
A data-driven approach shows that individuals’ 
characteristics are more important than their 
networks in predicting fertility outcomes
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“one kind of  social interaction, informal 
conversations with networks of  relatives, friends, 
and neighbours, was important for historical 
change in bedroom behavior 

WATKINS 1995 



historical
data

causal
design

qualitative
studies

convenience
samples

social learning 
social contagion 
social pressure 
social support



quantifying social influences  
on fertility behaviour 
using personal network data
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Personal Networks

tie (strength) composition structure

strong tie, more support/pressure
e.g., quality of relation with parent

support network, diversity in ideas
e.g., # kin, # friends, # can help

reinforcing norms, flow information
e.g., density, # cliques
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Studies for the 
Social sciences

~750 women
age: 18 - 40
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# How many children would 
you like to have?

Do you think you will have (more) 
children in the future? 

Perceived pressure to have children 
from friends

Perceived pressure to have children
from parents/caretakers

Do you think people with or without 
children are happier?

Outcomes



Longitudinal Internet 
Studies for the 
Social sciences

~750 women
age: 18 - 40

Methodology

Alters (25)
Sex
Age
Education
Relationship type
Closeness
Frequency of contact F2F
Frequency of other contact

Number and age of children
Friend
Wants children
Does not want children
Help with children
Talk about children
Relationship with other alters

Ego
Age
Education
Income
Partnership status
# Children

EGO VARIABLES

NETWORK VARIABLES



Personal Networks
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24 variables 13 variables 20 variables
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can handle many, correlated variables 

leads to sparse, predictive, interpretable models

reduced variance through increased bias
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2 + �

pX

i=1

|�j |

6
β = 2

<latexit sha1_base64="IRoVQ41BnVyYOrF9xLrEYJQYSBY="></latexit>

2X

i=0

(yi � ŷi)
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2 + �

pX

i=1

|�j |

6
β = 2

<latexit sha1_base64="IRoVQ41BnVyYOrF9xLrEYJQYSBY="></latexit>

2X

i=0

(yi � ŷi)
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RMSE: 0.41

all data

RMSE: 0.38

fold 1 fold 2 fold 3 fold 4

RMSE: 0.38 RMSE: 0.45 RMSE: 0.62

    is determined through 
cross-validation and
out-of-sample 
predictive ability
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RMSE: 0.41

all data

RMSE: 0.38

fold 1 fold 2 fold 3 fold 4

RMSE: 0.38 RMSE: 0.45 RMSE: 0.62

strength of model determined 
through cross-validation and
quantified by out-of-
sample predictive ability
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massive overfitting (~15 %-points)
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Important  
Variables

- age
- # children

- # people who do want 
children

- # people who do not 
want children

- strength of relationship 
to these people



Take-Home Messages

predicting pretty well! 

massive overfitting (~15 %-points)

personal variables important, composition so-so, structure not

people who want children and who do not important



Take-Home Messages

predicting pretty well! 
difficult to assess how well

massive overfitting (~15 %-points)
potentially misleading conclusions

personal variables important, composition so-so, structure not
networks may not be unimportant, few ego variables

people who want children and who do not important
understudied



      package 
FertNet



“A complicated data-mining exercise,  
with much oversold results”



SIGN UP HERE!

Be a part of a unique data challenge

Work with amazing data: 
- LISS panel 
- Dutch population registries 

Contribute to fertility research & 
computational social sciences

Write a paper for special issue



the Future

assessing non-linearities and interactions
more advanced machine learning techniques

second wave of data collection
causality, although …
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2 + �

pX

i=1

|�j |

6
β = 2

<latexit sha1_base64="IRoVQ41BnVyYOrF9xLrEYJQYSBY="></latexit>

2X

i=0

(yi � ŷi)
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