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prediction

prediction of unseen cases 
= 

out-of-sample prediction 
= 

prediction on holdout data

clear measure of 
effect size

facilitates dialogue theory-  
and data-driven models

measure of distance 
theory and practice
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predicting  
fertility  
outcomes 
using  
personal  
network  
data



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
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Outcome
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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 
betweenness centralisation 
… 

density among family 
density among friends 
density among childfree 
…

24 variables 13 variables 20 variables

Personal Networks

tie (strength) composition structure



Overview outcome 
0 
1 
1 
0

train [75%] 

holdout [25%]

age 
29 
41 
34 
33

partner? 
no 
yes 
yes 
yes

# kin 
2 
0 

24 
16

density 
10% 
76% 
30% 
5%

outcome 
0 
1

age 
36 
39

partner? 
yes 
yes

# kin 
12 
17

density 
20% 
33%

8 learning algorithms 
linear/LASSO/RIDGE regression 
Elastic net 
XGBoost 
Cubist rules 
Support Vector Machines 
Graph Neural Networks 

training

evaluating 
out-of-sample R2

N ~ 700 
5 ego vars 
57 network vars



INTERPRETABILITY

COMPLEXITY

Linear regression 
LASSO/RIDGE regression 
Elastic Net

Graph Neural Networks

XGBoost 
Cubist Rules 
Support Vector Machines



LASSO 
XGBoost 
SVM 
{62 vars}

GNN 
{19 vars}



children likely?

XGBoost winner 
(on average)



children likely?

LASSO already  
pretty good



children likely?

GNN pretty good



tree-based methods better than ‘linear’ methods 
non-linearities? 

improvement over ‘linear’ methods not impressive 
is lack of interpretability and dozens of hours compute worth it? 

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

Take-home messages



XGBoost



Important variables

ego
composition
structure



no_child_less_happy components

avg_eigenv density mean_nonf2f_help_cor mean_closeness_friends_cor comm_3orhigher avg_closeness comp_largest mean_nonf2f diameter density_childfree_cor

mean_nonf2f_kin_cor mean_f2f_kin_cor degree_centr mean_nonf2f_has_kid_cor avg_betweenness mean_closeness_kin_cor mean_f2f_help_cor partner_num mean_f2f_talk_cor no_women

mean_closeness_has_kid_cor mean_f2f_want_kid_cor mean_f2f_has_kid_cor comm_1or2 mean_nonf2f_wants_no_kid_cor educ_bin mean_f2f_friends_cor density_talk_cor no_has_child modularity

density_children_cor between_centr mean_f2f_wants_no_kid_cor density_kin_cor mean_closeness no_help mean_nonf2f_talk_cor no_friends mean_nonf2f_friends_cor cliques

density_wantschildren_cor density_friends_cor no_child_total mean_closeness_help_cor mean_nonf2f_want_kid_cor no_wants_no_child no_older density_help_cor no_child_u5 mean_closeness_talk_cor

age child_num no_wants_child mean_closeness_want_kid_cor mean_closeness_wants_no_kid_cor no_kin net_income mean_f2f no_high_edu no_talk

Non-linear effects

ego
composition
structure



Non-linear effects

mean_closeness_wants_no_kid_cor no_kin net_income mean_f2f

age child_num no_wants_child mean_closeness_want_kid_corage # children # alters that  
want children

average closeness to 
alters who want children

average closeness to alters  
who do no want children

# kin net income mean f2f contact



Interactions

ego
composition
structure



Interactions

ego
composition
structure



some variables have strong non-linear effects 
age, number of previous children 

interactions account for little variation 
constraints of sample size? 

tools developed to systematically assess non-linearities 
hardly done in ‘orthodox’ modelling

Why fancy ML slighty better?



   package 
FertNet
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Am I data dredging!?



Am I data dredging!?



good prediction does not 
mean causal understanding 



good prediction does not 
mean causal understanding 

but what does (supposed) 
causal understanding mean 
without good predictions
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