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Data Analysis for Social Scientists 

Instructors: 

Esther Duflo and Sara Ellison



Data is Plentiful



Data is Beautiful

• Example: Mapping Facebook networks of 

individuals from Somalia living in Eastleigh







Data is Insightful

• Example: Pollution in China



Figure 1

Pollution in China and the Huai River/Qinling Mountain Range

Notes : The cities shown are the locations of the Disease Surveillance Points. Cities north of the 

solid line were covered by the home heating policy. The figure coloring is generated by interpolating 

PM10 levels at the 12 nearest pollution monitoring stations to create a high resolution grid of 

pollution throughout China (.1 degree latitude cell width). Areas are left in white which are not 

within acceptable range of a station.



Figure 2

Particulate Matter Levels (PM10) South and North of the Huai River Boundary

Notes : Each observation (circle) is generated by averaging PM10 across the Disease 

Surveillance Point locations within a 1 degree latitude range, weighted by the population at each 

location. The size of the circle is in proportion to the total population at DSP locations within the 

1 degree latitude range. The plotted line reports a local linear regression plot estimated 

separately on on each side of the Huai River. 
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The estimated change in 

PM10 (and height of the 

brace) just north of the Huai 

River is 41.6 µg/m3 and is 

statistically significant 

(95% CI: 11.6, 71.6)



Figure 3

Life Expectancy South and North of the Huai River Boundary

Notes : Each observation (circle) is generated by averaging life expectancy across the Disease 

Surveillance Point locations within a 1 degree latitude range, weighted by the population at each location. 

The size of the circle is in proportion to the total population at DSP locations within the 1 degree latitude 

range. The plotted line reports a local linear regression plot estimated separately on on each side of the 

Huai River. 
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Data is Powerful

• Example: Changing regulation in India









Lessons

• Conflict of interest leads auditor to cheat on 
the data they report to the government

• An experiment that changes the reporting 
structure to eliminate the conflict of interest 
largely solves the problem. 

• This demonstration leads the government of 
Gujarat to change their policy! 

• To date 207 million people have been 
touched by programs that J-PAL has shown 
to be effective based on RCT



Data can be Deceitful

• Example: Correlations with autism





http://scienceblogs.com/insolence/2014/12/31/oh-no-gmos-are-

going-to-make-everyone-autistic/ (David Gorski, aka ORAC)

http://scienceblogs.com/insolence/2014/12/31/oh-no-gmos-are-going-to-make-everyone-autistic/


• That one is trivial but… how about some 

less obvious ones?

Data can be Deceitful
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Causation versus Correlation

• Correlation is not causality 

• A causal story is not causality either… 

• Even more sophisticated data use may still 

not be causality. 



• Data by the chokefull

– There is so much data available that it is possible to 
infer from the data very powerful predictive patterns: 

• What do people who live in Boston, search for capoeira 
classes video and websites for children before going on the 
spurious statistics web site to download a couple of graphs, 
and buy PlanToys doll house may want to buy next? 

• Are people with a specific gene more likely to be patient? 

– But you want to be careful of patterns you observe in 
the data… they are not always meaningful.

Causation versus Correlation









What we need to learn 

• How do we model the processes that might have 
generated our data? 

– Probability 

• How do we summarize and describe data, and try 
to uncover what process may have generated it? 

– Statistics 

• How do we uncover pattern between variables?

– Exploratory data analysis

– Econometrics

– Machine Learning 



What we need to learn 

• How do we think of causality?
– A causal framework

– RCTs, AB/testing, etc.

– Regressions 

• How do we do all this in practice? 
– R

– Experiment design

– Where to get data? 

• How do we present our results in a compelling (and 
truthful!) way? 
– Beautiful graphs: GIS, networks, etc. 

– Insightful tables

– Enlightening text! 





Spend a chunk of time on  
probability---this provides necessary 
foundation for all of the data analysis 
we will do later on 



To give you some idea 
of topics---will not stick  
to this order or 
allocation 



Throughout semester, we will be  
mixing in instruction on R, information 
about data sources, empirical techniques, 
such as web-scraping, online surveys, etc. 
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