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Why	do	we	need	interpretable	parameters?

• Testing	meaningful	– and	specifically	articulated	–
theoretical	hypotheses	about	change	over	time
– Timing	of	inflections	(e.g.,	peaks/troughs/plateaus),	
time-to-criterion,	tempo	of	change

• Incorporating	predictors	of	change

• Investigating	distal	outcomes	associated	with	individual	
differences	in	change	over	time



Defining	Nonlinear	Equations

yti = αy − (αy − α0)

(

xti

αx

− 1

)2

yti = αy − (αy − α0)

(

xti

αx

− 1

)2yti = αy − (αy − α0)

(

xti

αx

− 1

)2



Defining	Nonlinear	Equations

yti = αy − (αy − α0)

(

xti

αx

− 1

)2

yti = αy − (αy − α0)

(

xti

αx

− 1

)2yti = αy − (αy − α0)

(

xti

αx

− 1

)2

yti = yN−

(

h

2

)

[

(

xti − xN
δ

)3

− 3

(

xti − xN
δ

)

]

yti = yN−

(

h

2

)

[

(

xti − xN
δ

)3

− 3

(

xti − xN
δ

)

]

yti = yN−

(

h

2

)

[

(

xti − xN
δ

)3

− 3

(

xti − xN
δ

)

]

yti = yN−

(

h

2

)

[

(

xti − xN
δ

)3

− 3

(

xti − xN
δ

)

]



Defining	Nonlinear	Equations



Defining	Nonlinear	Equations



Defining	Nonlinear	Equations



Issues	with	Nonlinear	Models

• Nonlinear	with	respect	the	parameters
– Not	defined	for	all	values	of	all	parameters



Issues	with	Nonlinear	Models

• No	hierarchy	of	parameters	for	random	effects



Issues	with	Nonlinear	Models

• Nonlinear	models	are	just	harder	to	estimate

Linear	Model	Estimation

Nonlinear	Model	Estimation



Solutions:	Linear	Estimation,	Nonlinear	Inference	(LENI)

• Estimate	the	linear	equation	&	define	transformation	
functions	to	generate	the	implied	nonlinear	estimates
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Solutions:	Linear	Estimation,	Nonlinear	Inference	(LENI)

• Estimate	the	linear	equation	&	define	transformation	
functions	to	generate	the	implied	nonlinear	estimates

Random	Effects	+	Standard	Errors
Fixed	Effects	+	Standard	Errors



Solutions:	Linear	Estimation,	Nonlinear	Inference	(LENI)

• Estimate	the	linear	equation	&	define	transformation	
functions	to	generate	the	implied	nonlinear	estimates



Linearized	SEM:	Polynomials	and	Beyond

• LENI	approach	can	be	applied	to	mixed-effects	
polynomial	models,	but	an linearized	SEM	approach	can	
offer	additional	flexibility	and	target	functions



Linearized	SEM:	Polynomials	and	Beyond
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• Easy	inclusion	of	covariates	and	distal	outcomes

𝑐𝑜𝑣𝑎𝑟𝑖𝑎𝑡𝑒𝑠 𝑜𝑢𝑡𝑐𝑜𝑚𝑒𝑠
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Moving	forward	with	Meaningful	Models

• Issues	of	estimation	have	limited	the	use	of	nonlinear	
models
– Improvements	in	computation,	LENI,	linearized	SEM	offer	
new	opportunities	for	using	these	models

– Bayesian	models	for	unstructured	data

• Use	models	to	test	specific	hypotheses	and	
developmental	features	of	interest
– Identify	new	nonlinear	target	functions

• Meaningful	parameters	allow	for	tests	of	causes	and	
consequences	of	individual	differences	in	trajectories
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