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1. Recommender Systems
of Hyperconnect




1.1 Recommender Systems of Hyperconnect

Azar Hakuna

An interactive social live
streaming platform
where anyone can freely
participate in
broadcasting

A social service
connecting people
worldwide with
just one swipe.

J)ZQFSDPOOFDU
&OUFSQSJTF

B2B solutions
leveraging
HyperConnect's
accumulated video
technology.”

HYPERCONNECT
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1.1 Recommender Systems of Hyperconnect

Azar

- 1:1 matching

- Lounge Card
recommendation

— Live broadcast
recommendation

Hakuna JZQFSDPOOFDU
&&OUFSQSJTF

— Live broadcast
recommendation
(B2B solution)

Live broadcast
recommendation
popular streamers
recommendation

“We are operating a recommendation system across various features to
provide users with a better experience while connecting people.”



1.2 Differences Compared to Other
Recommender Systems

Item = User

" TQFDJBMJ[FE EPNBJO UYBBSBHDPRAQPDEH UP UZQJDBM
SFDPNNFOEBUJPO TZTUFNT UIBU SFDPNNFOE TUBUJD JUFNT MJ

Real Time Recommender Systems

J)ZQFSDPOOSFDRNNFOEBUJPO TZTUFN JT QSIJINBSJMZ DPOTUSB
POMJOF VTFST

*O VIR TFS SFDPNNFOEBUJPO TZTUFNT JG CPUI VTFST B¢
NBZ TIPX WFSZ MPX SFDPNNFOEBUJPO QFNSFSES8NBO DV DAOBVTF
SFBMINF BDUJPO MPHT DPOUFYU FUD JT VTFE u

J)FODF B SFDPNNFOEBUJPO TZTUrBNW UIFB B TODAFARUTEFSGUJB M



2. Preliminaries




2.1 Recommender Systems and features

%BUBTFU
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2.1 Recommender Systems and features

UPHQSFEJ
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2.1 Recommender Systems and features

'PS POMJOF SFDPNNFOEBUJPOT B EBUB TUPSBHF TZTUFN Dl
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2.2 Data Storage Technologies for Machine
Learning Applications

*O SFDPNNFOEBUJPO TZTUFNT POMJOF EBUB OFFET UP CEF
TFSWJOH MPHJD
&YHFOEFS DPVOUSZ DPEF CJSUIEBZ SFHJTUSBUBBO EBUF

*NQMFNFOUJOH B TUPSBHF TPMVUJPO UIBU TBUJTGJFT UIF
EBUB BOE TFSWJOH EBUB DBO CF DIBMMFOHJOH
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2.2 Data Storage Technologies for Machine
Learning Applications

Training data query Serving data query

4&-8&%5 HFOEFS D]wou 4&-&%$5

'30. VIFS@QSPGJIMF '30. VTFS@QSPGJIMF
(3061 #: HFOEFS 8)&3&VTFS@JE
"DDFTTJOH TJOHMF GFX DPMVNOTDDFTTJOH NVMUJQMF D

MBUFODZ JT OPU DSVDJB IFODFJOWIBF SFDPSET BSF EJW
JNQPSUBODF PG DBDIJOHI JT MPXGSFRVFOUMZ BDDFTTFE
JOGSFRVFOUMZ BDDFTTF

"DDFTTJOH NVMUJQMF SFFZ;PSET IFSWMJIJ[JOH DBDIF UP SFE
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2.4 Database for Serving Data: Transactional
Database

- MySQL: RDBMS
- MongoDB: NoSQL, CP, B-tree based, Persistent

- ScyllaDB: NoSQL, AP, LSM-tree based, Persistent

- Redis: NoSQL, In-memory




2.4 Database for Serving Data: Transactional
Database
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2.4 Database for Serving Data: Transactional
Database

$POTJTUFMMZOPEFT DBO TFF U
EBUB BU UIF TBNF UJNF SFUV.
SFDFOU EBUB

Consistency "WBJMBCMWMJBERVFTUT DBO CF

PS GBJMFE SFBEJOH XSJUJOH
XJUIPVU FSSPST

CP

1BSUJUPRG SBOPAZTUFN DBO
Availabilty [ap| Partition DPOUJOVF UP PQFSBUF FWFO J

BiSIRIce EFMJWFSZ GBJMT PS QBSU PG
CSFBLT EPXO




2.4 Database for Serving Data: Transactional
Database

B-tree

“Look up user_id=251"

1BHPSJFOWOR®JINJI[JOH
TJ[F UP NBUDI UIF PQ l IOOM)?OO 200 < key < 300
TZTUFN T QBHF TJ[F P ;L -

MPBEJOH EBUB GSPN EREIE
NFNPSZ FGGJDJFO UMz L

A » > £ A

..... Tteeap key = 500

e e L » 400 < key < 500
-------- » 300 < key < 400

e’
-
c=e®

8"- 8SJUFIFBE MPH
3FDPSEJOH MPHT CFGP
PQFSBUJPOT UP FOBC
DBTF UIF USFF CFDPNI
DPSSVQUFE

250 < key < 270

'BTU SFBE TMPX XSJUF



2.4 Database for Serving Data: Transactional
Database

LSM-tree
AASBCMIFSUFE 4USJOH Write data Memtable
JOTFSUJPO DPNNBOET D
TUPSFE JO B NFNPSZ D

UIF DBDIF SFBDIFT B D
UISFTIPME UIF EBUB
TPSUFE BOE TUPBIFRVE
MPHT GMVTI

$PNQBDL14J:PEI)OJOH BM Commit log SSTable
JT SFRVJSFE EVSJOH
BEESFTT UIJT JSSNF -4.
QFSJPEJDBMMIABNEMEHTFT

'BTU 8SJUF 4MPX 3FBE



2.4 Database for Serving Data: Transactional
Database

In-memory store
"MM EBUB JT MPBEFE JOUP NFNPSZ XJUIPVU VTJOH EJTL
'BTU XSJUF GBTU SFBE

)JHI DEVWF UP 3". VTBNMEFXBEOVBSBCJIMJUZ




3. Why was the Feature
Store Introduced?




3.1 Hyperconnect Recommender Systems
Before the Feature Store
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3.1 Hyperconnect Recommender Systems
Before the Feature Store
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3.1 Hyperconnect Recommender Systems
Before the Feature Store

5SIF BDUVBM TZTUFN BSDIJUFDUVSF IBE UIF GPMMPXJOH TUS"

Offline Store i By ML Engineers

1
r * — BEl- —
£ Trainin Deplo !
-------------------------------- : --------_______: ML
Model1 Model 2

(Some datais provided
viaKafka in real-time)

Real-time data sync pipeline & By SW Engineers Online Store
B i e s il 8 S i i e e R
! Feature T Online DB Geveen)
( Kafka e Calculator |[EARNRNTEV AR 4 Uploader -
[ ]
: (Python or Scala) Get features EIRNCs




3.2 Challenges

8IFO PQFSBUJOH B TIOHMF SFDPNNFOEBUJPO TZTUFN UIF
4UPSF EJEO U QPTF TIJHOJGJDBOU JTTVFT

JPXFWFS BT XF BQQMJFE SFDPNNFOEBUJPO TZTUFENT JO W
QSPCMFNT BSPTF

.JTNBUDI CFUXFFO USBJOJOH BOE TFSWJOH EBUB
)JHI FOHJOFFSJOH DPTUT XIFO BEEJOH GFBUVSFT
%VQMJIJDBUJPO PG DPNQPOFOUT XIFO PQFSBUJOH NVMUJQ

%JGGJDVMUZ JO TIBSJOH GFBUVSFT BNPOH NVMUJQMF SF



3.2.1 - Mismatch Between Training and Serving
Data

I d eal : Model training pipeline By ML Engineers
: Feature Model :
8IFO RVFSZJOH GFBUVSFT . ! Eealiie2 "E
6TFS *% UIF TBNF EBUB JT T TTTTTTTTTTTTTTTToooommmommmmmeee e '
UIF USBJOJOH BOE TFSWJO
Batched data sync pipeline By SW Engineers

(7)) I

Sy g o : Feature 1 OnlineDB
Reality: s —EM- = -
1

5SIF GFBUVSF DBMDVMBUJ

JOUP UISFF EJGGFSFOU Q Rea-timedatasyncpipefine —
EJGGFSFOU FOHJOFFST G Featire — Sy
Coicor RS R ;

SIJT SFTVEMBWB JODPOTJTUFODZ
CFUXFFO UIF USBJOJOH BOE TFSWJOH MBZFST

FY UIF BWFSBHF DIBU EVSBUJPO PS UJNF TQFOU GPS UIF TBNF
VTFS NBZ EJGGRSH2MBESHE WIF OOMJOF %#




3.2.2 - High Engineering Costs When Adding
Features

The software engineering tasks for adding new features
to the model:

.PEJGZ UIF TDIFNB PG UIF POMJOF EBUB TUPSBHF
%YFWFMPQ EBUB TZODISPOJ[BUJPO QJQFMJOFT GPS UIF OF.:
#BDLGJMM UIF OFX GFBUVSFT JOUP UIF POMJOF TUPSBHF

"EE NPEJGZ MPHJD JO UIF CBDLFOE TFSWFST UP VTF UIF O

Problems

'SFRVFOU PDDVI/YSPOEFIRG SBUIPNPIEFA-PDMJOF FYQFSJNFOL
EVF OPUUMFOFDLT DBVTFE CZ TPGUXBSF EFWFMPQNFOU UBT



3.2.3 - Duplication of Components When
Operating Multiple Recommender Systems

SFDPNNFOEFS 4ZTF0WFNBBS .BUDIJOH

_________________________________________________________________________________

5|F NPEFM USBJOJOH QJQFM:
TMJHIUMZ CFUXFFO SFDPNNI
TZTUFNT XJUI NJOJNBM EV(

_________________________________________________________________________________

EVQMJDBUJRO RGFvVEBLIBD g
TZODISPOJ[BUJPO QJQFMJO: — el

&Y PGGMJOF %# DPOOFDUPST POMN
EBUB WBMJEBUJPO MPHJD QBSBMMFM FYFDVUJPO JODSFNFOUBM

VQEBUF MPHJD UISPVHIQVU MINJUFS3FDPNNFOEFS 4ZTUFNT /

SIJT BDUIEEDB(DJDB)MFETFONJFSE
OFX SFDPNNFOEBUJPO TZTU




3.2.4 - Difficulty in Sharing Features Among
Multiple Recommendation Systems

*OB TIOHMEFAFSSWEFBF DBO CF NVMUJQMF UZQFT PG SHDPI

.BUDIJOH -JWF -PVOHF

&WFO JG UIFZ TIBSF UIF TBENBHFUBTFBSBEOBHT K FURE POMJOF TU

EJGCGFBXFFO SFDPNNFOEBUJPO TZTUFNT NBLJOH GFBUVS

- For example, one recommendation system may use MongoDB as the online storage, using a
flatten key—value data structure and JSON for serialization.

— Another recommendation system may use Redis as the online storage, using nested data
structures and protobuf for serialization.

- Yet another recommendation system may use ScyllaDB as the online storage, directly adding
columns to the database for serialization.

5I1JT DPNOQMFYJWABNBMFOHMUOH UP TIBSF GFBUVSFT BNPOH
TZTUFENT



3.3 Reasons for Adopting a Feature Store & Role

Role

4PMWJOH UIEBUBVFOP® OOBUXFPO A SBJOJOH BOE TFSWJOH
BOE BDUJOQMBUGP SDNFOUSBMIJ[F WBSJPVT DPNQPOFOUT OFF
PQRQFSBUJOH NVMUJQMF SFDPNNFOEBUJPO TZTUFNT

EE S

$FOUSBWHBSOPIVT DPNQPOFOUT UIBU FNFSHFE GSPN PQFSBI
SFDPNNFOEBUJPO TZTUFNT BOE MFWFSBHJOH UFDIOPMPHZ

Feature Store

Model Training
Layer

Model Serving
Offline Data Store Online Data Store ‘ | Layer
(ex. BigQuery) (ex.NOSQL)

M
i
@




4. Feature Store of
Hyperconnect




4.1 Open-source? In-house development?

Requirements for the Hyperconnect recommender system

S3FBMJNF DBMDVMBUJPO BOE VTBHF PG GFBUVSFT
'FBUVSFT TIPVME CF DBMDVMBUFBEBFE VTFE JO OFBS SFBM

3FBMIJNF GFBUVSFT IBWF B TJHOJGJDBOU JNQBDU PO QFSGPSNBODF FTQFLC
TUBUJD JUFNT

4 JEFOGPSNBUJPO GFBUVSFT TIPVME CF VQEBUFE XJUIJO TFDPOET BGUFS V

4VQQPSU GPS IJTUPSJDBM GFBUVSFT
5|F TZTUFN TFSWRKBTFETIPDPNNFOEBUJPO NPEFMT SFRVJSJOH TVQQPSU G

4VQQPSAU IBP\SBISZUIF PGGMJO F4DU RMIEEHF4#B=-OEDPBJIs UUtRFPO M J

TUPSBHF
#JH2VBOZDZMMB%#BMSFBEZ NBKPS UFDIOPMPHJFT VTFE XJUIJO UIF DPNQB

.BJOUBJOJOH UIF FYJTUJOH TUBDL JT FGGJDJFOU GPS PWFSBMM JOGSBTU:?:



4.1 Open-source? In-house development?

%FDJTJPO UP EFWIFRMPQ JO

/IP PQFI®PVSDF TPMVUJPO UIBU GVMMZ NFU PVS SFRVJSFNFOUT

DPNQBSJOH UIF GFBUVSFT PG UAFVSESPFUWBPUHFDB PEEBE®VTRIBHRRVMSRNFOUT
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4.1 Open-source? In-house development?

Scope of the In-house Feature Store:

'PDVT POMZ PO TPMWIJODHOWIFENMPTUPORPNTF EFWFMPQNFOU
SFRVJSF TIHOJGJDBOU SFTPVSDF

"EESFTT UIF DIBMMFOHF P& B®®BEBWIFGE BFVOB&GIFEBJOJOH
SFDPNNFOEBUJPO TZTUFNT

"WPOESPWJEJOH BEEJUJP OB N RBWO/C5E JP JOTEONP NJRIE 4 NNSJ IOARPJIM U
'FBUVSF EJTDPWFSZ XJMM DPOUJO¥FH2ZN BFZQFGBB8ENFE VT

1PIJAQWUINF +PJO DBO CF JNQMFNFOUFE FJUIFS VTJOH 42-
XJUIJO TUSFBNJOH BQQMJDBUJPOT



4.2 After the Feature Store: HyperConnect's
recommendation system

>SD"+7/7/?8:+@2"A >32"47/?8:+@2"A
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! : i Real-time
" E.5 Er =
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: (BigQuery) (ScyllaDB+Redis) |
-------------------------------- Get features
<

Inference

Model Training pipeline




4.3 Features of the Hyperconnect Feature Store

(JUOQCIBTFE GFBUVSF EFGJOJUJPO TZTUFN
OGGMJOF UP POMJOF TUPSBHF 6QDDOPPOJI[BUIPO QIQFMJI(
OOMJOF UP PGGMJOF TUPSBHF %PADIMSAAMI[BUIPO QIJQFMJI(

OOMJOF GFBUVSF 3FBE "1*

"DDFTT DPOUSPM BOE %BUB (PWFSOBODF TVQQPSU




4.3.1 GitOps-based feature definition system

.BOBHJOH TQFDJGJDBUJPOT GPS BMM GFBUVSFT VTJOH (JU

WBSJPVT UBTLOOWITIOH

=

Online Store
(ScyllaDB)
ML Engineer A

\\\ nermna
gyncTanle ™ @ @
MLEngineerB  —~_ O
| { e-St

Offline Store
(BigQuery)

ML Engineer C / '&
Register ‘ﬁg;i‘
features
using PRs Feature Store Platform

(API Server & Sync Pipelines)

Python/Java
Data Class Files

live: :hakuna-host-stat-v1l:
feature_type: Object
owner: "shawn.s"
schema:
user_id:
type: Text
is_key_field: true
gender:
type: Text
description: ""
default_value: "MALE"
level:
type: Long
description: ""
default_value: 0
country_code:
type: Text
description: ""
default_value: "XX"
birthday:
type: Text
description: ""
default_value: "2000-01-01"

azar-match::rich-history:
feature_type: History
owner: "ray.l"
schema:
user_id:
type: Long
description: ""
is_key_field: true
user_gender:
type: Text
description: ""
default_value: ""
user_country_code:
type: Text

description:
default_value: ""

user_language_code:

type: Text

description:
default_value: ""




4.3.2 - Upsync pipeline <-->swr200>3%+7):+@

51F GFBUVY3DPMPIGPOJ[JOH EBUB GSPN#IH2VPESM UOF TUPSBF
POMJOF TUPSBHF

+VTU XSJUF 42- RVFSJFT BOE SFHJTUFS UIF QIJIQFMJOF JO
JNNFEJBUFMZ DSFBUF GFBUVSFT UIBU BSF VTBCMF JO CPU

TUPSBHF

*UT WPOINFOJFOTUJOPRPOMZ 42- OFFET UP CF XSJUUFO T
TPGUXBSF FOHJOFFSJOH SFTPVSDFT )PXFWFS UIFSF JT E
UJNF GFBUVSFT DBOOPU CF VTFE

Data warehouse . - Feature Store

i ! & - 2 Real-time — ( Kafka .
: : _ - Real-tme | Feature Calculator
i i . - ' i features
| Non-real-time . OfflineStore %™ Online Store

batched features (BigQuery) (ScyllaDB +Redis) |

= >
e,(@@ @@0 Recommendation

Model Training Server



4.3.2 - Upsync pipeline <==>sw20-3%+4:"+@

+VTU SFHITUFBQUIMBOE XSJUF UIF "JSGMPX %"( BOE UIF
DPOGJHVSBUJPO JT DPNQMFUF

GitOps Yaml

azar-lounge::user-interaction:

AirFlow DAG

transform_user_stats = BigQueryOperator(
task_id='transform_user_stats',

feature_type: Object

use_legacy_sql=False,
sql=open(f"{dirname}/query/transform/user_stats.sql").read(),
dag=dag,

owner: "shuki"

schema:

)

upsync:

feature_store_upsync_worker_op = FeatureStoreUpsyncOperator(
target_features=[

enabled: true

incremental_update: true

"azar-lounge: :user-interaction",

"azar-lounge: :user-stats",
%120)&)1/,*-W.(,/)X-$1-"./4'1-/D,/-
6.(,/)3-'1*:-/D)-(,/,-ID,/-D,3-7))1-

6(,/)(-3412)-/D)-*,3/- trans:orm_user_interaction,
1 1 1 1 transform_user_stats
312DO 14H’/4 1-' 41/@_413/)’(- 8- ] >> feature_store_upsync_worker_op >> end

3:12D0'14H415-,**-(,/,-)K)0:-/4&);



4.3.3 - Downsync pipeline <sogr2==>s%++:"+@

5SIF GFBUVYSESMPGMBUJOH GRBUFO RUNBP ® GMBOIF CBDLFOE TFS
SFHIJTUFSJOH UIFN JO UIF 'FEAODMBSISEBAOPBIFOHUIFIFN UP UIF PG

#JH2VFSZINJMBS UP $IBOHF %BUB $BQUVSF $%$

51JT GVODUJPOBMJUZ SFRVJSFT NPSF TPGUXBSBEDAHID F F
CVU MIBwWN NPEFMBPEAWEBYF QFSGPSNBODF JT DSVDJBM

'PS FYBNQMF JO MIJWF TUSFBNJOH SFDPNNFIONEB WIFATF SGERE
WJTJPO GFBUVSFT BOE DMJDL SBQF GFBUVSFT GPS OFX T

Data warehouse . sl Feature Store

Table1 :

Table 2 — ' ' Real-time

Table 3 a ‘ + features
Non-real-time : . !
Table4 batched features . OfflineStore %™  Online Store
. (BigQuery) (ScyllaDB +Redis) |

] >
®r5»‘§® f%@ Recommendation

Model Training

Server




4.3.3 - Downsync pipeline <sogr2==>s%++:"+@

.BJOMZ VTIJOH FWFOU TUSFBNJOH 'MQQHK 3 DIBABIW OGTF BIU NS F (OBEEL
'FBUVSF VQEBUFT BSF QFSGPSNFE CZ TFOEJOH DPNNBOET UF

GitOps Yaml \ Real-time Feature Calculator

147 live::realtime-room-context:
148 feature_type: Object

149 owner: "owen.l"

150 schema:

183 downsync:
184 enabled: true

185 min_interval_by_key: "1m"

186 random_sampling_ratio: 0.9

. JOOUFSWBZEA 3BOEPN 4BNQMJOH 3BUJP 6QEBUF
OQUJPOT GPS XIJDI TBNQMJOH QPMJDZ UP VTF XIFO TZODISE

TUPSBHF



4.3.4 - Online Feature Read API

SIFSFDPNNFOEBUJPBEDDHFSIWFGFBUVSFT3RBEPYEBTWHABE PG EJS
BDDFTTJOH UIF POMJOF EBUB TUPSBHF

"1* TFSWFS TBMIDFASUOPOUSPM EFTFSJBMJ[BUJP O3FEJIP

*OJUJBMMZ EFWFMPQFEBHOEIERBSBIUHIEBXNFEIUP 4QSJOH E\
JTTVFT

5S144FWFSBM UIPVTB@QE AVSBNPOP Z NT

Feature Store

Offline Store Online Store
(BigQuery) (ScyllaDB + Redis)

_______________________________________________




4.3.5 - Access Control & Data Governance Support

Access Control
OOMBEGBEL* JU T QPTFJCBIBDIFF TIGRS BBODMRIDSPTFSWJDF

OGGMJOF 4UPKIBHRN FBZBFTT DPOUSPM

Data Governance

%»BUB HPWFSOBOIBEPBHRKEF UVOFHPVHI EROBCPUIFROGUGMOOF BOE
TUPSBHF

4JODF UIF SFUFOUJPO QFSJPE WBSJFT GPS FBDI CVTJOFT"
SFUFOUJPO QFSJPET GPS FBDI GFBUVSF




4.4 Hyperconnect Feature Store Internal
Architecture

Feature Store Platform
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5. Case Studies &
Adoption Impacts




51 Use Cases

Services where the Feature Store is applied

IF NBKPSJUZ PG FYJTUJOH SFDPNNFOEBUJPO TZTUFNT JO
)BLVOB TFSWJDFT XJUI PWFS SFDPNNFOEBUJPO TZTUFEN"

"MM OFXMZ TUBSUFE SFDPNNFOEBUJPO TZTUFNT BMTP BEF

51F '"FBUVSF 4UPSF JT BMTP VUJMJ[FE JO BOPNBMZ VTFS E
SFDPNNFOEBUJPO TZTUFNT

azar HAKUNA renr ONNECT




51 Use Cases

Types of recommendation systems where the Feature Store is
applied

#PPTUCBHAFE $53 $MJDL 5ISPVHI 3BUF QSFEJDUJPO NPEF
%FFQ MFBCSBOIREHUJNF TQFOU QSFEJDUJPO NPEFMT
AFTTIJEBTFE SFDPNNFOEBWIBW VUIWBIRFFBIMUPSZ JOGPSN

SFDPNNFOEBUJPO TZATYUFNSIDUIBW TJP O JO G RBINNG-U \WRBEOH ST\
JU BT JOQVU GPS UIF NPEFM MJINJUFE UP MJWF TUSFBNJC




5.2 Resolution of data consistency issues

%BUB JODPAIMIIMHFHTOBYTDPWFSFE BQQ-
PODF B NPOUI

4JHOJGJDBOU EGPVOEQEPWXFAO GFBU
TUBUJTUJDT BEOBMZBEEJOIF BDUVBM C
TUBUJTUJDT CFJOH VTFE BT JOQVUT (

/P EBUB JODPOTJTUFODZ JTTVFT EJTI
JOUSPEVDUJPO PG UIF '"FBUVSF 4UPSI




5.3 Development productivity

The time taken to use new features in the serving layer
BGUFS GFBUVSF FOHJOFFSJOH BOE NPEFMJOH XPSL JT DP

"GUI- "GUI

6TJOH POMZ CBUDI GFBUVSFT6TJOH 8BBM GFBUVSFT |

|
|




5.3 Development productivity

The benefits from the perspective of ML engineers
3FEVDFE DPNNVOJDBUJPO DPTUT XJUI TPGUXBSF FOHJOFFS
"CJMJUZ UP SFVTF GFBUVSFT DSFBUFE PODF JO NVMUJQM

"CJMJUZ UP SFVTF GFBUVSFT DSFBUFE CZ PUIFS .- FOHJO
DSFBUF




5.3 Development productivity

The benefits from the perspective of software engineers

5 JNF TBWFE PO EFWFMPQJOH GFBUVSF TZODISPOJ[BUJPO
DPSF MPHJD EFWFMPQNFOU

/IP OFFE UP XPSSZ BCPVU UIF JTTVF PG USBJOJOH TFSWJC




5.4 The effects of platformization

.PTU SFDPNNFOEBUJPO TZTUFNT VUJMJ[F UIF OOMJOF 'FBUV
8JUI PMOITU GFBUV SFOB/ENEFISPIWPTOSFDPNNFOEBUJPO TZTUFNT
TINVMUBOFPVTMZ

\ 4

#Z JOUFHSBUJOH 3FEJT $BDIF XF PCTFSWFE B TINVMUBO
SFDPNNFOEBUJPO TFSWFST

"EEJUJPOBMMZ XJUI UIF BEPQUJPO PG CJOBSZ TFSJBMJJ[E
TUPSBHF DPTUT BOE BDIJFWF B SFEVDUJPO JO OFUXPSL M
DPNQSFTTFE CZ PWFS

6QPO UIF JOUSPEVDUJPO PG BOPNBMZ EFUFDUJPO TZTUFNM
BDSPTT OVNFSPVT SFDPNNFOEBUJPO TZTUFNT




5.5 Challenges In The Adoption Process

SP BQQMZ UIF 'FBUVSF 4UPSF FGGFDUJWFMZ * EJSFDUMZ JOUF
SFDPNNFOEBUJPO TZTUFNT

SIFSF XFSF OVNFSPVT JOUFSOBM 'FBUVSF 4UPSF QSFTFOU
FOHJOFFST BOE TPGUXBSF FOHJOFFST

5IF POMJOF 3FBE "1* TFSWFS XBT JOJUJBEMJ"EGEWF MV Q REF
VOTBUJTGBDUPSZ QFSGPSNBODF MBUFODZ UISPVHIQVU

"EEJUJPOBMMZ BT POF PG UIF MBSHFTU DMJFOUT GPS UIF
4DZMMB * GSFRVFOUMZ DPOTVMUFE XJUI UIF %FWO0QT U
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