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https://aws.amazon.com/machine-learning/ml-use-cases/intelligent-search/
https://theexperienceofwork.economist.com/pdf/Citrix_The_Experience_of_Work_BriefingPaper.pdf
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https://aws.amazon.com/machine-learning/ml-use-cases/document-processing/
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https://aws.amazon.com/machine-learning/ml-use-cases/contact-center/
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https://aws.amazon.com/machine-learning/ml-use-cases/personalization/
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BTTEdE, MR HE P RENMERR,

TR

adws

\/‘7

P EERARER. BRI WAehkibl

NASCAR
“F1:%£#E 7 Amazon Transcribe 33 NASCAR H9 VOD
RABEFRMFE, ... AJLZERE 195 TES /X, 5HF

29 #iEZ, E Amazon Transcribe SEFELIFR, FENTLUE
B ELH 99% B9 VOD AEFIMT F5, HEZFHEH
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https://aws.amazon.com/machine-learning/ml-use-cases/media-intelligence/
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BAIEE, HIGFIIRE B EHIEIESE 99%. (Amazon
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Amazon Fraud Detector B #23% SJF Amazon #8id 20 FEHHRIETUNE
AR, BEER. BREMMEIME LT g R EMTELRIE. Amazon Fraud
Detector &G EIRIEN AR ZHIZD, 1LIGRENS B AR HIR S A Bh LEHR
VEITH, MEREAEENSBFEIZN,

ST FERVEWUN, Amazon SageMaker 12 TR E &%, il Random Cut
Forest 1 XGBoost, M@ SH = Marketplace BRI EFMEE
FFRFCNNGRRIRE, IHEE] LATE LR AT HERVER MIAR R 75 20
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“BITHE 3 FBAXLEITHNSEHIE, EZMN
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ITFTBIRERARSS , TRTE, 1ZARSS RILITE 24 EFPATIRBIH
URL #8;FEXIETT

IT 8UFFERE) Luis Leon
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“H 1R = £ BE 5]/ N Amazon Fraud Detector, [#}7,

XEGERNTLUEERHER L HAY B FEITER,
KA OUNEGEYE (BE) Fil. RIFENTR 5l
RZEBUERE, ILEITEBE L FHTETERAZ ML/
ZWRE BT EEIR,”

Eric Breon, SIISARBFERITE



https://aws.amazon.com/machine-learning/ml-use-cases/fraud-detection/
https://www.javelinstrategy.com/coverage-area/2019-identity-fraud-report-fraudsters-seek-new-targets-and-victims-bear-brunt
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