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Economist #/=ENovember 7, 2018
US, WA, Seattle | Bf@ID:744718 (475 daysai)

Economists at Amazon will be expected to work directly with our Chief Economists and senior
management on key business problems faced in retail, international retail, cloud computing,
third party merchants, &> &&d

Economist P%{=ENovember 2, 2018
US, WA, Seattle | i#fEID:741873 (Z=F10 daysai)

Amazon.com strives to be Earth's most customer-centric company where people can find and
discover anything they want to buy online. We hire the world's brightest minds, offering them
a fast paced, technologicallyt > &350

Economist $£{ENovember 2, 2018
US, WA, Seattle | EfEID:741872 (524710 days#i)

Amazon.com strives to be Earth's most customer-centric company where people can find and
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a fast paced, technologicallyt 2 &5FED

Senior Economist, Amazon Flex #{=0ctober 31, 2018
US, WA, Seattle | Bf@ID:739527 (4712 daysal)

Amazon aims to exceed the expectations of our customers by ensuring that their orders, no
matter how large or small, are delivered as quickly, accurately, and cost effectively as possible.
To meet thist D EFD
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Table 1. Summary statistics for primary data sets. Phone survey data were collected by the authors in Kigali, in collaboration with the Kigali Institute of
Science and Technology. Call detail records were collected by the primary mobile phone operator in Rwanda at the time of the phone survey. Demographic
and Health Survey (DHS) data were collected by the Rwandan National Institute of Statistics. N/A, not applicable.

Summary statistic Phone survey Call detail records DHS DHS

(2007) (2010)
Number of umque mdlwduals 856 15 mllllon 737? 12 792
Data collectlon perlod July2009 May 2008 May 2009 s 2007—Apr 2008 Sept 2010 Mar 2011
Number of questions insuvey 75 o N3O 336
Prlmary geographlc umts 30 districts 30 dlstrlcts 30 dlstrlcts 30 dlstrlcts
S geographlc e T P
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