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Outline
•  1) SEM – What, why and how?

•  2) Cross-sec?onal models of brain and cogni?on

•  3) Mul?-region mul?-method models of brain integrity

•  4) Models of change over ?me

•  5) Models of reliability 

•  6) Coupled change



What Do We Want to Achieve with SEM?

• Mul+variate	analysis:	Understand	the	rela/ons	between	
mul/ple	variables	

• Latent	variable	analysis:	Variables	may	not	be	directly	
observable	

• Input:	A	covariance	matrix	and	means	vector	(or	raw	data)	
• Goal:	develop	a	simpler	explana,on	of	that	covariance	
matrix		

• Test	whether	your	data	is	compa/ble	with	your	hypothesis	
(i.e.	not	rejected	by	it)	



Defini?on: Structural Equa?on Modeling

• A	simple	defini/on	(1980s):	any	model	of	linear	rela/onships	between	
normally-distributed	variables		

• Modern	SEM	has	various	extensions	to	other	types	of	distribu/ons	and	
non-linear	rela/onships	

•  SEM	generalize	many	general	linear	modeling	techniques:	t	test,	F	test,	
regression,	(repeated	measures)	ANOVA,	mixed-effect	models,	
media/on	models,	path	analysis,	growth	curves	



What Is SEM?

• A	combina/on	of	two	tools	
• Path	analysis	(“Structural	Model”)	

•  Simultaneously	es/ma/ng	mul/ple	pathways		
• Latent	variable	analysis	(“Measurement	Model”)	

• Rela/ng	measured	variables	to	hypothesized	constructs	



Path Diagrams

•  Every	SEM	can	be	
represented	as	a	
graphical	model	

•  1-to-1	mapping	between	
graphical	model	and	
underlying	mathema/cs	



SEM = Measurement + Structure



What Can SEM Do For You?

•  Saves	a	lot	of	trouble:	A	universal	
language	(to	formalize	and	test	your	
natural	language	hypotheses)	

• More	valid,	reliable,	and	sparse	models	
(moving	your	hypotheses	from	an	item	to	
a	construct	level)	

•  Genera+ve	models:	great	for	simula/ons!	
•  PreBy	diagrams	(A	one-to-one	mapping	
between	formal	languages	of	SEM	
(matrix	algebra,	sets	of	equa/ons,	
computer	programs)	to	diagrams)	



1
y x nyxCommercial Break: Where To Start?

•  A	graphical	interface	for	Structural	
Equa/on	Modeling	

•  Free	(as	in	beer)	but	not	yet	open	
source	

•  PlaZorm	independent	
• Maximum	Likelihood	Es/mator	
•  Import/Export	to	other	formats	
(including	specifica/ons	in	other	
programs,	such	as	lavaan)	

•  Developed	at	the	MPIB,	UniBW	
(and	formerly	UvA)	



Ωnyx in Ac?on



Reflec?ve Latent Variables
• We	rarely	care	about	the	actual	variables	we	
measure	

•  ‘how	many	items	can	you	recall’	
•  Rather,	we	care	about	hypothesized	constructs	

•  ‘Memory	capacity’	
•  Observed	scores	reflect	the	latent	variable	
•  Arrows	from	latent	variable	to	a	set	of	observed	
variables		

•  Spearman	(1904):	Scores	on	wide	range	of	ability	tests	
reflect	underlying	ability	(‘general	intelligence’)	

•  Other	examples	
•  Personality	
•  Working	memory	
•  Adtudes	

	



Basic Building Block: Factor models 
(Measurement)

Verbal	IQ	from	WAIS:	Informa/on;	Vocabulary;	Comprehension;	Similari/es	

How	much	does	one	unit	change	
in	the	latent	factor	change	the	
observed	variable?	

Unexplained	
variance	



Basic Building Block: Regression (Structure)



Generic Modeling Approach (see Quen?n’s 
talk)
• Propose	a	model	that	is	simpler	than	the	original	dataset	(i.e.	fewer	
parameters	than	unique	pieces	of	input)	

•  Es/mate	the	model	parameters	
•  Examine	model	fit	(difference	between	observed	and	proposed	
covariance)	

•  Provisionally	accept	the	model	
•  Reject	the	model	
•  Refine	the	model	(explora/on;	not	confirma/on)	
•  Compare	it	to	compe/ng	models	

•  Examine/Test	model	parameters	



Evalua?ng Alterna?ve Models in SEM

Fit	indices:	
•  χ2:	Misfit	against	saturated	model	
with	test	of	perfect	fit	(but	
overpowered)	

• CFI:	Misfit	per	df	in	comparison	to	a	
null	model	(independence	model)	

• RMSEA:	Misfit	per	df	and	N	in	
comparison	to	a	saturated	model		

•  Likelihood-Ra,o	Test	(if	models	are	
nested)	or	informa6on-criteria	like	
AIC/BIC	
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Crossec?onal Model of Brain-
Cogni?on Rela?ons



Applica?on: Frontal Lobe Structure, Fluid 
Intelligence and Mul?-Tasking
• How	do	frontal	gray	maBer	and	white	maBer	connec/ng	those	relate	
to	two	execu+ve	func+ons:	fluid	intelligence	and	mul/tasking.		

• Cam-CAN	data	(N=567;	mean	age	54,	range	18.46–88.9)	
• Measurement		model:	Are	mul/tasking	and	fluid	intelligence		
separable	cogni/ve	factors?	Single	factor	of	pre-frontal	integrity?	

•  Structural	model:	To	what	extent	do	differences	in	brain	proper/es	
explain	age-related	differences	in	cogni/on?	

Kievit	et	al.,	2014	(DOI:	10.1038/ncomms6658)	



Measurement Model of Cogni?on
a) 	Carell	Culture-Fair	pencil&paper	
test	yields	four	scores	on	four	subtests	
(series	comple/ons,	odd-one-out,	matrices	
and	topology)	

	
b)	 	Simulated	hotel	work	environment	
and	measures	the	ability	to	distribute	
performance	across	mul/ple	tasks	(goal	
maintenance,	task	shiting,	cogni/ve	control)	
using	number	of	tasks	performed	and	/me	
misallocated.	

	

Kievit	et	al.,	2014,	Nat	Commun	



Separable Cogni?ve Factors
• RMSEA:	0.04	
• CFI	0.99	
•  Item	R2	
between	50%	
and	65%	

Kievit	et	al.,	2014,	Nat	Commun	



Alterna?ve Model of Unidimensional Cogni?on

•  RMSEA:	
0.27	

•  CFI	0.72	
•  Item	R2	
down	to	
10%		

Kievit	et	al.,	2014,	Nat	Commun	



Likelihood Ra?on Model Comparison

• Null	hypothesis:	There	is	no	difference	in	fit	
•  Interpreta/on	of	significant	result:	The	loss	of	fit	by	the	more	
restricted,	more	parsimonious	model	(1	Factor)	is	significantly	worse	
than	what	we	expect	by	chance	so	that	we	can	reject	it	

Here:	χ2(1)=355.01,	p=0.00000...	



Indicators of Brain Integrity
a)	GMV	in	frontopolar	BA10	
b)	GMV	within	the	frontal	sec/on	of	the	
mul/ple	demand	system	
c)	WM	Forceps	Minor	(connec/ng	let	
and	right	BA10)	
d)	WM	Anterior	Thamalic	Radia/ons	
(considerable	connec/vity	with	frontal	
MD	system)	

Kievit	et	al.,	2014,	Nat	Commun	



Measurement Model of the Brain

„General	PFC“	
•  RMSEA	0.63	
•  CFI	0.58	
•  R2	down	to	3%	

„WM	and	GM“	
•  RMSEA	0.05	
•  CFI	0.99	
•  But	nega/ve	variance!	

Kievit	et	al.,	2014,	Nat	Commun	



MIMIC Model
W
M
	

GM
V	

Kievit	et	al.,	2014,	Nat	Commun	



Results
Differen/al	Predic/ons	of	the	GM	and	WM	
variables-of-interest:	
• BA10	and	FM	jointly	predict	(age-related)	
individual	differences	in	fluid	intelligence:	
R2=0.35	

• ATR	predicts	mul/tasking,	even	though	
with	very	small	effect	size,	R2=0.03	



A mul?region-mul?method 
model of brain structure



In search of a biologically plausible model 
from mul?modal imaging data

Magne+za+on	transfer	ra+o	

Grey	maBer	probabili+es	

Mean	diffusivity	“Brain	Integrity”	
Or	
“Brain	Health”	

…	

Köhncke,	Brandmaier,	et	al.	(in	prep)	



Mean diffusivity in grey mader
• Water	will	diffuse	more	rapidly	in	the	
direc/on	aligned	with	the	internal	
structure	

•  Diffusion-tensor	imaging		
•  Uses	pulsed	gradients	to	excite	water	
protons	along	direc/ons	

•  Uses	vector/tensor	math	to	get	parameters	
for	each	voxel:	rate	and	direc/on	(3D)	of	
diffusion	

•  Mean	Diffusivity	(MD)	is	defined	as	the	
mean	of	the	diffusion	tensor	
eigenvalues)	

•  MD	=	rota/onally	invariant	magnitude	
of	water	diffusion	within	brain	/ssue;	

•  Interpreta/on:	Higher	values	~	less	
“dense”	structure	



Grey mader probability
•  Volume-based	morphometry	(VBM)	

•  T1	images	->	spa/al	registra/on	to	a	
reference	brain	

•  Tissue	classifica/on	(GM/WM/CSF)	
•  Interpreta/on:	Higher	values	~	
“larger”	structure	

•  GMV	captures	volume	shrinkage,	
pathological	changes	on	a	coarse	
level	

•  GMV	changes	previously	linked	to	
cogni/on	(Becker	et	al.	2015;	Cabeza	
et	al.,	2008)	

hrp://www.neuro.uni-jena.de/cat	



Magne?za?on transfer in grey mader
•  Magne/za/on	transfer	(MT)	

•  MT	imaging	uses	specially	designed	MT	pulse	
which	capitalises	on	energy	exchange	
between	excited	molecules	and	on	
differences	in	relaxa/on	/me	between	water	
bound	to	macromolecules	and	free	water	[	

•  Ater	MT	pulse,	free	water	is	partly	saturated	

•  MT	Ra/o:		
•  ra/o	between	image	without	MT	pulse	and	
image	with	MT	pulse	

•  depends	on	water	content,	concentra/on	&	
chemistry	of	macromolecules	

•  Interpreta/on:	Higher	ra/o	~	“denser”	
/ssue		

MT	satura/on	(Ge	et	al.,	2002)	



Focus on Episodic Memory
•  ROI-approach:	average	across	voxels	in	a	region	

•  Selec/on	of	ROIs	based	on	their	relevance	for	episodic	memory			
•  Func/onal	networks	

•  see	e.g.	Geib	et	al.	2017;	Benoit	et	al.,	2015	
•  Volumetric	ROIs	

•  e.g.	Becker	et	al.	2015;	Cabeza	et	al.,	2008	
•  MT&MD	and	cogni/ve	ability		

•  MT	as	structural	indicator	in	rela/on	to	cogni/on	
•  e.g.	Schmidt	et	al.,	2014,	Düzel	et	al.	2008,	2010,	Eckert	et	al.,	2004;	

Tambasco	et	al.,	2011		
•  MD	as	structural	indicator	in	rela/on	to	cogni/on	

•  e.g.	Bhagat	and	Beaulieu	2004;	Ni	et	al.	2010;	Pfefferbaum	et	al.	2010,	
Grydeland	et	al.,	2015		

•  ROIs	(from	AAL	atlas):	medio-orbitofrontal	PFC,	precuneus,	
parahippocampal	gyrus,	hippocampus	

•  Grey	marer	volume	values	adjusted	for	total	intracranial	volume	

PHG HC 

moPFC Precuneus 

dlPFC 



BASE-II

•  Comprehensive	cogni/ve	test	
barery	

•  1.600	older	adults	(60-80	years)	
•  Effec/ve	sample:	n=1532	

•  Imaging	
•  344	older	adults	
•  (172	cases	have	complete	data	across	MR	modali/es	

and	EM)	



Raw	correla+ons	among	all	variables	of	
interest	
Color	coding:	strength	and	direc/on	of	
correla/on.		White	background:	
correla/on	n.s.	(p>.05).		
	
->	Brain	measures	inter-related,	EM	
measures	inter-related,	but	no	strong	
associa/on	parern	brain-EM,	except	for	
MD-measures	(which	also	strongly	relate	
to	age	and	sex)	
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Region-wise measurement models

…some	loadings	are	rather	low	but	we	keep	the	items	for	the	full	model	

PHG HC 

moPFC Precuneus 

dlPFC 

(Standardized	es/mates	in	parentheses)	

•  Indicators:	Mean	across	let&right	hemi	in	each	measure,	z-standardized	
•  For	example:	Factor	for	HC	and	for	PFC	

•  moPFC	and	dlPFC	were	so	highly	correlated	that	they	are	berer	represented	by	
one	factor	



Mul?region-mul?method model

(RMSEA	=	.08	CFI	=	.93;	SRMR	=	.07)	



Mul?region-mul?method model
Age	differences	in	all	latent	regional	factors	significant	

PHG HC 

moPFC Precuneus 

dlPFC 

(Standardized	es/mates	in	parentheses)	



Associa?ons with Episodic Memory

Episodic	Memory	in	BASE-II:	
• Auditory	verbal	learning.	The	sum	of	items	recalled	over	five	trials	
•  Face	profession	task	assessing	associa/ve	binding	on	the	basis	of	
recogni/on	of	incidentally	encoded	faceprofession	pairs.	Corrected	
hit	rates	for	rearranged	face-profession	pairs	

• Object	loca/on	memory	task	assessing	object-loca/on	memory	with	
12	colored	photographs	arranged	on	a	6x6	grid.	The	sum	of	correct	
placements	

•  Scene	encoding	task	assessing	nthe	ability	of	incidental	scene	
encoding.	Delayed	recogni/on	hit-rate.	



Region-wise associa?ons with EM: all significant

(RMSEA	=	.03	CFI	=	.93;	SRMR	=	.07)	

PHG HC 

moPFC Precuneus 

dlPFC 

EM	with	

PFC	 .22	

HC	 .36	

PHG	 .31	

PRE	 .18	



Age-adjusted: only EM<-> HC significant. 

PHG HC 

moPFC Precuneus 

dlPFC 

Covariances	can	be	
read	as	residual	
correla/ons	accoun/ng	
for	age	differences	

HC	<->	EM	is	also	robust	to	
adjus/ng	for	educa/on,	sex,	and	
blood	pressure	

->	thus,	the	covariance	of	HC	
and	EM	is	largely	independent	
of	age,	educa/on,	sex,	and	
blood	pressure	



Region-unique (MIMIC model): only hc->EM

PHG HC 

moPFC Precuneus 

dlPFC 

(Standardized	es/mates	in	parentheses)	

->	thus,	considering	
overlapping	variance	with	the	
other	regions,	HC	contributes	
with	unique	associa/on		



Interested in method factors? Flip!
Covariances	can	be	read	as	correla/ons	because	latent	
variances	are	@1	
Loadings	are	standardized	by	z-transforming	indicator	
variables	

PHG HC 

moPFC Precuneus 

dlPFC 



Advantages of the Mul?trait-mul?method 
(MTMM) - modelling approach
• A	theory-based	integra/on	/	dimensionality	reduc/on	is	applied	to	
ROI-wise	data	from	3	imaging	modali/es	

•  Represents	a	theore/cal	model	of	grey	marer	structural	“integrity”	or	
(micro-)	“damage”	

•  reduces	mul/ple	tes/ng	problem	

• Region-specific	variance,	method-specific	variance,	and	residual	
variance	are	separated	(orthogonal	to	each	other)	and	can	each	be	
inves/gated	with	respect	to	their	associa/ons	with	other	variables	of	
interest.		



What‘s change got to do with it?
Longitudinal	Modeling	



Within ≠ Between  
(Or Simpson‘s Paradox)
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• Alcohol	and	IQ	

•  Posi/vely	correlated	in	
the	(UK)	popula/on	(Bary	
et	al.,	2008)		

•  Neither	is	untrue:	they	are	
claims	about	qualita6vely	
different	phenomena	

•  Inter:	Sociological	
mechanism		

•  Intra:	Pharmocological	
mechanism	

45	

Why Study Change?



How to Study Change?

•  1)	The	iden/fica/on	of	intra-individual	change	
•  2)	The	iden/fica/on	of	individual	differences	in	change	
•  3)	The	iden/fica/on	of	rela/onships	among	change	
•  4)	The	iden/fica/on	of	determinants	of	change	
•  5)	The	iden/fica/on	of	determinants	of	individual	differences	in	
change	

Baltes, P. B., & Nesselroade, J. R. (Eds.). (1979). Longitudinal 

research in the study of behavior and development. Academic Press. 



Latent Change Score Model

•  Scores on at least 2 occasions
•  Specify autoregressive path
•  Create latent change factor which captures 

residual
• Mean ΔX == paired t-test
•  But: 2 parameters for free

•  Change variance
•  Propor?onal change, or self-feedback 

parameter

Xt	
1

β 

σXt-1

Xt-1	

1	

µXt-1 

µΔXt 

		

		

		

σΔXt

ΔXt	

1

McArdle, J. J., & Hamagami, F. 
(2001). Latent difference score 
structural models for linear 
dynamic analyses with 
incomplete longitudinal data. 



A Mul?ple-Indicator Latent Change 
Score Model

LCS	

Factor	Model	

Mul/-Method	



Powerful tool to dis?nguish various mechanisms



Applica?on: Frontal lobe development in 
adolescence
• Goal:	Modeling	volumetric	changes	in	frontal	pole	
• Data	from	Neuroscience	in	Psychiatry	Network	(NSPN),	176	
individuals,	mean	age	=	18.84,	range	14.3-24.9,	82	girls,	scanned	on	
two	occasions	(average	interval:	M=1.24	years,	SD=	0.33	years).			

• Assess	degree	of	volumetric	changes	in	the	frontal	pole,	which	is	
oten	discussed	w.r.t	speed	of	matura/onal	changes	and	its	
purported	role	in	controlling	higher	cogni/ve	func/ons	and	risk	
taking	behaviour		

Kievit	et	al.,	2017,	Dev	Cog	Neurosci	



Applica?on: Frontal lobe 
development in adolescence

•  Frontal	lobe	as	latent	variable	measured	by	let	and	right	
volume	

• Ques/on:	Are	there	sex	differences	in	cor/cal	
development?	



•  Sex	difference	in:	
•  Intercept	
• Change	variance	
•  Intercept-Change	covariance	
• No	difference	in	mean	change	(so	
‘standard	methods’	would	have	missed	
interes/ng	parerns)	

• Parern	compa/ble	with	delayed	cor/cal	
thinning	in	boys	

Results



Reliability
ICED:	Intra-Class	Effect	Decomposi/on	



Reliability Is Necessary for Measuring Change

Defini/on:	The	term	reliability	in	
psychological	research	refers	to	the	
consistency	(or	repeatability)	of	
scores	across	repeated	measures	

A	measure	is	considered	reliable	if	it	
would	give	us	the	same	result	over	
and	over	again	(assuming	that	what	
we	are	measuring	isn’t	changing!).	
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ISO 3103: The Standardized Method For 
Brewing Tea

		
	 	Abstract:	The	method	consists	in	extrac6ng	of	
soluble	substances	in	dried	tea	leaf,	containing	in	
a	porcelain	or	earthenware	pot,	by	means	of	
freshly	boiling	water,	pouring	of	the	liquor	into	a	
white	porcelain	or	earthenware	bowl,	
examina6on	of	the	organolep6c	proper6es	of	the	
infused	leaf,	and	of	the	liquor	with	or	without	
milk,	or	both.	

	
	 	=>	Consistency!	



Reliability: Coefficient of Varia?on vs Intra-
Class Correla?on
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• Coefficient	of	varia+on	relates	
average	to	within-person	SD	=>	
reliability	of	averages	

	
•  Intra-class	correla+on	relates	
between-person	SD	to	within-
person	SD	=>	reliability	of	
individual	differences	

Brandmaier	et	al.,	2018,	eLife	



Item-Level Reliability

• Reliability	is	the	propor,on	of	
systema,c	variance	in	total	
observed	variance	

•  Es/mable	from	a	repeated	
measures	design	

•  In	parallel	forms	models,		
ICC	=	Explained	variance	at	any	
one	occasion	

	
ICC = σ T

2

σ T
2 +σ E

2



Construct-Level Reliability

•  ICC2	is	the	effec/ve	
measurement	error	of	the	en/re	
design	measuring	the	latent	
score	of	interest	

•  In	parallel	forms	models,	this	
corresponds	to	dividing	the	
measurement	error	by	number	
of	measurements	

ICC2 = σ T
2

σ T
2 +σ E

2 / 4



ICED: Reliability in Nested Designs

Day #1 Day #2

Session #1 Session #2 Session #3

Scan #1 Scan #2 Scan #3 Scan #4

Time

Brandmaier	et	al.,	2018,	eLife	



Applica?on: Myelin

• Changes	of	myelin	structure	and	
quan/ty	have	been	proposed	as	
neuroanatomical	substrates	of	
cogni/ve	decline	

•  3	repeated	Myelin-Water	
Frac/on	measurements	in	20	
healthy	adults	(24.4–69.5	years)	

• Result:	86%	true	score,	8%	
session,	6%	residual	variance	

•  ICC=.86,	ICC2=.94	(back-to-back	
ICC=.94)	

Brandmaier	et	al.,	2018,	eLife	

back-to-back	



Applica?on: Reliability of Res?ng-State 
Func?onal Connec?vity
• Res/ng-state	func/onal	connec/vity		
was	proposed	as	a	promising		
index	of	age-related	or	pathology-	
induced	changes	in	the	brain	

•  5-minutes	rsfc	data	from	Pannunzi	et	al.,	2018,	which	is	based	on	the	
publicly	available	raw	data	from	the	Day2day	study	(Filevich	et	al.,	
2017)	with	up	to	50	scans	in	6	individuals	+	1	scan	each	of	50	
individuals	

• pairs	of	ROI	including	pre-frontal,	sensor-motor,	parietal,	temporal,	
limbic,	occipital	cor/ces,	cerebellum	and	subcor/cal	structures.	



Result

•  Example	rsfc:	let	prefrontal	cortex	and	right	prefrontal	cortex	
•  Longitudinal	only	(n=6):	The	true	score	variance	was	es/mated	to	
account	for	49%	of	the	total	variance	(est	=	0.013;	W	=	2.46;	df	=	1;	
p=0.117)	and	the	error	variance	contributed	51%	of	the	total	variance	
(est	=	0.014;	W	=	27.00;	df	=	1;	p<0.0001)	

•  ICC	is	0.49	



Result II

Longitudinal	+	Cross-Sec/onal:	
•  ICC	between	let	and	right	pfc	
dropped	to	0.39.	

•  ICC	Range	0.0	to	0.7	
• Average	ICC	of	.22	
•  Signal	outweighted	by	noise	
by	a	factor	of	about	4	on	
average	
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Summary

•  ICED	framework	is	an	extension	of	G-theory	(Cronbach	et	al.,	1972	)	
•  ICED	allows	iden/fica/on	and	es/ma/on	of	measurement	
characteris/cs	to	precision	of	measurement	/	reliability	

• Characteris/cs	such	as	run,	session,	day,	or	scanning	site	(in	mul/-site	
studies).	

• Knowing	the	sources	of	error	will	hopefully	lead	to	berer	study	
designs	(higher	power,	more	resources	saved)	

•  ICED	can	be	extended	to	reliability	of	individual	differences	in	change	
(Brandmaier	et	al.,	2018,	Fron/ers	in	Psychology)		



Does it all go together when it 
goes?
Coupled	Changes	in	Cogni/on	



‘Mental	energy’	

The Posi?ve Manifold
• Test	of	cogni/ve	abili/es	are	universally	
posi/vely	correlated	

• Among	the	most	robust	findings	in	all	of	
psychology	

• Famously:	g	model	(1927)	
• g	scores	predict	

• Health	(Morbidity/mortality)	
•  Income	
• Educa/on	
• Psychopathology		
• Etc.	

Deary, I. J. (2012) Intelligence. Annual Review of Psychology, Vol. 63, pp. 453-482, 2012  
Gow, A. J., Johnson, W., Pattie, A., Brett, C. E., Roberts, B., Starr, J. M., & Deary, I. J. (2011). Stability and 
change in intelligence from age 11 to ages 70, 79, and 87: the Lothian Birth Cohorts of 1921 and 
1936. Psychology and aging, 26(1), 232. 

Salthouse, T. A., Atkinson, T. M., & Berish, D. E. (2003). Executive functioning as a potential mediator of age-
related cognitive decline in normal adults. Journal of Experimental Psychology: General, 132(4), 566.  

Tucker-Drob, E. M. (2011). Neurocognitive functions and everyday functions change together in old 
age. Neuropsychology, 25(3), 368. 



Coupled Cogni?ve Change in Ageing

•  Is	individual	cogni/ve	decline	a	
general	process,	or	is	it	
differen/ally	manifested	across	
different	domains?	

• Within-person	level	of	analysis:	
Does	decline	within	a	person	tend	
to	occur	simultaneously	across	
different	cogni/ve	abili/es?	

Salthouse,	2009,	Neurobiol	Aging	



Cross-Sec?onal vs. Longitudinal „g“

•  Longitudinal	factor	structure	may	barely	resemble	longitudinal	
structure	

• Development:	FS	reflec/ve	of	how	heterogeneity	in	environmental	
experience	is	structured	over	childhood	(e.g.,	experiences	that	foster	
growth	in	one	ability	tend	to	co-occur	with	other	experiences	that	
foster	growth	in	other	abili/es,	or	broad	effects	of	intellectual	
engagement	and	achievement	mo/va/on	on	many	different	cogni/ve	
abili/es),	

• Ageing:	specific	neurodegenera/ve	processes	in	different	neural	
structures	and	func/ons	that	each	subserves	a	different	ability	



Meta-Analysis: Coupled Change in Cogni?on

•  Approach:	Mul/-level	meta-analysis	(effect	sizes	may	randomly	vary	among	
studies)	of	longitudinal	studies	of	coupled	change	in	ageing	(LCS	and	LGCM)	

•  Effect	size:	„shared	variance“,	communality	from	a	factor	model	fit	to	
longitudinal	changes	in	indicators	of	two	or	more	ability	domains	

• Weight:	asympto/c	standard	errors	based	on	effec/ve	error	(Brandmaier	et	
al.,	2018)	

•  Data:	89	effect	sizes	from	98	cogni/ve	outcomes	from	22	unique	datasets	
composed	of	over	30,000	unique	individuals	in	total,	number	of	waves	ranged	
from	2	to	12,	with	a	median	of	5.00	with	the	average	age	at	baseline	wave	
ranged	from	35.42	years	to	84.92	years,	with	a	median	of	64.90,	

Tucker-Drob,	Brandmaier,	Lindenberger,	submired	



Random-Effects Meta Analysis



Bivariate Latent Change Score Model
• Simple extension
• Assume two domains (Y1 and Y2)
• Allows for inves?ga?on of

•  Self-feedback parameters
•  Cross-lagged parameters
•  Coupling parameter

ΔY1	

1	

1	

Y1T1	 Y1T2	

1	

1	

Y2T1	 Y2T2	

ΔY2	

1	

1	



Results

• Mean	change	across	domains	was	–.051	(SE	=	.007,	p	<	.0005),	that	is,	
1/20	SD	change	per	year,	or	½	SD	per	decade	

• Mean	rates	of	longitudinal	change	varied	substan/ally	across	
domains	and	across	samples.	

•  Individual	contrasts	indicated	that	processing	speed,	spa/al	ability,	
and	reasoning	displayed	significantly	more	decline	(more	nega/ve)	
than	the	grand	mean	es/mate	across	domains,	and	verbal	knowledge	
displayed	significantly	less	(less	nega/ve)	decline	than	the	grand	
mean	es/mate.	



Results II - Slope Communality Es?mates

Coupled Cognitive Change   72 
 

 
Figure 3. Histograms of level communalities and slope communalities. Histograms are weighted by the 
respective precision of the individual estimates and by the inverse number of effect sizes contributed by 
the associated dataset. In each panel, weights are scaled to sum to the total number of effect sizes (89). The 
dashed vertical line represents the weighted meta-analytic estimate of the mean communality for the levels 
(.558) and slopes (.600), respectively. To facilitate comparisons across level and slope communalities, the 
solid vertical line depicts the weighted meta-analytic estimate for the level communalities using the slope 
communality weights (.585). 
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Figure 6. Path diagram representing meta-analytic estimates for standardized factor loadings of levels of 
individual cognitive abilities on a general factor of levels (left) and standardized factors loadings of 
longitudinal slopes of individual cognitive abilities on a general factor of changes (right). Variances were 
omitted from the diagram. Standardized factor loadings were calculated by taking the square root of the 
respective communalities. Reason = Reasoning. Verb Know = Verbal Knowledge. Prosp Memory = 
Prospective Memory. 

Results III

• An	average	of	60%	of	the	variance	in	aging-related	cogni/ve	changes	is	
explained	by	the	common	factor	

•  Longitudinal	changes	in	different	cogni/ve	abili/es	changes	are	
moderately-to-strongly	correlated	with	one	another.	

• Despite	pronounced	differences	in	fluid	and	crystallized	mean	parerns	
of	change,	individal	differences	are	coupled	



Results IV

• Abili/es	become	increasingly	correlated	with	adult	age	(see	Baltes	et	
al.,	1980)	

• A	common	g	factor	should	account	for	increasing	variance	in	abili/es	
with	age	

• Mean	age	at	baseline	was	posi/vely	related	to	slope	communali/es	
(b	=	.005,	SE	=	.002,	p	=.001)	

•  Evidence	for	Dynamic	Dedifferen/a/on	



Brain and Cogni?on: Coupled Latent Change Scores
• McArdle	et	al.	2004:	Larger	ventricles	->	
faster	memory	decline	

• Grimm	et	al.	2012:	Increase	in	ventricle	size	
further	explains	memory	decline	



Coupled Dual Change Scores 

Suggested	level	of	
excitement	



You survived! Ques?ons?



Theory-Based/Explanatory Modeling

DATA MODEL 



Data-Driven/Predic?ve Modeling

DATA MODEL 



Theory-Driven Explora?on

DATA MODEL MODEL 



Typical Ques?ons Asked

Given	a	theory/model:	
	
•  “How	can	we	best	explain	
the	observed	
heterogeneity/
uncertainty?”	

•  	“What	subset	of	
variables	is	most	
predic/ve	about	my	
outcome(s)?”		



The Decision Tree

Gigerenzer	&	Kurzenhäuser	2005,	Green	&	Mehr	1997	



What if...

+	

...we combined SEM and decision trees?

©	Universal	Pictures	



A Simple Example: Wechsler Intelligence Scale 
for Children
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Brandmaier	et	al.,	Psychol	Methods,	2013	



A Simple Example: Wechsler Intelligence Scale 
for Children
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Brandmaier	et	al.,	Psychol	Methods,	2013	



Split Candidate: Sex
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Brandmaier	et	al.,	Psychol	Methods,	2013	



Split Candidate: Mother‘s Educa?on
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Brandmaier	et	al.,	Psychol	Methods,	2013	



Two-Level Tree
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Likelihood Ra?o Splivng =   
Surprise Minimiza?on
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H0:	“Split	is	uninforma/ve	==	Informa/on	gain	is	
zero	==	No	reduc/on	in	surprise”	
	



Example: Terminal Decline in Well-being using 
SOEP
•  4,404	now-deceased	par/cipants	of	the	na/onwide	German	SOEP	
(age	at	death:	M	=	73.2	years;	17-102	years;	SD	=	14.3	years;	52%	
women)	

•  Terminal	decline,	all	available	observa/ons	obtained	in	the	last	10	
years	of	life	realigned	along	a	/me-to-death	/me	metric	

• Outcome:	“How	sa/sfied	are	you	currently	with	your	life,	all	things	
considered?”,	11-point	scale	

• Predictors:	socio-demographic	(e.g.,	age	at	death,	educa/on,	
religion),	health	and	burden	(e.g.,	disability,	unemployment,	divorce),	
psychosocial	(e.g.,	social	par/cipa/on,	perceived	control,	life	goals).	



First Two Levels of the Well-Being Tree
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Variable Importance in Well-Being

Death of Parent
Divorce

Income Loss >3000
Hospitalization of Partner

Death of Partner
Family Goals

Disability of Partner
Success Goals

Income Loss >1000
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Summary

SEM	Trees	and	Forests	
	

• combine	model-based	and	data-driven	modelling	
• are	tools	to	recursively	iden/fy	sub	groups	and	their	
predictors	in	the	data	given	a	model	

• explain	heterogeneity	in	a	sample	
• by	reducing	surprise	(maximizing	informa/on	gain)	
• poten/ally	discover	differences	both	on	the	construct	
level	and	on	the	measurement	level			



Caveats

Predic+on	≠	Explana+on	
	

• No	short-cut	from	data	to	theory	or	knowledge	
•  The	model	with	best	predic+ons	may	not	be	the	true	model		
•  Shmueli	et	al.	(2010):	parsimonious	but	less	„true“	model	can	have	a	
higher	predic+ve	validity	than	a	„truer“	but	more	complex	model,	
par/cularly	when	

•  Data	are	noisy	
• When	the	true	effects	of	the	let-out	variables	are	small	
•  Sample	size	is	small	



Outlook

SEM	Trees	and	Forests	as	a	hybrid	of	two	modeling	cultures	allows	us:	
	
• Challenge	established	models	when	comparing	predic/ve	accuracy	
(hold	out	set	or	cross-valida+on!).	

•  Tree/forest	may	lead	to	a	revision	of	the	substan+al	theory	and	the	
formula/on	of	a	new	parametric	model	and/or	experiment	

• Conclusion	that	postulated	model	applies	only	to	a	limited	range	of	
subjects	


