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Why We Need to Understand the 
Distribution of Policy Effects

• Average impact for those who actually received support
• What would have happened to these firms if they had not received 

support?
• The core of causal inference is to estimate this hypothetical 

outcome
• Binary treatment (supported / not) hides heterogeneity

• We need to look beyond averages
• How does it vary between firms?
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A Theoretical View of Policy Effects
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What It Actually Looks Like
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Why The Distribution of Effects Matter

• See how the effect varies with dose/support size
• Spot thresholds – when does support start to help?
• Spot increasing and diminishing returns – when 

more support starts or stops helping
• Understand which firms are where on the curve
• Link it to targeting – who should get support to 

maximise impact?
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Why Should Model Support as a 
Continuous Treatment

“If this firm had received more support, would its outcome 
have changed?”

• Identify segments where support really works.
• Avoid giving support to groups where it doesn’t.
• Design threshold-based programs – like giving more 

support to firms that reach a certain level of investment 
or innovation.
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Continuous Treatment Doesn’t Require 
a Control Group

•Similar need for data
•All firms got support — but in different amounts 

•“Would this firm have done better with more support?”

•No need for a separate group of non-beneficiaries 
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A Swedish Example

• Long tradition of direct payments in Swedish agriculture
• Limited knowledge about effects on farm income
• No untreated group – traditional evaluation methods don’t 

apply
• Methodological study commissioned (Månsson & Cerulli)
• Focus on support intensity and dose-response effects on 

income
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Variables Used in the Analysis
• Outcome Variable

• Real family farm income, normalised by work hours.
• Treatment Variable

• Support intensity: Total direct payments per farm (excluding 
investment support), normalised.

• Cost Variables
• Farm-specific direct costs (2015)
• Farm overhead costs (2015)

• Geographic Indicators
• Growing Zone 1 & 2 (dummy variables)

• Production Orientation
• Beef producer (dummy) 9



Distribution of Support
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Dose-Response Effects of Income 
Support
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Dose-Response Effects of Income 
Support
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Long-Term Effects of Support 
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Long-Term Effects of Support pt.2
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Long-Term Effects of Support pt.3
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Designing Policy Where It Works Best: The 
Power of Dose-Response

• Gives marginal effects estimates like: 
• ”For every extra 10 % of maximum support, family farm incomes 

increase by about 3 % on average”. 

• Goes beyond averages  Shows how different support levels affect 
outcomes—not just whether support helps.

• Reveals efficiency zones  Identifies where returns are strongest and 
where they flatten out.

• Improves resource allocation  Targets support where the response 
is highest and avoids overfunding where it’s low. 

• Enables forward-looking design  Test “what-if” scenarios before 
implementation.
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