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The pandemic delivered a surprise to
Nordic countries: a baby boom

The long, dark winters may be great for making babies, but financial incentives play

a bigger role.
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Reasons unlikely

Strong methods

Strong focus on
representative data

Less measurement error
Open data

Large N

Often descriptive

Crisis i t:“o\mdtj Suaiwtwgy

)

Reasons not unlikel

Non-experimental

Correlational, but little
causal inference

Large N, yet star gazing

Controlling at will

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

out-of-sample predictive ability:

QOO

clear measure of
effect size




out-of-sample
predictive ability

is easy(ier) to understand
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a shift towards prediction
leads to a more reliable
and useful social science

out-of-sample predictive ability:

QOO

clear measure of facilitates dialogue

eftect size theory- and data-driven models




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

out-of-sample predictive ability:

QOO

clear measure of facilitates dialogue measure of distance

effect size theory- and data-driven models| theory and practice



out-of-sample predictive ability
is a measure of how useful
our theory is in the real world
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civil conflicts DOT 10117710023343909356001
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data challenge

theory- and data-driven teams

engage in common task
using common data

and common metric
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Measuring the predictability of life outcomes with
a scientific mass collaboration
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Abdullah Almaatouq®*®, Drew M. Altschul’®, Jennie E. Brand®9, Nicole Bohme Carnegie"(, Ryan James Compton',
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Ridhi Kashyap®®'®, Antje Kirchner®, Stephen McKay'(, Allison C. Morgan“, Alex Pentland®, Kivan Polimis",
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Hamidreza Omidvar™?®, Andrew Or*, Karen Ouyang’, Katy M. Pinto®®®, Ethan Porter*, Kristin E. Porter®®,

Crystal Qian?, Tamkinat Rauf??, Anahit Sargsyan®™™, Thomas Schaffner’, Landon Schnabel??, Bryan Schonfeld’,

Ben Sender™, Jonathan D. Tang’, Emma Tsurkov%, Austin van Loon%, Onur Varol?9%"""¢, Xiafei Wang"', Zhi Wang""™i,
Julia Wang”, Flora Wang™, Samantha Weissman”, Kirstie Whitaker**'", Maria K. Wolters™™™, Wei Lee Woon""™,
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redicting life outcomes
ased on ~6000 variables
y 160 teams
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hardship

Outcome at child age 15
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Social scientists studying the life course
must find a way to reconcile a widespread
belief that understanding has been
generated by these data—as demonstratead
by more than 750 published journal articles
using the Fragile Families data with the tact
that the very same data could not yield
accurate predictions of these important
outcomes.
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e worries about social cohesion and
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w _ the general demise of civilisation
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Spatial Analysis of the
Causes of Fertility Decline

1In Prussia
JOSHUA R. GOLDSTEIN
SEBASTIAN KLUSENER

| Does Fertility Behavior

{1 Nicoletta Balbo® and Nicola Barban" \

Spread among Friends?

_' Family, Firms, and Fertility: A Study of Social
¢ Interaction Effects

§ Zafer Buyukkecedi' - Thomas Leopold? - Ruben van Gaalen®« §|
{ Henriette Engelhardt®

.": Channels of social influence on reproduction
5| # LAURA BERNARDI 3

convenlience

samples
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using personal network data
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Family Friends

EGOS
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EGOS : :
Friends Acquaintances ' Colleagues
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Personal Nebworlks

tie (strength) composition structure

[ Ny

strong tie, more support/pressure | support network, diversity in ideas | reinforcing norms, flow information




weak ties

structure




Eg hWe Aiswer s 25

scientific interest

/ \ respondent burden



Methodology

Longitudinal Internet
Studies for the Social

LI5S

PANEL

t

sciences

~/50 women
age: 18 - 40

Age
g0 -ducation
ncome
@ Partnership status
Children
Detailed fertility preferences
Alters (25)
Sex Number and age of children
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



Methodology

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.



Saliie
3,1

HAQ Ci(} lo S :j

2 - _— - —~—— a - o — a PSR AN ey - PR s S o

Als het gaat om ANNE

Met wie heeft ANNE contact? Met contact bedoelen we alle vormen van contact, zoals face-to-face contact,
P ' - - ~ contact via (mobiele) telefoon, post, email, sms, en andere manieren van online en offline communicatie.

Christiaan Freek llse Lotte Otto Rudd Ursula Xandar £

(e David | Geert AN s Paul A (e gl W ¢ Selecteer de personen die contact met elkaar hebben door met de muis op het bolletje te klikken. Er zal een lijn

| | 1 £ ontstaan die aangeeft dat de personen contact met elkaar hebben. Druk nogmaals op het bolletje om de lijn weer te

¥ laten verdwijnen, als de personen geen contact met elkaar hebben.

 Bertha  [Emma  Hanneke Karel [ Nico Quentin Thomas '\Mnyr

5

} | Christiaan
| | iz Bertha

Which of these 25 individuals | ? >,

, . o Xander Emma

| iny

| could you ask for help | % —~

| | ’ - | ] Vincent >
N Ang Hanneke

lise
Sanne

A Christiaa- Frask lise Lotte Otto 3ude Ursula Xander Rudd
. (Anne David Geert Janneke Minocs Paul Sanne Vincent Ym«e

Bertha Emma Hanneke Karel Nico Quentin ~ Thomas Winy ' Lotte Karel
",‘ £ Quentin Paul
Ga Joor . | 3 :
3 Nico
{ Minoes
Foel hect ~echt Een beetje hecht Net hacht Helemaal niet hecht ’ i Otto

~ How close are you to these people?

- e o WY
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Longitudinal Internet
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Studies for the Social
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Personal Networks — [uy] i) ay]

tie (strength) composition structure

average closeness % tamily density
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average other contact % # isolates and duos
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average closeness family % who want children modularity

average closeness % childfree degree centralisation

average closeness % highly educated betweenness centralisation
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% can provide childcare

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

24 variables 13 variables 20 variables
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Personal Nebworlks

tie (strength) composition structure

strong tie, more support/pressure | support network, diversity in ideas | reinforcing norms, flow information

‘\/
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non-friend
kin make up a

substantial fraction
of the network

friend
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INTERPRETABILITY
LASSO regression

XGBoost
Support Vector Machines

Graph Neural Networks

OMPLEXITY




lL.asso

inear regression  penalty term

can handle many, correlated variables
leads to sparse, predictive, interpretable models

reduced variance through increased bias






Cross-Validakion

A is determined through
cross-validation and
out-of-sample
predictive ability
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RMSE: 0.38 RMSE: 0.62



Cross-Validakion

strength of model
quantified by out-of-
sample predictive ability

$

RMSE: 0.38 RMSE: 0.38 RMSE: 0.45 RMSE: 0.62
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predicting pretty welll

massive overtitting (~15 %-points)
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predicting pretty welll

massive overtitting (~15 %-points)

personal variables important, composition so-so, structure not
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Fm rlank
Variables

- age
- # children

- # alters who do
want children

- # alters who do not
want children

- strength of relationship
to these people



predicting pretty welll

massive overtitting (~15 %-points)

personal variables important, composition so-so, structure not

people who want children and who do not important



predicting pretty welll

massive overtitting (~15 %-points)

personal variables important, composition so-so, structure not

people who want children and who do not important
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# people with childwish,
ties to them # children under 5
# childfree people,

ties to them

# kin people felt pressure
# people that can help # people with childwish



INTERPRETABILITY
LASSO regression

XGBoost
Support Vector Machines

Graph Neural Networks

OMPLEXITY




¥4 LASSO
XGBoost

SVM

INPUT FEATURE EXTRACTION CLASSIFICATION OouTPUT

GNN

INPUT FEATURE EXTRACTION + CLASSIFICATION OUTPUT



Crra F’l« Neural Networks

Pa Javiér
Vila Soler Garcia-Bernardo




Combining ego-alter Combining alter-alter Combining alter-ego
information information information

prediction on
graph level
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o | _ children \ike\y?
large variation across iterations
SVM |

RIDGE |
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L
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XGB _ |
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some improvement over LASSO regression

improvement over LASSO regression not impressive

large variation across iterations

GNN performed well!
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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.

< C. . _ < ) s 5 - Vi - ’ ) : 5 - _ L s S ~ _ iy A ~ _ e

DEMOGRAPHIC RESEARCH

A peer-reviewed, open-access journal of population sciences

DEMOGRAPHIC RESEARCH

VOLUME 49, ARTICLE 19, PAGES 493-512
PUBLISHED 8 SEPTEMBER 2023

https://www . demographic-research org/Volumes/Vol49/19/
DOI: 10.4054/DemRes. 2023 4919

Data Description

Describing the Dutch Social Networks and
Fertility Study and how to process it

Gert Stulp

i 2023 Gers Stulp.

This open-access work 15 published under the terms of the Creative Commaons
Antribution 20 Germany (CC BY 3.0 DE), which permils use, reproduction,
and distribution in any medivum, provided the original awthor(s) and source
are given credil.

See https:licreativecommons orgllicenses/by 3 Wdellegalcode .



Predict Lq reil EEj oubtcomes
with networlks



http://gertstulp.com

