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The true heart of the social sciences:
the aggregation problem.
Without the aggregation problem, there is only
psychology. The problem of creating a whole from some
irreducible function of the parts, a social fact, is the
raison d'être of social science.
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- Morris, Martina (2004)

The macro-micro-macro scheme

Transformational mechanisms

Macro-level association

Our contribution: We discuss four methods to model transformational
mechanisms in regression analysis. While simple dis/aggregation have
been employed before, we show that social network analysis methods are
better suited to model micro-macro transformations.
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➢ There is computational (Macy 2009; Manzo 2014) and analytical work (Granovetter 1978;
Buskens et al 2012) on transformational mechanisms.
➢ However, few (?) have considered to model the micro-macro link using regression analysis.

Are healthy employees more profitable to a company?
Profit of a
company

➢ We can conceptualize sociological phenomena that we seek to explain as outcomes at a higher (macro) level.
➢ To understand a phenomenon, we then delve into the processes that generate them at a lower (micro) level.
➢ That is, we try to understand their generative process, the ‘cogs and wheels’ inside the black box.
➢ To fully comprehend the generative process, we have to understand three different parts
(cf. macro-micro-macro scheme; Coleman 1994):

1. How does the macro-level context influence the processes at the micro level?
2. Which processes are at work at the micro level?
3. How do the micro-level processes aggregate to a macro-level phenomenon?
An example: Max Weber’s The Protestant Ethic and the Spirit of Capitalism
Contextual mechanism: Religious values of a society influence its members.
Action formation: Individuals adopt certain economic behaviors (anti-traditionalism, duty to one’s calling).
Transformational mechanism: How the change in economic behavior gave rise to modern capitalism is missing
in Weber’s work. Maybe: Rise of capitalist economic organizations? Increasing number of entrepreneurs?
Politicians creating a capitalistic regulative system?
➢ This approach to sociological explanations is consistent with the ‘methodological individualism’ and
at the very heart of a new research agenda, analytical sociology.
➢ Analytical sociology places greater weight on analyzing transformational mechanisms, such as social
dynamics, than on developing theories of action.

Mechanism-based explanations in regression modeling
Let’s go through the three parts of a mechanism-based explanation step-by-step
1.

2.

3.

The solution to explaining contextual effects is multilevel modeling:
𝑌𝑖𝑗 = 𝛽0𝑗 + 𝛽1 𝑋1𝑖𝑗 + 𝑒𝑖𝑗 and 𝛽0𝑗 = 𝛾0 + 𝛾1 𝑍𝑗 + 𝑢𝑗 ,
where 𝑖 are the units at the micro level, 𝑗 are the macro contexts
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➢ By treating employees as alters and the companies as egos, which are affected by their
employees, network autocorrelation models (originally developed as spatial autocorrelation
models) can be used:

3 Network effect model and Network disturbance model
𝑌𝑗 = 𝛽0 + 𝛽1 𝑋1𝑗 + 𝜌 

𝑖∈𝐶(𝑗)

𝒘𝒊𝒋 𝒀𝒊 + 𝑒𝑗

𝑌𝑗 = 𝛽0 + 𝛽1 𝑋1𝑗 + 𝜌 

𝑖∈𝐶(𝑗)

𝒘𝒊𝒋 𝒆𝒊 + 𝑢𝑗

𝜌 as estimated (auto)correlation in the outcome and the in residual, respectively.

An example and two problematic solutions

Mechanism-based explanations

Two better solutions: social network analysis
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Problems:
➢ In our example, we are interested in the impact of features of employees (X=leadership training)
and not the impact of outcomes (Y) or its residual (e).
➢ Moreover, the regression equation at the micro and macro level needs to be the same for network
autocorrelation models to make sense. However, in our case, we model two different (dependent)
variables at each level, health status and profit, respectively.
➢ Finally, network autocorrelations models are restricted to quantitative (continuous) dependent
variables. An equivalent solution from the realm of multilevel modeling comes with a whole
suite of options.

4 Multiple membership multilevel model (Goldstein 2011a, chapter 13)
𝑌𝑗 = 𝛾0 + 𝛽1 𝑋1𝑗 + 

𝑖∈𝐶(𝑗)

➢ We can disaggregate the data (see table) and perform a regression at the micro level.
➢ Problem: We run the risk of drawing wrong conclusions regarding the association between
leadership training and profit if we make cross-level inference on disaggregated data because
we exaggerate the sample size and induce a problematic independence assumption.
− The profit of company 1, was observed only once and by disaggregating the data,
we miraculously multiply this number.
− We treat employee 1 to 4 as independent observations. That is, we assume that the
observed values for employee 3 are independent of employee 1, 2 and 4.
➢ Consequence: Excessive Type I error!

2 Aggregation
➢ We aggregate the information on employees to the company level, e.g. σ𝑖∈𝑐(1) 𝑋𝑖 = 3Τ4 of
the employees are in good health at company 1, and perform a regression at the macro level.
𝑌𝑗 = 𝛽0 + 𝛽1  𝑋𝑖 + 𝑒𝑗
𝑖∈𝑐(𝑗)

where 𝑖 are the units at the micro level (here: employees), 𝑗 are the macro units (here: companies).
➢ Problem: While we account for unobserved differences at the company level (𝑒𝑗 ),
there is no residual term at the employee level!
➢ We thereby implicitly assume that differences among employees are completely
described by their health status.
➢ Consequence: Excessive Type I error! Any unobserved variation at the employee level
will affect our estimates:
− Biased standard errors in case of linear regression
− Biased standard errors & regression coefficients in case of logistic or event-history models
➢ A better solution: the aggregation problem can be conceptualized as social network problem.

𝒘𝒊𝒋 𝜽𝒊 + 𝑒𝑗

and 𝜽𝒊 = 𝜸𝟏 𝒁𝒊 + 𝒖𝒊
where 𝑖 are the units at the micro level (here: employees),
𝑗 are the macro contexts (here: companies)
➢ Multilevel approach: alters as context of ego. The multiple membership version of the multilevel model allows egos to be nested in multiple contexts (i.e. all employees of company i)
➢ Observed features of employees (fixed effect 𝑍𝑖 ) as well as a residual effect of unobserved
employee features (random effect 𝑢𝑖 ) can be added and specified separately from the
company-level regression
➢ Estimated measures of network effects: Variance of the random parameter 𝑈𝑖 ~𝑁 0, 𝝈𝟐𝑼 and
the intra-class correlation 𝐼𝐶𝐶 =

2
𝜎𝑈
2
𝜎𝐸2 +𝜎𝑈

(as compared to the autocorrelation parameter)

➢ Many extensions possible because multilevel literature well developed: binary and
multivariate outcomes, other forms of dependencies, …
➢ The weights represent the theory on how the employee effects aggregate to the company
level (Leenders 2002)
− Do we expect that all employees have the same effect? Or do we think that health status
only affects a company’s profits if, say, more than 50% are in good/bad health?
− In other words, the weights 𝑤𝑖𝑗 specifiy the transformation function, which can be
✓ arithmetic average, (weighted) sum
✓ more complex aggregation functions: threshold functions, other emergence
mechanisms
∗
✓ estimated from the data: regression of unobserved 𝑤𝑖𝑗
on observed explanatory
1
*
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wij if
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✓ E.g. 50% threshold function wij =
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Micro-level processes can be modeled via simple regression modeling:
𝑌𝑖 = 𝛽0 + 𝛽1 𝑋1𝑖 + 𝑒𝑖 ,
where 𝑖 are the units on the micro level

References, further reading, and applications

Grow and Bavel (2017, p.8) in their book ‘Agent-based modeling in population studies’:
We will see
that this is
not correct
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