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incomparable 
results

non-replicable 
results

surprising 
patterns

variables 
explain 

little

Fewer 
births 
because of 
study and 
flexwork?

total effect on fertility …  
rather small“



Replication Crisis



Strong methods 

Strong focus on  
representative data 

Less measurement error 

Open data 

Large N 

Often descriptive 

Non-experimental 

Correlational, but little  
causal inference 

Large N, yet star gazing 

Controlling at will 

Long reign linearity 

Reasons not unlikelyReasons unlikely

Crisis in Family Sociology
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Overcoming the Crisis



clear measure of 
effect size

out-of-sample predictive ability:

a shift towards prediction  
leads to a more reliable  
and useful social science



out-of-sample  
predictive ability

is easy(ier) to understand 

can be compared across  
analytical techniques 

can be compared across  
models 

is less gameable 
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out-of-sample predictive ability 
is a measure of how useful 

our theory is in the real world



clear measure of 
effect size

out-of-sample predictive ability:

theory 
driven

data 
driven

measure of distance 
theory and practice

a shift towards prediction  
leads to a more reliable  
and useful social science

facilitates dialogue  
theory- and data-driven models
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theory- and data-driven teams  
engage in common task  

using common data  
and common metric                



Low predictability

data challenge: 
predicting life outcomes 
based on ~6000 variables 
by 160 teams 
both theory- & data-driven 



“Social scientists studying the life course 
must find a way to reconcile a widespread 
belief that understanding has been 
generated by these data—as demonstrated 
by more than 750 published journal articles 
using the Fragile Families data with the fact 
that the very same data could not yield 
accurate predictions of these important 
outcomes.
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worries about social cohesion and  
the general demise of civilisation
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social learning
social contagion
social pressure
social support

historical 
data

causal 
design

qualitative 
studies

convenience 
samples



social learning social contagion

social pressuresocial support

#



quantifying social influences  
on fertility behaviour 
using personal network data



EGO



EGOS



EGOS Family 
Friends
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EGOS Family 
Friends

Friends 
Acquaintances

Acquaintances 
Colleagues

Society

personal  
networks



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



Network size

weak ties 

structure



The Right Answer is 25

respondent burden 
time 
boredom 
poor(er) response

scientific interest 
weak ties 

network structure 
network composition



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 
Detailed fertility preferences



Please list 25 names of individuals 18 years or older with whom you have had contact in the 
last year. This can be face-to-face contact, but also contact via phone, internet, or email. 
You know these people and these people also know you from your name or face (think of 

friends, family, acquaintances, et cetera). You could reach out to these people if you would 
have to. Please name your partner in case you have one. 

Methodology



Which of these 25 individuals  
could you ask for help  

Methodology

How close are you to these people?



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 
Detailed fertility preferences

OUTCOMES



# 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 
Detailed fertility preferences

NETWORK VARIABLES

EGO VARIABLES



average closeness 
average f2f contact 
average other contact 

average closeness family 
average closeness friends 
average closeness childfree 
… 

% family 
% friends 
% childfree 
% with children 
% who want children 
% childfree 
% highly educated 
% women 
% can provide childcare 
% can talk to about children 

…

density 
# cliques 
# isolates and duos 
# communities 
modularity 
degree centralisation 
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… 
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Personal Networks

tie (strength) composition structure
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HOW TO CHOOSE 
WHICH VARIABLES  

TO FOCUS ON?







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

Personal Networks

tie (strength) composition structure



predicting fertility outcomes 
using personal network data



can talk to

all kin

parent

sibling  

other kin

partner 

affinal kin

friend 

not friend

can help

Composition
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other kin

partneraffinal kin
friend

non-friend
kin make up a 
substantial fraction  
of the network







INTERPRETABILITY

COMPLEXITY

LASSO regression

Graph Neural Networks

XGBoost 
Support Vector Machines



Lasso Regression
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linear regression penalty term

can handle many, correlated variables  

leads to sparse, predictive, interpretable models 

reduced variance through increased bias
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Lasso Regression
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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

<latexit sha1_base64="035PTNbCPRqVL1jP+lFuc33yC8g=">AAAB8HicbVDLSgMxFL1TX7W+qi7dBIvgqsyIVjdC0Y3LCvYh7VAymUwbmmSGJCOUoV/hxoUibv0cd/6NaTsLbT0QOJxzLrn3BAln2rjut1NYWV1b3yhulra2d3b3yvsHLR2nitAmiXmsOgHWlDNJm4YZTjuJolgEnLaD0e3Ubz9RpVksH8w4ob7AA8kiRrCx0mOP22iIr2v9csWtujOgZeLlpAI5Gv3yVy+MSSqoNIRjrbuemxg/w8owwumk1Es1TTAZ4QHtWiqxoNrPZgtP0IlVQhTFyj5p0Ez9PZFhofVYBDYpsBnqRW8q/ud1UxNd+RmTSWqoJPOPopQjE6Pp9ShkihLDx5ZgopjdFZEhVpgY21HJluAtnrxMWmdVr1a9uD+v1G/yOopwBMdwCh5cQh3uoAFNICDgGV7hzVHOi/PufMyjBSefOYQ/cD5/AD35kA4=</latexit>

� = 6

Cross-Validation



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  
quantified by out-of-
sample predictive ability

Cross-Validation
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predicting pretty well!  
  

massive overfitting (~15 %-points) 
  

 

Take-home messages
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Important  
Variables

- age 

- # children 

- # alters who do  
want children 

- # alters who do not 
want children 

- strength of relationship 
to these people



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

Take-home messages



social learning social contagion

social pressuresocial support

# people with childwish,  
ties to them 
# childfree people,  
ties to them

# children under 5

# kin 
# people that can help

people felt pressure 
# people with childwish



INTERPRETABILITY

COMPLEXITY

LASSO regression

Graph Neural Networks

XGBoost 
Support Vector Machines



LASSO 
XGBoost 
SVM

GNN



Graph Neural Networks

Pau  
Vila Soler

Javier  
Garcia-Bernardo



Combining ego-alter 
information

Combining alter-alter 
information

Combining alter-ego 
information

prediction on  
graph level



XGBoost winner 
(on average)

children likely?



LASSO already  
pretty good

children likely?



GNN pretty good

children likely?



large variation across iterationschildren likely?



some improvement over LASSO regression 
some evidence for non-linearities 

improvement over LASSO regression not impressive 
is lack of interpretability and dozens of hours compute worth it? 

large variation across iterations 
sample size clearly a constraint 

GNN performed well!  
requires fewer decisions, capitalises on network structure

Take-home messages



   package 
FertNet
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