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Structure of this talk

• Purpose

• The terms machine learning (ML), artificial intelligence (AI), and big data are 
used (and abused) virtually everywhere today: business, media, policy, and 
academia. The purpose of my talk is to outline key strengths and weaknesses 
of machine learning for the applied social sciences. I will do so with reference 
to my own research. 

• Outline

1. An intuition of ML and AI. 

2. Propose a framework about how to think about applying ML to social 
scientific questions.

3. Summary 



What is machine learning?

• (supervised) Machine learning ≈ the science of enabling algorithms 
to solve problems by learning from data without explicitly being 
programmed  

•  a subset of artificial intelligence research

Quotation in Koza, John R.; Bennett, Forrest H.; Andre, David; Keane, Martin A. 
(1996). Automated Design of Both the Topology and Sizing of Analog Electrical 
Circuits Using Genetic Programming. Artificial Intelligence in Design, p. 3



Training algorithms to produce reliable 

prediction, �� .

• Let the algorithm identify the relationship between Y 
and X by estimating f, for a specific function class, F, 
to predict �� for new, unseen, data.

• In linear models (GLM), we calculate an unbiased 
estimate (��) of �, given a pre-specified f: 

•� =  �� + �
� + �� + � .
•But the goal is not to predict �� for new data!

•Note, that �� = �  . In ML, �  , can be many 
things… 



ML, �  , can be many things allowing 
flexible functional form, f:

• Trees, Neural nets, ensembles (average the result over many f), etcetera. 

The goal of all of them, however, is to predict �� for new data!



ML infuses a shift from ��-problems to ��-problems 
in the social sciences

Traditional (GLM) 

inference

Machine learning 

(ML)

Exemplifying 

question

What is the effect of 

economic crisis on 

child mortality?

What will the child 

mortality rate be

next year?

Goal Unbiased estimate Accurate prediction

Limitation Forces untestable 

assumptions

Rely on black-box 

models

Quantity of Interest �� Y�



So how should we think about using 
machine learning in the social science??!



A framework for applying ML 
to social scientific questions

(Inspired by research in the overlap computer science and 
computational social science:

e.g. Hastie et al. 2009; Mullainathan & Spiess 2017; Athey & Imbens
2017; Pearl & MacKenzie2018; Salganik 2018)



Four broad uses of  (supervised) machine learning (ML)
ML to produce 

new data

ML in the service 

of causal inference

ML for policy 

prediction

ML for theory 

testing

Exemplifying 

question

Can we use 

satellite images to

estimate 

household wealth?

Can we use IMF 

policy documents 

to estimate 

agricultural 

austerity policies?

What is the impact 

of IMF policy on 

children?

What is the impact 

of IMF policy on 

health inequalities 

(heterogeneous 

treatment)?

Which households 

are eligible for 

transfer programs?

How well do 

theories focusing 

on micro 

(household) versus 

macro 

(institutions) 

determinants 

predict child 

mortality?

Goal Produce new 

indicators

Produce 

counterfactuals

Identify the 

poorest for a policy 

intervention

Compare % 

correctly predicted

Quantity of 

Interest

X� Y� 0 , Y� 1 Y�  = ������� Y�  = �����

Y�  = macro



�� 0 , �� 1

(Causal inference)



Three methodological challenges in causal 
inference with observational data

1. In the absence of random treatment assignment, under what 
assumptions can we identify causal (policy) effects. 

•  Selection bias, endogeneity, confounding  
• Argue for the ignorability assumption (as-if random). 

2. What is the effect of a treatment (T) on an outcome (Y) conditional on 
a set of controls (X)?

•  functional form assumptions (e.g. linear). 

3. The treatment (policy or medicine) effect vary across subpopulations. 
How can those effects be discovered? 

•  Under the framework of traditional regression (generalized linear models, 
GLM), researchers have to specify these deductively. 
• Requires strong theory about the causal pathways



ML supports causal inference in four ways

1. (Impute potential outcomes, �� 0 , �� 1 )

2. (helps with Ignorability assumption, “as-if random”)

3. (offers many functional forms)

4. Identifies treatment heterogeneity 





• Average treatment effect (ATE) might be zero, but children of varying 
social groups can be affected differently by an economic crisis.

• different countries, cities, villages, educations, families, age, sex.  

• The traditional way to capture heterogeneity is by interactions.

• Limitations in number of interaction before losing interpretability. 

• Deductive (theory) driven can hinder scholars from discovering interactions. 

• Some learning algorithms are “naturally” interactive

(4) ML aids in capturing heterogeneous 
treatment effect



Average IMF impact Impact heterogeneity by 
children



Impact by society

Turns out that Tanzania has one of 
highest IMF conditionality burden…



Which variables are predictive of impact 
heterogeneity?



Impact heterogeneity 
by family wealth

• Children of the middle-social 
stratum are affected at least as hard 
by the macroeconomic shockwaves 
than children of the top and 
bottom strata (quintiles). 

Top quintile families can protect 
their children better than families of 
the other social strata

 Bottom quintile families are 
already relatively excluded. 



�

(Data curation and summarization)



Data curation to produce proxies of…

• Treatments (D), confounders (C), and outcomes (Y). 



Example 1 (confounder): Image as data. 

• Can we use satellite images to estimate a village´s or a 
neighborhood´s socio-economic status?  block confounding.
Village- and neighborhood socio-economic status (VN-SES) is a key 
confounder in estimating the effect of Insecticide-Treated Bed Nets 
(ITN) on malaria prevalence in children.

• Policymakers allocate ITN to low SES village- and neighborhood. High SES 
households in low SES village- and neighborhood benefit more than their 
counterpart in high SES village- and neighborhood .

• The goal is to use a proxy of VN-SES in a causal model.



For each DHS household cluster, we 
download a 10 km by 10 km square. 

Each image is 1 km by 1 km. (Malawi)



Work in progress: please contact me for a  
first draft by December…



Example 2 (treatment): Text as data. 
• How much does the IMF policies intervene in food and agriculture 

policies? Next step is to estimate the policy effect on child 
malnutrition  a new exposure indicator!











Next step, using this exposure variable in a 
causal model to evaluate IMF food and 
agriculture on child nutrition…



Y�  = �����

Y�  = macro

(ML for theory testing )





In summary
• New data sources combined with ML brings new opportunities for the social 

sciences.

• A gentle shift from ��-problems to ��-problems (and �-problems).  

• Four broad uses of supervised ML

 Today, an increasing number of the top social science contributions incorporate 
some ML moment. Will become standard… 

 The end of discipline? Those social science educations that will integrate a data 
science moment, will grow fastest.

• Programing and mathematical literacy remains a challenge.

• Collaboration is key =  Social scientist bring domain knowledge, computer scientist bring technical 
expertise.

• Hybrids are rare. 

• The Swedish Research Council recently awarded 13 million SEK to us—a  team of 
researchers, with Maria Brandén as PI, at Institute for Analytical Sociology, as host—
to execute the project “Att förstå samhället genom registerbaserad maskininlärning”.


