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Hjort & Glad (Annals 95): Nonparametric density estimation with a  
                                                 parametric start 
Glad (SJS 98):                      Parametrically guided nonparametric regression 
 
 
    A framework for bridging nonparametric and parametric  
    estimators, reducing the bias of nonparametric estimators  
    without increasing the variance – bypassing the usual  
    bias-variance tradeoff 



The idea of parametric guiding: 

Multiplicative correction 

Write   where 

Parametrically guided nonparametric estimator 

where               is a nonparametric estimator of the correction function 



Additive correction 

Write   

where               is a nonparametric estimator of the correction function 

where 

Parametrically guided nonparametric estimator 



Combined correction 



	  	  

The original guided density estimator: 

For example, a kernel density estimator with a normal start reads: 



Properties  

Using theory about behaviour of the MLE      outside the parametric  
model conditions, ie.      aiming at the least false value       according 
to the Kullback-Leibler distance from                                                 ,  
in combination with Taylor expansions, it can be shown that: 



Comparison with the kernel density estimator  

If  f0  is a good guess, r(x) is almost constant and r’’(x) is small 
 
If  f0  is correct, r(x) = 1  and r’’(x) = 0. Reduces bias to O(h4)! 
 
As long as  f0  captures the main features of f, r will be less rough 
than f and hence r’’ smaller than f ’’ 



Rnew(f) and Rtrad(f) can be compared by means of (robust) Hermite  
expansions, giving nonparametric neighbourhoods around the chosen  
parametric start family.  
 
If the true f lies within this neighbourhood, AMISE for the guided 
estimator can be shown to be always smaller than that of the  
nonparametric kernel. 
 
Exact – AMISE and finite sample! – comparisons  
for the normal start estimator when the true density is any  
normal mixture 
 
 
 
are carried out – in particular for the 15 famous Marron & Wand  
mixtures 
 
For exact finite sample we compared best achievable MISE(h*) 



f0(x)r’’(x) 

f ’’(x) 





Remark: The estimator does not exactely integrate to 1. F.ex. for  
                  the normal start estimator the integral is of order 
 
 
 
The optimal solution is to shift the density downwards until the 
integral is 1! 



Parametrically guided local polynomial regression: 



The parametrically guided local polynomial estimator of degree p reads 

Lengthy calculations lead to the following criterion for bias reduction 
 
 
 
for p odd 
 
                               ….. and it works well with f.ex. just a simple linear start! 



After Hjort & Glad (1995) and Glad (1998 a,b): 
 
Locally weighted least squares regression 



 
Local quantile regression 
 
 
 
Generalized linear models and local quasi likelihood 
 
 
 
Generalized additive models 
 
 
 
 
 
Varying coefficients models 



Density, hazard and regression  estimation for censored data 

Nonparametric: 

where            is Kaplan-Meier 

Parametric: 

where        is approximate MLE (Oakes 86)        



Guided: 

All usual guided properties (lower bias, same variance) are proven 



Embarrassingly Parallel MCMC 
 
Embarrassingly Parallel MCMC: each machine runs MCMC without 
communicating with each others and the master. 
 
There are several Embarrassingly Parallel MCMC versions. 
 
•  F. ex. every machine produces a non-parametric estimate of its 
subposterior, using kernel density estimation with Gaussian kernel 
 
•  …. or semi-parametric (using non-parametric density estimation 
with a parametric start, Hjort & Glad, Annals of Statistics 1995) as in: 
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Thank you! 
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