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Aim

Explore different ways of thinking about model 
simplicity 
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Outline

- Causal models and statistical models

- Discuss three approaches to model simplicity

1. Fitting propensity

2. The number of entities

3. The number of hypotheses

- Conclusion: distinguish between causal 
parsimony and statistical parsimony

- Discussion
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Σ = ΛΨΛ′ + Θ

Σ = Δ(𝐼 − Ω)−1Δ
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Degrees of freedom

Counting free parameters in the model

Df of regularized network not straightforward

- graphical lasso is data-driven approach
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1: The fitting propensity

A model’s fitting propensity is the average ability of this 
model to fit data (Preacher, 2006). 

Fitting propensity is influenced by the number of free 
parameters and the functional form.
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Construct 1000 random positive correlation matrices with 
6 variables and fit a network model and a one-factor model.

𝑅𝑀𝑆𝑅 =
𝑡𝑟(𝑆 −  Σ)2

𝑝(𝑝 + 1)

Preacher, K. J. (2006). Quantifying parsimony in structural equation modeling. 
Multivariate Behavioral Research, 41, 227-259.

Fitting propensity
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Cumulative frequency distributions of RMSR for one factor model 
(blue) and network model (orange).

Fitting propensity
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Cumulative frequency distributions of RMSR for one factor model 
(blue) and network model (orange).

Fitting propensity
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Cumulative frequency distributions of RMSR for one factor model 
(blue) and network model (orange).

Fitting propensity
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Cumulative frequency distributions of RMSR for one factor model 
(blue) and network model (orange).

Fitting propensity
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The fitting propensity as approach to model simplicity 
applies to the difference between statistical models.

Models that are statistically equivalent have same fitting 
propensity!

Fitting propensity
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2: The number of entities

Occam’s Razor

“plurality should not be posited 
without necessity”

Entities are not to be multiplied 
beyond necessity
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The number of entities

Latent variable model introduces latent variable to 
explain the shared variance
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The number of entities

What variables in the network are causal? If observed 
variables refer to actual ‘item responses’ the network 
model becomes:
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The number of entities

What variables in the network are causal? If observed 
variables refer to actual ‘item responses’ the network 
model becomes:
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Negative 
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The number of entities

The difference in number of entities applies to a 
difference between the causal models. 

After all, in the pure statistical model, the latent 
variable is not a new entity but captures the 
shared variance.
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3: The number of hypotheses
A model is simpler when it postulates fewer hypotheses.

“The direct hierarchical model may be considered simpler than the higher-
order model…because it does not require a theoretical justification for full 
mediation.”

Gignac, 2008, p. 40
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Linda is 31 years old, single, outspoken, and very 
bright. She majored in philosophy. As a student, she 
was deeply concerned with issues of discrimination 
and social justice, and also participated in anti-nuclear 
demonstrations. Which is more probable?

a) Linda is a bank teller.

b) Linda is a bank teller and is active in the feminist 
movement.

The number of hypotheses
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Linda is 31 years old, single, outspoken, and very 
bright. She majored in philosophy. As a student, she 
was deeply concerned with issues of discrimination 
and social justice, and also participated in anti-nuclear 
demonstrations. Which is more probable?

a) Linda is a bank teller.

b) Linda is a bank teller and is active in the feminist 
movement.

(a) Is more probable,  but which is more complex?

The number of hypotheses
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The number of hypotheses

Constraints in a model can be viewed as hypotheses

A model is simpler when it postulates more
hypotheses

Popper: Simpler models are more falsifiable

Bayesian Occam’s razor (Jefferys and Berger, 1992)
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The number of hypotheses

We can distinguish between two types of hypotheses: 

1. Statistical hypotheses (constraints)

2. Causal hypotheses (what is implied by intervening on 
variables in the model)
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Thinking about model simplicity in terms of the 
number of hypotheses applies to both differences 
between statistical models and differences 
between causal models.

The number of hypotheses
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Conclusion

We distinguish between causal parsimony and statistical 
parsimony.

• Causal parsimony refers to those approaches that apply to 
the difference between causal models

• Statistical parsimony refers to those approaches that apply 
to the difference between statistical models
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Discussion

How to quantify causal parsimony?

- How to count the number of entities?

- How to count the number of hypotheses?

Statistical parsimony: how to deal with the 
exploratory character of network modeling?
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Thank you for your attention!

Contact info:

http://rietvanbork.nl

rvbork@uva.nl

Thanks to:

Jan-Willem Romeijn

Hanti Lin

29



Cumulative frequency distributions of RMSR for one factor model 
(blue) and network model (orange) fit to the same 1000 random 
correlation matrices using cross-validation.

Fitting propensity
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Cumulative frequency distributions of RMSR for CFA model 
(blue), EFA model (green) and network model (orange) with 6 
variables fit to the same 1000 random correlation matrices.

Fitting propensity
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Cumulative frequency distributions of RMSR for CFA model 
(blue), EFA model (green) and network model (orange) with 6 
variables fit to the same 1000 random correlation matrices using 
cross-validation.

Fitting propensity
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Fitting propensity

𝑅𝑀𝑆𝑅 =
𝑡𝑟(𝑆− Σ)2

𝑝(𝑝+1)

A

B

𝜆42 = 0.5

C

𝜆82 = 0.5
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Construct 1000 random 
positive correlation 
matrices and fit model 
A, B and C.

Preacher, K. J. (2006). Quantifying parsimony in structural equation 
modeling. Multivariate Behavioral Research, 41(3), 227-259.

Fitting propensity
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