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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.

Christiaan Freek lise Lotte Otto Rudd Ursula
Anne David Geent Janneke Minoes Paul Sanne Vincent

Bertha Emma Hanneke Karel Nico Quentin Thomas
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Christiaan Freek
, ]
I; David Geert | Als het gaat om ANNE
:
Meéet wie heeft ANNE contact? Met contact bedoelen we alle vormen van contact, zoals face-to-face contact, '

‘ contact via (mobiele) telefoon, post, email, sms, en andere manieren van online en offline communicatie. }

A Lo {Enoes Paul e (Ancen) Ymike Selecteer de personen die contact met elkaar hebben door met de muis op het bolietie te klikken. Er zal een in |
t ,@ i ontstaan die aangeeft cat de personen contact met alkaar habben. Druk nogmaals op het bolletia om de lijin weer te
r Bertha Emma Hanneke N Nico Quentin Thomas Winy laten verdwiynen, ais de personen geen contact met elkaar hebben
i "6‘
L Ga door
!
E
| Which of th 25 individual
z_ Ich of these 25 individuals

| could you ask for help

i

l

[ Freek Ise Lotte Otto Rudd Ursula Xander

f Geert Janneke Minoes Paul Sanne Vincent Ymke
: Emma Hanneke Karel Nico Quentin Thomas Winy

)

3 Ga door

; Heeal hecht Hocht Een Deatje hecht ot hecht Helermaal niet hecht

1

l David Christiaan Bertha

r Anne

How close are you to these people?



Methodology

Longitudinal Internet

LI5S

PANEL

t

Studies for the Social

sciences

~/50 women
age: 18 - 40

Age
g0 -ducation
ncome
@ Partnership status
Children
Detailed fertility preferences
Alters (25)
Sex Number and age of children
A Age Friend
,“%‘i‘ Education Wants children
‘}x‘ Relationship type Does not want children
\,"l‘ Closeness Help with children
Sl < about children

Frequency of contact F2F  Tal
Frequency of other contact Re

ationship with other alters



. 4 !“ e l .'-_". .'j\ A

Do you think you will have (more)

children in the future?

Absolutely so
Probably so
| don't kKnow

Probably not

Absolutely not

100

150

200
Frequency
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Personal Networks — [uy] i) ay]

tie (strength) composition structure

average closeness % tamily density

average 2t contact % # cliques

average other contact % # isolates and duos
% with children # communities

average closeness family % who want children modularity

average closeness % childfree degree centralisation

average closeness % highly educated betweenness centralisation
% women

% can provide childcare

% can talk to about children density among family
density among
density among

24 variables 13 variables 20 variables



train [/5%)] age partner? # kin density outcome

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

Absolutely so
Probably so

| don't know |

Absolutely not _

0 50 100 150 200

'8 learning algorithms |
Iinear/LASSO/RIDGE regression |
| Elastic net

' XGBoost

Cubist rules

training

5 ego vars

57 network vars evaluating

t f I RZ Support Vector Machines
Oult-0o -samp e *

\Graph Neural Networks

age partner? # kin density outcome

holdout [25%)]
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Linear regression

LASSO/RIDGE regression /
Elastic Net

Cubist Rules
Support Vector Machines P(

Graph Neural Networks




LASSO
XGBoost
SVM

INPUT FEATURE EXTRACTION CLASSIFICATION OoOuUTPUT {6 2 V a rS}

12

GNN
{19 vars}

INPUT FEATURE EXTRACTION + CLASSIFICATION OUTPUT
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XGB

CUBIST XGrRBoosk winner
- o (on average)
LASSO
ELASTIC
RIDGE
SVM

LM

30 35 40 45 50
Out-of-Sample R?
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LASSO
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RIDGE
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Out-of-Sample R?



children \ike\y?

XGB
CUBIST
GNN ® (NN PT‘QEEU SOOd
LASSO
ELASTIC
RIDGE
SVM

LM

30 35 40 45 50
Out-of-Sample R’



tree-based methods better than ‘linear’ methods

improvement over ‘linear’ methods not impressive

GNN performed well!
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drop in RMSE after randomising variable
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Inkeracktions
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Why fancy ML slighty be

some variables have strong non-linear effects

interactions account for little variation

tools developed to systematically assess non-linearities
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:Proccsscs data from The Social Networks and Fertility Survey, downloaded from <https://dataarchive lissdata.nl>,
tincluding correcting respondent errors and transforming network data into network objects to facilitate analyses and

fvisualisation.

| i Version: 0.1.1

i Imports: haven (= 2.5.1)

Suggests: testthat (= 3.0.0), tidygraph (= 1.2.2)
{ Published: 2023-03-16

Author: Stulp Gert [aut, cre]

§ Maintainer: Stulp Gert <g.stulp at rug.nl>

¢ License: CCBY 4.0

£ NeedsCompilation: no

{ Materials: README NEWS

{ CRAN checks: FertNet results

QDocumentation:
¢ Reference manual: FertNet.pdf

\

tDownloads:

;1 Package source: FertNet 0.1.1.tar.gz
§ Windows binaries: r-devel: FertNet 0.1.1.zip, r-release: FertNet 0.1.1.zip, r-oldrel: FertNet 0.1.1.zip

7 macOS binaries: r-release (arm64): FertNet 0.1.1.tgz, r-oldrel (arm64): FertNet 0.1.1.tgz, r-release (x86_64):
FertNet 0.1.1.tgz, r-oldrel (x86_64): FertNet 0.1.1.tgz

‘,

}Linking:

,gPlcasc use the canonical form https://CRAN.R-project.org/package=FertNet t0 link to this page.
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