A data-driven approach shows that individuals’
characteristics are more important than their
networks 1n predicting fertility outcomes
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“A complicated data-mining exercise,
with much oversold results™
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one kind ot social interaction, informal
conversations with networks ot relatives, friends,
and neighbours, was important for historical
change 1n bedroom behavior
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using personal network data
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Personal Networks

tie (strength) = composition structure

[ N

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




Methodology

. Longitudinal Internet
I.IS( Studies for the

PANEL . -
Social sciences Age
@ Ego Education
~7/50 women Income
Q age: 18 - 40 @ Partnership status
# Children

Detailed fertility preferences

Alters (25)

Sex Number and age of children
A\ Age Friend

, M) Education Wants children

‘0;‘ Relationship type Does not want children

\,"l‘ Closeness Help with children

Frequency of contact F2F  Talk about children
Frequency of other contact Relationship with other alters




Methodology

Which of these 25 individuals
could you ask for help
with care for a child?

How close are you to these people!?

Xander

Xander

Ymke

Ymke

Als het gaat om ANNE

Met wie heeft ANNE contact? Met contact bedoelen we ale vormen van contac
contact via (mobieie) teefoon. post, emal, sSms, en andersa maneran van onine

t. zoals face-10

en offine com

face contact,

unicatie

Selecteer ge personen die contact met elkaar hebben door met de muis op het bolletie te kiikken. Er zal een in

ontstaan de aangeeft dat de personen contact met elkaar hebben. Druk nogmaals op het bolletie om de

laten verdwynen, ais de personen geen contact met elkaar hebben

Christiaan
Ymke Sert!
David
Xander
Winy
Vincent
Ursula
Anne
Sanne
Rudd
Quentin | pay Lotte
Nico
Otto Minoes

Emma

Freek

Hanneke

Janneke

"‘ weer t’..'




Methodology

. Longitudinal Internet
I.IS( Studies for the

PANEL . -
Social sciences Age
@ Ego Education
~/50 women Income
@ age: 18 - 40 @ Partnership status
# Children

Detailed fertility preferences

Alters (25)

Sex Number and age of children
_ AT\ _ :
Vo T A Age Friend
‘4‘@, “‘i" Education Wants children
0’ ‘0" Relationship type Does not want children
\ \;l‘ Closeness Help with children

Frequency of contact F2F  Talk about children
Frequency of other contact Relationship with other alters
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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?

O@@e» ey

How many children would
you like to have?

O = NDNWhH oo N ©

o

100 200 300
Frequency

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

Absolutely so
Probably so

| don't know

Probably not

0 50 100 150 200
Frequency

Absolutely not

Most of my friends think that | should
have (more) children

Completely agree

Agree

Agree slightly

Do not agree or disagree

Slightly disagree .
pisagree [N
Completely disagree _
0 50 100
Frequency

vMy parents/caretakers think that | should
have (more) children
Completely agree
Agree
Agree slightly
Do not agree or disagree
Slightly disagree
Disagree

0 50 100
Frequency

Which statement best reflects your view when it comes
to having children and happiness?

People with children are much happier

People with children are slightly happier

People with and without children are equally happy
People without children are slightly happier

People without children are much happier

Tl

100 200 300

400
Frequency



Methodology

USS  soestortho FGO VARIABLES

PANEL . .
Social sciences

Age
@ Ego Education
~750 women Income
@ age: 18 - 40 @ Partnership status
# Children
sl NETWORK VARIABLES

Sex Number and age of children
S Age Friend
S ) Education Wants children
() Relationship type Does not want children
/() Closeness Help with children
= Frequency of contact F2F  Talk about children
Frequency of other contact Relationship with other alters




Personal Networks

tie (strength)

average closeness
average f2f contact
average other contact

average closeness family

average closeness
average closeness

24 variables

composition

% family

%

%6

% with children

% who want children

% childfree

7% highly educated

% women

7% can provide childcare

% can talk to about children

13 variables

Structure

density

# cliques

# isolates and duos

# communities

modularity

degree centralisation
betweenness centralisation

density among family
density among
density among

2 0 variables



Personal Networks @ @ @
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tie (strength) | composition | structure

average closeness % family density
average f2f contact ’ '
and duos

wverage other cont HOW TO CHOOSE | and.
g \WHTICH VARIABLES s

average closeness ess centralisation

TO FOCUS ON?

7% can talk to about children density among family
density among
density among

24 vanables 13 variables 20 variables
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Personal Networks

tie (strength) = composition structure

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

Z(yz — 4;)7 + )\Z oy

1=0 1=1

o\

linear regression penalty term

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

reduced variance through increased bias
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Cross-Validation

A is determined through
cross-validation and
out-of-sample
predictive ability

e
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RMSE: 0.38

4 |  °
RMSE: 0.38

4 L
RMSE: 0.45

RMSE: 0.62




Cross-Validation

strength of model determined
through cross-validation and

quantified by out-of-
sample predictive ability

e

¢ { ‘
RMSE: 0.38

4 |  °
RMSE: 0.38

¢ L
RMSE: 0.45

RMSE: 0.62
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Out-of-Sample R* (Mean = Standard Error)
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lake-Home Messages

predicting pretty well!



N L S O
o - - o

—
o

Out-of-Sample R* (Mean = Standard Error)

©

@

®w O @

Happiness Pressure Friends Pressure Parents Ideal # Children Children Likely
.
@
] o
¢ .
9
* B .
.
®
-] *
o — [
¢ =]
® Y ) (o @ @ 0 @
S & @ > & W > & W > & W@ > & W
()6 ,.\:\0 O% \S\} ()6 \S\) ()6 \30 O% \&'0
S S S S S
© o o © ©




lake-Home Messages

predicting pretty well!

massive overfitting (~15 %-points)



structure

I ego I composition

Pressure Friends
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structure

I ego I composition

Children Likely

Pressure Parents 3
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lake-Home Messages

predicting pretty well!
massive overfitting (~15 %-points)

personal variables important, composition so-so, structure not
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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



lake-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



lake-Home Messages

Happiness predicting pretty well!

o)
o

N
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massive overfitting (~15 %-points)

oy
o

personal variables important, composition so-so, structure not

Out-of-Sample R* (Mean = Standard Error)

10

people who want children and who do not important
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“A complicated data-mining exercise,
with much oversold results™
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An illusion of predictability in scientific results: Even experts
confuse inferential uncertainty and outcome variability

Sam Zhang™' 2, Patrick R. Heck® &, Michelle N. Meyer“'%, Christopher F. Chabris“*/, Daniel G. Goldstein“‘, and Jake M. Hofman®™’

Edited by Elke Weber, Princeton University, Princeton, NJ; received February 22, 2023; accepted June 26, 2023

Traditionally, scientists have placed more emphasis on communicating inferential ;
uncertainty (i.e., the precision of statistical estimates) compared to outcome variability \
(i.e., the predictability of individual outcomes). Here, we show that this can lead
to sizable misperceptions about the implications of scientific results. Specifically, we
present three preregistered, randomized experiments where participants saw the same
scientific findings visualized as showing only inferential uncertainty, only outcome
variability, or both and answered questions about the size and importance of findings
they were shown. Our results, composed of responses from medical professionals,
professional data scientists, and tenure-track faculty, show that the prevalent form of
visualizing only inferential uncertainty can lead to significant overestimates of treatment
effects, even among highly trained experts. In contrast, we find that depicting both
inferential uncertainty and outcome variability leads to more accurate perceptions of
results while appearing to leave other subjective impressions of the results unchanged,

on average.

6.94 \ g

\

: I \
0.8 \
7

6.7 4 /

Aggressiveness score
:
:
'
A
'
:
'

statistics | uncertainty | science communication | visualization | experiments

I 1 1 1
Violent game Non-violent game Violent game Non-violent game




SIGN UP HERE!

""E
L 1F

Pre

Fer W

Predicting Fertility E
data challenge

Be a part of a unique data challenge
P q 8 r m—

Contribute to fertility research &
computational social sciences

Write a paper for special issue

.
_—
o B I
il
Work with amazing data: E
-

=]

- LISS panel
- Dutch population registries



the Future

assessing non-linearities and interactions

second wave of data collection



How many children would Do you think you will have (more)

you like to have? children in the future?
8 Absolutely so
7
6 Probably so
S
4 | don't know
3 I
2 I Probably not
1 R
o 1l Absolutely not
0 100 200 300 0 50 100 150 200
Frequency Frequency
@ Most of my friends think that | should My parents/caretakers think that | should
have (more) children have (more) children
@@ Completely agree Completely agree
Agree Agree
Agree slightly Agree slightly

Do not agree or disagree Do not agree or disagree

Slightly disagree Slightly disagree

Disagree Disagree

Completely disagree Completely disagree

0 50 100 0 50 100
Frequency Frequency



Which statement best reflects your view when it comes
to having children and happiness?

People with children are much happier

People with children are slightly happier

People with and without children are equally happy
People without children are slightly happier

People without children are much happier

100 200 300 400
Frequency



LLasso Regression
n p

> (Wi — 0>+ A 8] LQinear regression

1=0 =1 Z(y@ — ;) =(1-1)*+(3-3)=0




LLasso Regression
n p

> (Wi — 0>+ A 8] Linear regression
)
i=0 i=1
(i —9:)°=1—-1)*+(3-3)*"=0
assume A = 6 ;

LASSO regression
S (i— )2 +6> |2/ = 0+12 =12




LLasso Regression
n p

> (Wi — 0>+ A 8] Linear regression
)
i=0 i=1
(i —9:)°=1—-1)*+(3-3)*"=0
assume A = 6 ;

LASSO regression
S (- 6)°+6> |2 = 0+12 =12

LASSO regression

Z(yi—ﬁi)erﬁZ\l\ =2°+1°+6=11
i=0 j=1




LLasso Regression
n p

> (Wi — 0>+ A 8] Linear regression
)
i=0 i=1
(i —9:)°=1—-1)*+(3-3)*"=0
assume A = 6 ;

LASSO regression
S (- 6)°+6> |2 = 0+12 =12

LASSO regression

Z(yi—ﬁi)erﬁZ\l\ =2°+1°+6=11
i=0 j=1




