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The Challenge of Accurate Welfare Targeting

A possible solution is the use of Proxy Means 
Tests(PMTs). The idea is to find household level 
characteristics that are able to predict income well 
and are also easily obervable

We start with the broader 
problem at hand- how do 
you effectively target 
households for social 
programs? There are three 
reasons why targeting is 
often ineffective especially 
in low- and middle-income 
countries

Poverty Lines

Issues with targeting

Outdated poverty line definitions

Income Income is misreported, unobservable or 
unverifiable

Mobility High degree of mobility closer to the 
poverty line

PMTs use static proxies that aren’t 
updated with socio-economic changes

Not specific to diverse population 
characteristics.



What we aim to do with our paper

Find a framework that maximises the predictive capability by choosing 
the right number and combination of proxies

Run said model in a dataset with consumption expenditure (such as 
consumption survey 2011) and compare with currently used PMTs

Take note of the coefficients and see how well they predict consumption 
in another time period (here, 2022)

For reviewing our model, we compare it with the Grosh and Baker model 
that has been widely used in developing countries. They use different 
proxy baskets such as education, durables, household characteristics. 

Understand policy implications by looking and leakage and under 
coverage for different poverty lines



Understanding How PMTs work and how we can improve

Proposition: A Model with the Goal of Maximizing Adjusted R square
Data from Household Consumption Survey (2011)

We have 141 variables including consumption on various items, ownership of 
durables, and household characteristics (age, gender, etc)

𝑪𝒐𝒏𝒔𝒖𝒎𝒑𝒕𝒊𝒐𝒏 = 𝜷 𝟏 ∗ 𝑽𝒂𝒓𝒊𝒂𝒃𝒍𝒆 𝟏 + 𝜷 𝟐 ∗ 𝑽𝒂𝒓𝒊𝒂𝒃𝒍𝒆 𝟐 + 𝜷 𝟑 ∗ 𝑽𝒂𝒓𝒊𝒂𝒃𝒍𝒆 𝟑 + …

Start with a blank slate. 
We have 140 variables, 
regress all on 
consumption and 
select variable with 

highest R
$

. Attach it to 
the model

We’re left with 139 
variables, and regress all 
of them on the first 
model including variable 
1. Again, pick the one 

with the highest R
$
, and 

append it to the model

We continue doing 
this adding the 
variable that 

maximize R
$

until we 

see that R
$

starts 
reducing



Results of the regression: Adjusted R square 

Adjusted R-Squared maximizes at the 73rd addition of variables, however the 
marginal increase (as shown in the right figure) is insignificant after the 30th

iteration



Regression results: Comparison

Comparing our regression with the widely used Grosh-Baker model: we see that 
the adjusted r square is much higher. Also, the selection of covariates in Grosh-

Baker is not statistically based and relies on educated guesses. The regression was 
run on 2011 consumption data

Grosh-Baker Regression R
!

Maximising Regression

Note: not all covariates are attached in the figures. Please refer to the term paper for the entire list



But do they predict consumption better?

We take note of the coefficients which was shown in the previous slide, and using 
those coefficients and covariates predict consumption expenditure for 2022. The 

question remains: which model predicts consumption better?

If we overlap actual expenditure on predicted values, here’s what they look like:

2022 predicted vs actual-

R
!

maximizing 
coefficients

2022 predicted vs actual-
Grosh-Baker coefficients



Policy Applications for this Framework

We aim to study how improved predictors enhance the effective delivery of social 
programs by targeting benefits to households below specific thresholds, 
comparing errors across various poverty lines used as eligibility criteria.

We find that errors, both inclusion and exclusion are minimised when the 
poverty line is reduced.



Dividing Household by Consumption

We divide households by consumption expenditure into three categories, or 
tertiles (quartiles but for 3 subdivisions). Then overlap predicted 2022 
consumption expenditure from our model and actual expenditure

An interesting observation we find is that our model is able to better predict 
the first tertile, or the bottom section of consumption expenditure



Conclusion and Scope

We have provided a framework to better predict income, but don’t 
suggest the mentioned covariates as being the “optimal” ones

Takeaways

Covariates and consumption proxies change with income, countries and 
cultures. A similar framework can be used to determine proxies across 
regions

It’s evident PMTs need constant revision to update proxies that utilise 
adaptive targeting mechanisms

Scope for Future Research

Machine Learning Algorithms to adapt proxies in real time

State specific model that account for regional differences in Indian culture


