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Abstract

Data health initiatives require that we are able to derive evidence from an observational database using
Real World Data (RWD) collected exclusively. As the issues related to database design, RWD requires inte-
gration into the standard information model and controlled terminologies, inter-organization calibration on
such as measurement results, identification and tracking of patient individuals, and bias problems related
to data sources. Regarding these issues, standardization of ETL method from RWD, definition of standard-
ized database structure, developing proper methodology to define cohorts, identification of the sources of
RWD data and development of quality measures, and ensuring coverage on all cohorts and time series are
the highest priority research topics of the medical big data era. We focused on methodologies for defining a
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common data model for an observational research database and proper phenotyping for the medical infor-

matics concerned. We have investigated the PheKB repository that publishes phenotyping methods in the
eMERGE project, and the OMOP Common Data Model and standard vocabulary developed by in OHDSI
project. We also propose that rather than trying to implement international CDM in a single step, we should

set up two projects. One is promoting the development of a CDM consortium so that electronic medical

vendors properly integrate their EHR system and DWH regarding Japanese standard terminologies. The

other is that the researcher should develop the mapping tools that map between domestic and international

CDM and Terminologies leveraging the CDM.
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Login ' Request Account

ing phenotypes

Home  Phenotypes Resources Contact Us

&) » Phenotypes » Phenotype 737

% Rheumatology Auto-Immune characteristics

Phenotype Data Dictionaries Implementations/Datasets

Dear,

To identify cases with auto-immune rheumatologic phenotye (for NT198) we request information about auto-antibody (whether it was
tested and what the restults were) and drug information (whether it was prescribed) for each patients that is enrolled in eMERGE. We are

requesting every mention of any of the expanded generic drugs.

The data dictionaries (located under the "data dictionary" tab) contain the generic names of the variables. As many systems use different
names we anticipated on this by providing a wide range of possible names (including RxCui and RxNorms) for each drug and antibodies in

the additional .xIxs files (under the "Files" section).

Please don't hesitate to contact me if there is any unclarity about the variables.

Thanks,
Rachel

rknevel@bwh.harvard.edu

{Z] Phenotype ID: 737

{7] status:
Final
List on the Collaboration Phenotypes List

{7] Type of Phenotype:
Other Trait

&h Data Modalities and Methods Used:

Laboratories
Medications

Ch Files:

[F) Antibody list of alternative names

D Drug list alternative names

5 Institution:
Harvard Medical School

[#] Date Created:
Wednesday, June 28, 2017

&b Age:
Adult

1 YU FECREMERB DOphenotypingAF (RHITIIMESRMAE L TOHE, EEROD

JZ b ziRf)
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1. OHDSI®O B#HY
Observational Health Data Science and Informatics
(OHDSD) &, K E o R 3t [ (PhRMA, FDA,

FNIH) LY MA L LTHAE L720OMOP (Observational

Medical Outcomes Partnership) % Hi& & LC, [EFEHREH
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OMOP Common Data Model (CDM) #fZ#eE 50 & L
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BHBLOELODLT I M ALE) TIVY 4 LMHEE
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3) shRHEBAR (comparative effectiveness research :
CER)
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6) mEmE

OMOP CDM 2k S M 728157 — # 12 L THR %
WM MZT52F =7 V=AY —VERET 5.
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{iil concept_relationship
Lconcept id 1
Lrelationshipid  varchar(20)
Lvalid_start_date
Tivalid_end_date
invalid_reason

relationship_id relationship_id

1l concept
Lconcept_id
[l retationship 1] concept_name
71 domain_id
il vocabulary_jd
———relationshpconcept d-concept-d——B || concept_class_id
il standard_concept
. concept_code

L valid_start_date
11 valid_end_date
1l invalid_reasen

[1ll concept_ancestor

BT BT LT, BEWICEEHRE - 2 A7 212F
TeSo THIMI M3 - AR T — 4y RX—2 %
W8T & 5. OMOP CDM® 11 £ # iZ Creative Common
®DPublic DomainZ {4 £t v A TRABEINTEY, Ko
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phenotypingD FE#EALIZ K X S BB 2 L& ) 04 B
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B A E0IDAFEHE LB WL H I, OHDSIOB% 7
V=TI L o THKAOMEIIH L T—BOEAEKS )
53N Tws. IhsOB&EDH» S, OMOPIZBLF
LHFE—7 BRI L7720 OEHENBEA (Standard Con-
cepts) 2SR E SN 4 BEHERBE 2 1% — D> D33 (Domain)
DARTOMPAREDOSLNLAS, o [#HE] i, #
7k 3 % Standardized Clinical Data TablesiZ B} % % 7 —
TNVIZHIET 5. Bz X, HWAICET 2L, KA
BT %1 & PO 3 5 L4 (OMOP CDMT i
CONDITION_OCCURENCET — 7' V5% %49 %) Tl
ER R v, R & 2 R T & 28I (57— & X —
ADF =7 M) #HHTLILICkD, BRSh
W TR WETT— ik sh s 2 L 2iky
LHWA3H 5. DOMAINT — 7 )V iZOMOP CDMIZ B W
THEZFHTE2H 26T 5 [ 2 €% T 5.
I fECost, Gender, Drug, Visit, Device%s ®40FE 6 @
A ER SN TS, —J, CONCEPT CLASSTHk

11 domain
1 domain_jd
[ domain_name Vo
1 domain_concept id

iil concept_class

Lancestor_concept id
1 descendant_concept id

I min_levels_of_separation
1 max_levels_of_separation _intoger

K2 #E£%EET30MOP CDMOFT—JIVE (CDMv.5.3NAX—T&AMR{ELEED)

1 concept_class_id varchar(20)

[ concept_class_name  varchar(255)
i1, concept_class_conceptid  intager
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&0 5 A (Hl, Procedure, Clinical Finding%) #* %E3%
LTBY, £L40MeonrEskL s, Dok
912, OMOP CDM®Standard VocabularylZ 8\ THE D
WM R PR L7220 R EORELAE T v
XIIC, MED 7 7 A5, COMIZBIT 5 4HE OfE
WL L COMEOHEBE EDOTWA. #iF, phenotype
FRET A, S LTERTAMEEMET HIC
Hico TOEKRS ZHLEEL, BN - BAHAEO B VKR
FTAEMEST LDICHBL Tw5b. VOCABULARY T —
7 ix, CONCEPTF — 7 WIS 784 % Ik L
TWAHEHAFEEO—EL2EML TWw5. OMOP CDM
ver 5.3ME TN E R L TV B HFEE D &0 TIORE
DOHFEEPBEHFINTEY, BRI NIMEoEEINE
MTELIHICEHINTVAS,
RELATIONSHIPS — 7 )V i3 4 2 14 o BH AR o Rl 0 % 45
FLTBY, EBEoOMSH MM IZCONCEPT RE-
LATIONSHIP CEH SN TW5. #%ik¥4 5 X 912, phe-
notypinglZH 7z o THREK O 7V — ¥ ¥ 7 R[H URhig
LVIIT R T AR E —EET A701C, 2
DCONCEPT _RELATIONSHIPTC & 2 & LT\ 2 B4R
PHHENS. ZOBBRMEDERIAH SN THREET
EPINDZ LITED, BIZRE I X 5 TphenotypingHf
W25 L LCTHRET 2B EH G O BIGTR 128
WTHEVINA T AZIEL TS,
2) Standardized Metadata
CDM_SOURCEF — 7V C CDMIZI Y SAA 7 — %
DOFAEFIZOWTEHLTEBY, F—F Vv —A%ELHH,
ETLFEIZ D WTERR L 72 CEANDURL, 77— 7 DHLY
AAH, YEHZHEER L T EE OIDS & L8
T2, 727201, BARCDMIZEMENZF—FI1Zo0n
T, Z®OCDM SOURCE: D) L—¥ 3 YR ST
WhWied, 2R LICEADT—FPREDTF—F I —X,
ETLO 7 Ut A& B TWY AF 7202458 TE HIRE
3> THE 5T, Zil LodEoR A D5 L -Bbh
5.
3) Standardized Clinical Data Tables
BISEHIMNICB T 2 BBHEOBKA XY ML, 20
COMICEE#H SN 5. BB EAMEHR (PERSON), % 4
2B 2B (— A2 &, HEOBIEHEM O
J5 B A H %) (OBSERVATION PERIOD), ARkt
(SPECIMEN), HB# 01 H &KW (DEATH), &
BB~ ORIEE Sk, AR a4k E#7r
7) (VISIT_OCCURANCE), #WiReiG#SE 0B HIT A
(PROCEDURE_OCCURRENCE), Wik - ##4f (DRUG_
EXPOSURE), fifi 2 ;AHHE#E (R—RA A= « AT | -
AN TBIfiS) rd (Bn, BIEM, VY%, £
ot (%4, BWiEhe:) (DEVICE EXPOSURE), il
OBWIR BB OEIICD & O RBERTREE, JEM (CON-
DITION_OCCURRENCE), M##E®, /N4 7 v, F#H
B0 bERGIRERE L, BEieh T3 INVEHR
THER SN A E%EDH 557 —% (MEASUREMENT),

ZEsk (NOTE), 95k 2 NLPULEL L 7245 5 %2 MM+
%5H o (NOTE_NLP), - Wi - WEFZ2EL TH
LNEERICHE T 25z, AEEE, W, FERESth
DFBIHTIZET SR VD DI ZITHMEIND (OB-
SERVATION), CDMIZL a— F& LTHRMENRTWE %
777 FEAOBERMEE EFR (F : PERSONMH o # 7B
£, JREE LT ORTIE, B B ALE TR & iz etk es
ORI, RSNk e e RO ng) (FACT .
RELATIONSHIP) # U3 %.
4) Standardized Health System Data Tables
BESERBEUORAELOEHR T — 7V (LOCA-
TION), [E#HEEOME, Arfedh (CARE SITE), [E#
PEEFEDOFEAEH (PROVIDER) 25, i AR $
LIERIC CCTHEHLTEHS NS,
5) Standardized Health Economics Data Tables

R oM & A% H (PAYER_PLAN_PERIOD),
HBWITHBICEDbBFET X E LT, DRUG COST
(DRUG_EXPOSUREIZ# L 722 A ), PROCEDURE_
COST (PROCEDURE OCCURRENCEIZE L 723 Z }),
VISIT _COST (VISIT OCCURRENCEIZZE L7232 Z }),
DEVICE_COST (DEVICE OCCURRENCEIZE L7223
b EREHREINTVDS.
6) Standardized Derived Elements
CZIIHHEENTWETF—TNVIETF—F V—Ah 5D
F—FTE %L, MOF—T VSN &% LT
TRAEMIER SN7-HREKMWT 5720125 5. RWD
BES U2 arF—rThHY, HLADLANY ME—
HHEATHEFTFINTWEZ ENEL, [4 XY MM
EWVI AN LY. LAL, afx— PHBIEBLTA
Ny MM &GRS F2T, Bl
DRUG_EXPOSUREZfHi~# DL a— FAEEZICHEE S h
RIS L TW5, i L -G EE» ST E o
BLANZ L7235 T [# 58] 25 L TDRUG_ERA
WS 5. B IEREO L XY VIR AHER LW
& ZIZDRUG_ERAICKIA S A Xy M 2 B R
5.

% 72, COHORTF — 7 v I3COHORT DEFINITION
F—TNTERINI-aFR— MiHov Y v 7 2ETL
THESRaR— 2T 5

3. OHDSIOI AV AT LELTDY —IVE

OHDSIZ7u ¥ x 7 b Tid, &b L7262 DHEBLOM
RETBETHLDIIF =TV —2ADY — IV E LA
L, T3y AF 22K L Twa. OHDSITHH &
TV BRI FEE 2 4 B L T\ H5ATHENAY R Y
Y, B—H V32— FHSCODMTEH S hTw 5 ik
WHIHEESE~O< v ¥V 7 2 R HUSAGIL, &7 7
AW+ F—F RXR—=Z2H 5CDM~NETL#% %9 5 WHITE
RABBIT, KB 2KRRFIT7T— % ORELMBITE 3
¥y v aR— F &4 2 ACHILLES, Al i a4
PORE, T ML WEREERT S 72OOHER-
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MES, 7— % X=Xl HiEEOMER I F— bOE
# - B LNV OGH Z RS AATLAS, Ik — M
B ARy — A3 ) —X - ry—Z2a v ba— ik
e F—RA 7 BAF = N—WZEIFIH T X B A LR
V7 2 TRASA 75 ) %M Eh, COMEFIH
THMEEZIZL S THA - LY 2— - EwAThh T
%. AF5Tliphenotypingll N EHTTVDLDT, I
F— MESK - HH Z ML T BATLASIZ DWW T H
3 %. ATLASIZ, OMOP CDM vhIZ#L L THESE X7z
F—=F R=21Z5 LT, MHIHEED> O ##E L 72ERER
RHWIHRLOMEEMEO L, YaE ak— Ml
DEME LTIRE - BT LI L 2HET HWebR— 2
DY —NVTH5H[22].

4, ATLAS%#FIA L /=% — MM

ATLASTIZ#iMi 2 7 a7 5 A S MHTH I L X
{, 5974 ANVI—HF—4 V&7 x— AL TRERIIC
Dk — FPEZBPTESLLIIILTVWAS. TF— FEFHKIC
&7z TConcept Set (W&t vy ) OEHRELHERLELT,

JF— MiHov Yy 72 lMATTTHL. HEEY b
X, MR ET AR ST A — 4 L LTH 2 58
SHELDVF LD OTHAE. FTEYA MIUEE
Twiars—MERPIDLOLMNT S, T[40 ET, 2
F7ANIVEPRDTUH SN (4 7y 7 ZAHM &
D180H UL LRSS BEN VWL @, oM
ARYNTHEIE) BT, HORD2DODEM1)L >~
7 v 7 ZHLPENC 2 BERIBORA 2T 5N TWE Z
ELRSUNZ, QEF T F Y OREREN—EL HWE
B LTwbraks— bR LAVET S, iHh
EXG LT 5L I, BHERHHEERIC TREMS L
LCHRESNTOWLMETH» ORAZCHMSE &ML LT
BETHLENH Y, Litoak—bEHRTIE, [#
TANWI VT 2BERIBITEF 70 & v [ 54T 5.
[X F 743 ¥ ] iERxNorm[22]2* 53R S 7= &
FHLTHBY, "Descendants’fm & a2 L T, XA
F7ANVIVICHBELTWE TS ZRICTEH L
TIAMNZANVI V] ZROEERZETHRIZLTW
5 (H3).

Concept Set Expression | Included Concepts Included Source Codes

Name:
metformin

Show| 25 #|entries

Showing 1to 1 of 1 entries

- Concept Id Concept Code Concept Name + Domain

- 1503297 6809 Metformin Drug

Search:

Previous | 1 | Next

Standard Concept Caption D

Standard D [z‘ D

M Classification [l Non-Standard |l Standard

3 A M7 FIICOEERERXNormDREERFEFAL T—HEEEL TV 585

Concept Set Expression Included Concepts @ Included Source Codes

Name:

Dx.T2DM.eMerge
Show[ 25 3 |entries

Showing 1 te 25 of 100 entries

Concept
= Concept Code

Concept Name
Id

| |

45757449 140391000119101 Ulcer of toe due to type 2 diabetes mellitus

b |

45757277  110171000119107 .
mellitus

= 40482801 443694000 Type Il diabetes mellitus uncontrolled

™ 45766052 703138006 Type |l diabetes mellitus in remission

= 4193704 313436004 Type 2 diabetes mellitus without complication

™ 4099651 190389009 Type 2 diabetes mellitus with ulcer

™ 4200875 314902007 Type 2 diabetes mellitus with peripheral angiopathy

= 4198296 314904008 ;')r/tpry‘e;fp:ﬁl;etes mellitus with neuropathic

™ 4099216 190388001 Type 2 diabetes mellitus with multiple complications Condition Standard
= 4151282 314772004 Type 2 diabetes mellitus with hypoglycemic coma

= 201530 190331003 Type 2 diabetes mellitus with hyperosmolar coma

Ulcer of lower extremity due to type 2 diabetes

Search; I

Previous |1/ 2 3 4 Next

s Standard Concept
v+ Domain : Excl
Caption

L

D, "

L
L

Condition Standard

Condition Standard

Condition Standard
Condition Standard
Condition Standard
Condition Standard

Condition Standard

Condition Standard

Condition Non-Standard

oo 0 obogo o ol
oo 0 o0bogo o o
o0 o0 obogo o g

Condition Standard

X4 2BERFOBISEZMBOICIEEL 27— @ER2ER)
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Name:

T2DM

Show| 25 % |entries

Showing 1 to 1 of 1 entries

] Concept Id Concept Code Concept Name + Domain

= 201826 44054006 Type 2 diabetes mellitus Condition

Standard

Real World Data % {53 2 BIZEWI5E T — & N— A DE %L

Concept Set Expression Included Concepts m Included Source Codes

Search:

Previous | 1 Next

Standard Concept Caption D P

[] V] []

M Classification [l Non-Standard [l Standard

5 2BIERFOBIEZSNOMEDDREERFZMALAr—2

[2 BUBEIR S | OBEAIZDOWT, — 6 TIX99% 4
OB ZZMPICHREL TS (K4). o T,
SNOMED®"Type 2 diabetes mellitus” & Z @ T {i7 B &
WHELETHILETHBICHETE2 0L HE (Z0W
HUETMMEE LCI8FEEOMATHIEL Tw5.)
(5). MANfaED, REREEREFAHLZ—EEED
WIENDZ AT 2000, SHERED L) RRETR
TWELVPILHKS. RxNorm%PSNOMEDIZ 817 5 # &
DOREBHERZ P L2200 HICZE bk
WIGEAIE, SMEMICAEET 5 L) e EERE
MEICERLT, ZoRBEAKREAHLMEY %
FHTAHZELTRETH L. 72751, ZOMBAIZERL
oWty b, HEVIEMEOREBEGEE AR L Tt

# Home %F Cohort #1747567

= Data Sources
Q Vocabulary
Definition @

Concept Sets  Generation

Export

= Concept Sets Reporting

& Cohort Definitions P-comparator
¥ Incidence Rates
& Profiles

People having any of the following:

adrug exposure of

o8 Configuration % for the first time in the person's history

® Feedback 3 with age | Greater Than 440 |

Limit initial events to: [ earfiest event & | per person.

Initial event inclusion criteria: From among the initial events, include:

having| all + | of the following criteria:

P-Comparator-new E

with continuous observation of at least days before and [0 ¥ | days after event index date

Lz, pieEmE oMt R ARe il L334 7R
AU B REMED D 5.

PEokHiz, BICiEgclcind 2fanty e
L C, [metformin] [T2DM-PBA] [Pioglitazone| ® 3
OWEEEy MEERL TS,

WMaty hEEZRLHEE, GUITIFA— M2ERT
b5 MALTTWLE (K6). Initial Event® Crite-
riak L CCondition Era, Condition Occurrence , Death,
Device Exposure, Dose, Drug, Drug Exposure, Mea-
surement, Observation® D FHEZXBINT 5 2 LAITE
%, BT, H#)12Drug Exposure® 4=} % "Add Initial
Event”R % > % L T8I L, metforminff&t v b (k&
Ry VX DEIN) ZERIETAI T IVI VR

Initial Event Cohort (2]

+ Add Initial Event v
Delete Criteri:
ryrre— T

+ Add criteria to group..

with| atleast $]( 1 #| usingall occurrences of:

acondition occurrence of

[ restrict to the same visit occurrence

starting between| All ¥ |days | Before & |and [0 v [days | After #|event index date and ending any time.

Delete Criteria
+ Add criteria attribute...v

and with| exactly %[ 0 | usingall occurrences of:

(2] restrict to the same visit occurrence

starting between| All v | days | Before % |and days [ After %] event index date and ending.any time.

Delete Criteria
+ Add criteria attribute...v

Limit cohort of initial events to: | earliest event & | per person.

Remove initial event inclusion criteria

New qualifying inclusion eriteria

Apache 2.0 Limit qualifying cohort to: "earliest event # | per person.

Additional Qualifying Inclusion Criteria (7]

Please select a qualifying inclusion criteria to edit.

open source software

Cohort Exit Criteria

provided by
P2 OHDSI
ioin the journey,

Cohort exit criteria based on a fixed time period relative to initial event start or end date:
A cohort end date is derived from adding a number of days to be offset from the specified initial event date. If an offset is added to the initial event start date, all cohort

episodes will have the same fixed duration (subiect to further censorina from other cohort exit criteria). If an offset is added to the initial event end date. persons in the

6 FK— FOEXREE

J. Natl. Inst. Public Health, 67 (2) : 2018

187



AN B3

RIZT A, SLICHAOBR, FhiSGMFoiEE %z Add
criteria attribute” R ¥ Y # B L CEMT 5. LT, 4 X
VAR ERETAODOTF L - EHNHLTa
F—PFE2ERTL5EMrEXSETVL. CDME#%
HHFEEICL > TF— s L 77— Y NEDE#RIL S I,
B S B 728, aFk— roiitayy 7137
VI AL —EBRbDOEERT S LML S.
BoT, BAXEIZLZIF— I OEZRNLIF— %
209y 7 28T BEBICEEEDRROENR
FIBRBEOERIC L 5 THRAET 54 7 AFHER I 5.

VL. SO EN L HIZONWT

eMERGEX"OHDSI® H V) #l & & FASE T D CDMIZ B
THIY A ZWE L 72 LT, SBO Y M A0
ZOWTRELZW., EICEBRBEANTO T — 7 5400
72D IHESE STV ADWHIZ KR BMERG B T o AL &
EFh, ELER LTV, DWHEHEIC 2005 THK
EMBERIEOAENPKREVWOTH L. T—FV—A L
L CSS-MIXIZAHTH 5 A5, RESS-MIXIZHER S T
WHREWERERDSH S, o TETAINT VAT LR
B AT A6 7—% 200 1L COWHICHMN T 5
EEIILMLETH S, EFRERY AT 28 X U0DWH
DIEWE TV EMEHAFEI— SN TRV DT, EH
Ty A7 5 EDWHM OETLZ 1 75 A B3I A D
VAT AICHBL T AMANOREANEDEH. L
LAEMS, T R AMOERSEHEETH % HED
DWHE f OBEBEDER D —>Tdh 5. % LT, DWHN
¥ —Z 812, DWHIZ D W THE OEHRE 7V 2 RH
LTHED, ETL7B AN T S5 v 7Ky 7 Xk o> Tw
5728, —HF—2FH LT B EHRERY A7 AN
F—%HH EDWHHN O 7 — % HH & O3S BRI
ThHbhH R 2Pl TUELTFT—72HLHE
TEEOTFMPHAELY, FERT—F LDWHIZIX

BRaryvy—>7LhicLD

A=F7F7

1

BFONT VAT LE
ERIERS 2T L

SS-MIX

ESHRRETIVEERE

a7

FRENT— 5 OEAEOBRED KELRS ST
%. DWHORBED B2 572012, O 72t 2 Dkl
#5720, Business Intelligence” — V2 & % 57—
F7 7 A0 EREL-F2—7 - FFEHD /¥
Ny RO —FLIEFTES, WAL - RF -
WHEDOPDCAZE M ICHIE v, TR S OMER fFikd
57212, —BAEHBEASDMI vV — 3 7 ADHLE
%Y, BRITETF—F EFNVORFTTHEICH & V7Se-
mantic Data Model (SDM) &7 CDM# B3¢ L, DWH
Ry F—=R2 =W T HHE, 7—F OWEE, ETLY
Ot 2D - IV NVT 4 Y IEOEHEIToTWD
[23]. TD &) HIREIZH 2HEDBEIIBWT, TR
KENTWAHCDM%Z — BRI HEET L 2 LIgHEET
H59H. BMHE%EZE 21X, openEHR®archetype[24]D &
I %% { OFREM ST W RAICHREE, WEEED -
TGRS A2 L2 HEE L EEBHRT T VICRWDZ
Ty EUTLTHS, S5 CODMICEHRT S L 2K
FHITR&XEEZ LD, BVPETEIZDI ) RA =0T F
TERDTENE S ThiRv, EHFRERFEOEME T
X, AROMIENGER iR HEmi i3T5 L b E
PTdH 5. OMOP CDMIZEIH THib LT 7 T
HFIHFERIKAE L TB Y, ENTHHS T 2 EERER
FIHFER L Oy E Y I ELZ VW L, CDMO R
ETHIPNMAMNE LR LEETEDLAMPALLT
W5, FZT, ZOSDM#% 47— b7 = ADWHE LTI
B, EWNIZBI ADWHOE KR 7 — 7 o m L
BT A S, EINSAOCDMOILY) #Ak L d—F
FA REE & OBEESRITE LTHRETH I E2REL
Tw2 (M7). Thbh BENOMBOFHEE R T 272,
EIRIEHR > X T & RSS-MIXH 5 DETLSE X N F— %
BOMBEOR Y HAIIDWHR Y F—Hb 2L TWw5b—
AL HIEASDM T v Y — 3 7 A D HLNS % o THLY
ATEIVARETFTIVE LTRIESEL—F, Wseailix
SDM#% FH#i & L, CDMElx vy ¥ v ZE 72 /)54

HMEHEICLS
A=T7F7

7R IC & 5CDM,
HEhImEER O
ES A2/ E %

E 972 COM, 51
LT=ERNOCDMEIZHEE BEEAFALE
TRIBITRIE LT F—gR=2

K7 220127 FTICLBERDT—42 Y — X5 EBNEZCDMADOIEE L DER
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FTREEBEBELTAMT S I LT, RWD% EMEIC
HKSE D BRBHMED ICBERT— 5V — ZADOMRDI T
ZHETE % &) BT IERIET 20Tl %
Wik EZ TV,

VII. #%5E

F—FANNVAOREE LT, BEWINESIRL
RWDAHL U F A% BINTE 5 X9 RIY HADTK
OOENTWVE., F—FN—AXKFHT oHEHE 57—
V—RERBZNA T AREERR L. ChooiEs
i 2 C, RWDD SBIEIZET — ¥ R— A& T 5
BROBEZ R L. AT, LS R 7F— 7 N —
AL ax— bEEYICERT S HEMIIOVWTERE
HT, AT E LTeMERGEZ 2@ Y = 7 MIZBIT 5
PheKB: W9 7= ) ¥ AV X R EERHT YR
N1 &, OHDSIZE Y x 7 MIHBIF50MOP CDMIC &
%7 — & R— 2 O OBLHEAL & BEHESEH I ERE O
HAIZDOWTHA Lz, 5HBOBTAENZ BT HHL) LA
O—FEL LT, ERNFHZEFEZ7Z-DWHOILY) AL
ENZLOCDM E I HFEE D~ v €V ZOR Y A &
OMICETEGREZRETHIL2RE L. 5B
BE LT, BEINAHERHIHFEER: £ RxNorm, SNOMED
WCTEFZLIN TV LS OMIGICOWTHAL, T4
e EEREZFH L ey bOERFENO
T—Z I LT HEYNEH X 7z 1T, 4 Dpheno-
typing D JCATHBI 2 B Al dy B VITAH L IR 2 MEFF T &
HPICOVTBIELTWEZ N,

FIEHER
ARG U CHIR TN S AR R 7 .
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