'U M Pour les auto rares et
» Jorg Distler, Erlangen, Allemagne
e Lorenzo (avaqn.x Pavie, ltalie
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