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import urllib

import urllib2

import json

# The function name has t

def data(self
state = sel

match the name of the input

api.inputstate.export()

data = state( 'data’]
config = state['config’]

* e if the data is already a s
if not isinstance(data, basestring):
data = json.dumps (data)

result = None

# Convert to fingerprints
values = {)
values['data’] = data

values('cluster.count’] = int(state[ nunClusters'])
for el in config:
valuesfel] = configlel)
values_enc = urllib.urlencode(values)
response = None
self.api.warning("Creating clusters")
trys
req = urllib2.Request(’http://lambai.exaptive.com/lanbai/api/cluster’, values_enc)
response = urllib2.urlopen(req)
except urllib2.HTTPError, err:
elf.api.error(err.read())
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import json

# The function name
def data(self
state = sel

has to match the name of

api.inputstate.export()

data = state( 'data’]
config = state['config']

# D ne if the data is already a
if not isinstance(data, basestring)
data = json.dumps (data)

result = None

values = {)
values['data’] = data
values['cluster.count
for el in config:
valuesfel] = configlel]

fingerprin

) = int(state[ 'nunC

values_enc = urllib.urlencode(values)
response = None
self.api.warning("Creating clusters")

trys

req = urllib2.Request(’http://lambai.
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except urllib2.HTTPError, err:
self.api.error(err.read())
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data = state( 'data’]
config = state['config']

# Determine if the data is already a stri
if not isinstance(data, basestring):
data = json.dumps (data)

result = None

# Convert to fingerprints

a
values| ‘cluster.count’] = int(state(’nunC
for el in config:

valuesfel] = configlel]

values_enc = urllib.urlencode(values)
response = None
self.api.warning("Creating clusters")

trys
req = urllib2.Request(’http://lambai.
sponse = urllib2.urlopen(req)
except urllib2.HTTPError, err:
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Average Stunting Percentage by Cluster

Countries

Kuwait and Yemen look very different today. Kuwait enjoys relative health and stability,
while Yemen suffers significant malnutrition and stunting. How and when did their paths
diverge?

Graph shows difference between two countries (increase/decrease in distance score, larger number means less
Selen) 1991 2003 2008

+5.8%

Angola, Mozambique, M:

Afghanistan, Nigeria, DR
Egypt, Irag, Yemen, Guat
Chad, Mali, Niger, Burkin:

Cameroon, Sudan, Mada

Tanzania, Kenya, Uganda

Myanmar, Vietnam, Paki:

Principal Factors by Cluster
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27 - TB mortality, all form:
31 - TB incidence, all for
81 - Children per woman
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246 - Adult (15+) litera

HBGU(/ [ Not in the 39 l In the 39 countries that bear the brunt of stunting [
Combining analysis of 134 countries R
with analysis of 39 countries that bear Brazi
the highest stunting burden: o
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North Korea
19 countries fall into 3 overlapping groups Morocco
Peru K
+ Ten positive exemplars fall into same phenotype South Africa
under broad analysis, and separate into sub- Turkey
phenotypes under more granular analysis. Vietnam
e = i Angola
+ Three additional countries represent positive
Cote d'voire
exemplars that belong to a separate broad phenotype.
+ Six countries represent negative exemplars, of which Afghanistan
two share a granular phenotype with positive Egypt
exemplars and four belong to phenotypes that contain Burund!
no positive exemplars. Madagascar
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80, Mas 5
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state = self.api.inputstate.export()

data = state( 'data’]
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if not isinstance(data, basestring):
data = json.dumps (data)

result = None
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HBGDki Country Genotyping

"Happy families are all alike; every unhappy family is unhappy in its own
way" -- Leo Tolstoy, from Anna Karenina

This famous quote has come to be used for more than just describing families, it has come to be
referred to as “The Anna Karenina Principle" - the recognition that just because certain
communities exhibit similar outward signs of distress doesn't mean that the inner root causes of
that dysfunction are the same. In the case of global stunted growth there are many unhappy
countries. 90% of the world's stunting burden is shouldered by 38 countries. But just because
these countries are similar in one problem area, doesn't mean that they should all be grouped
together. We know that stunting interventions have a wide range of effectiveness and that
interventions that may have been effective in one pilot study may not be as effective when
attempted again in a different place. What we don't know, however, is in what to attribute this
variance in efficacy. Is the intervention just not consistently effective, or is that the environments in
which it has been introduced are not consistent? The questions that the Country Genotyping
project seeks to answer are:

By better understanding the similarities and differences between countries, can we make
better decisions about how to spend our limited research resources? Can we better target
intervention r dati to the ities where they will have the maximum
impact?

General Approach

To tackle this problem, we've borrowed an approach from precision medicine that we believe can
yield dividends when applied to countries instead of just people. The whole field of precision
medicine is based on the Anna Karenina principle - the idea that people exhibit similar symptoms
for different reasons, and that the key to improving patient outcomes is to match the right treatment

While the Country Genotyping methodology can be applied in a wide variety of situations, we've
focused on using it to help researchers decide the best set of "positive exemplar" countries to
perform in-depth studies on.

The $XckKids Global Center for Child Health, in partnership with the Gates Foundation and bgC3, is
in the process of planning a series of fieldwork studies in countries that have improved stunting
more than their peers. Unfortunately, there are more countries worthy of study than resources
available, so a subset of countries must be selected. How to make this selection? There are
logistical criteria that certainly factor in - it is hard to study a country which does not allow
researchers access, and it is easier to study a country where researchers may already have
connections to local organizations and government. However, we believe that the best criteria for
selecting a country for study is to what degree it is believed that anything learned from that study
will have applicability for other countries working to improve healthy birth, growth, and
development.

The Country Genotyping Project, applied to the question of which “positive exemplar* countries to
study further, aims to identify, through an impartial data-driven method, the best subset of positive
exemplars suited to applying their lessons learned to other countries.
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Current estimates: 40.37% to 32.18% (20% reduction)
Source: The Lancet, Volume 382, Issue 9890, Pages 452 - 477, 3 August 2013
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Source: The Lancet, Volume 382, Issue 9890, Pages 452 - 477, 3 August 2013
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ll Exemplars among the 39 countries that bear
the greatest burden of stunting:
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(1) Linear Regression

on Log(Stunting)
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(2) SAX Fingerprint Segmentation on Time-Series Trajectories of Non-Stunting Metrics
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(2) SAX Fingerprint Segmentation on Time-Series Trajectories of Non-Stunting Metrics

Segmentation clusters with
Positive Exemplars

Segmentation
cluster 6

FAO1 - Average
dietary energy
supply
adequacy

FAO4 - Average
protein supply

FAO3 - Share of
dietary energy
supply derived
from cereals,
roots and tubers

Turkey *

Segmentation
cluster 4

IYCF2 - Ever
Breastfed %:
Female

IYCF52 -
Continued
Breastfeeding 1
Year: Female

IYCF53 -
Continued
Breastfeeding 1
Year: Male

Vietnam 3

Segmentation
cluster 2

FAO12 - Share
of food
expenditure of
the poor

FAO16 -
Percent of
arable land
equipped for
irrigation

FAO19 -

Domestic food
price volatility

Angola l

Segmentation clusters with
Negative Exemplars

Segmentation
cluster 1

FAO1 - Average
dietary energy
supply adequacy

FAO12 - Share of
food expenditure
of the poor

FAO16 - Percent
of arable land
equipped for
irrigation

FAO10- Domestic
food price index

Burundi
Madagascar
Pakistan

Segmentation
cluster 3

FAQO3 - Share of
dietary energy
supply derived
from cereals,
roots and tubers

FAO12 - Share of
food expenditure
of the poor

FAO10 -
Domestic food
price index

Mali

Mixed

Segmentation
cluster 5

FAOS5 - Average
supply of protein
of animal origin

FAO12 - Share of
food expenditure
of the poor

FAO19 -
Domestic food
price volatility

Ghana .

Afghanistan
Egypt

Ivory
Coast



HBGDK/ India

ll Looking at shifts in segmentation distance over time:
Kuwait vs. Yemen

1973 1991 2003 2008
+5.8%
US liberates Kuwait, US begins military
increases aid; US intervention in
ceases aid to Yemen Yemen

Yemen'’s malnutrition more than doubles during
this time, while Kuwait's decreases considerably

Kuwait in Iraq cluster Kuwait joins cluster Yemen joins cluster with
Yemen in Afghanistan cluster with India and Egypt Ghana and Cote d’lvoire
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ll Can “country
segmentation”
algorithm can also
be used for regional
segmentation?

THE WORLD BANK | pata

1BRD -IDA

Country Partnership Strategy for India (FY2013 - 17)

Indian sub-national (state) indicators on various economic and social sectors relevant to the country

partnership strategy

Type
Periodicity

Last Updated
Economy Coverage
Granularity

Number of

Economies

Topic

Update Frequency
Contact Details
Access Options

Coverage

Time series
Annual
22-May-2015
SAS

Sub-national

Agriculture & Rural Development, Economy & Growth, Education, Energy &
Mining, Financial Sector, Health, Infrastructure, Labor & Social Protection,

Poverty, Social Development, Urban Development
No fixed schedule

data@worldbank.org

AP, Bulk download, Query tool

1951 - 2011

This page in:  English Espafiol

A DataBank Microdata

API £22]

Downloads
India CPS (Excel) - ZIP (210 KB)

India CPS (CSV) - ZIP (69 KB)

Frangais Zw,all #X

Data Catalog =

View data catalog

Related Links and Information

http://openindia.worldbankgroup.org @

The data in this dataset do not imply any
judgment on the part of The World Bank

Group concerning the legal status of the states

and union territories of India, nor do they

imply endorsement or acceptance of territorial

boundaries.
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Country 3

Country 4

Country 5

Metric 1 Metric 2 Metric 3 Metric 4 Metric 5 Metric 6 Metric 7
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Metric 1 Metric 2 Metric 3 Metric 4 Metric 5 Metric 6 Metric 7
Country 1 1 3 5 3 4 1 5
Country 2 2 2 3 1 5 1 2
Country 3 2 3 4 2 4 1 2
Country 4 1 2 1 3 3 2 3

Country 5 3 1 4 5 5 4 4
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Country 1
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Country 4

Country 5

Metric 1
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eedfikk
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Metric 4
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aaassdg

aabcdaffg

aabcdaffg

aabcdaffg

Metric 5

aajjkllsss

eeddffss

aabcdaffg

aabcdaffg

aabcdaffg

Metric 6

ccddeefd

ccddeeffd

aabcdaffg

ggffdkkk

aabcdaffg

Metric 7
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edfkggh

ddeeffgh
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Metric 1 Metric 2 Metric 3 Metric 4 Metric 5 Metric 6 Metric 7
Country 1 1 3 5 3 4 1 5
Country 2 2 2 3 1 5 1 2
Country 3 2 3 4 2 4 1 2
Country 4 1 2 1 3 3 2 3

Country 5 3 1 4 5 5 4 4
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Cluster Driving Metrics
Country 1 3 » Metric1
’// Metric 3
Country 2 3 Metric 7
Metric 12
Metric 4
Country 3 1
Country 4 2
Country 5 1 Metric 3

- Metric9



