A simple definition of boosting

Fit an additive model Y= h (x ) + ϵ in a forward stagewise manner,

In each stage t, introduce a weak learner h (x (t)) to compensate the shortcomings of existing weak learners:

(.) = (.) + α (x (t)) α is a learning rate that corresponds to the step size used in gradient descent: 0 < α < 1. In pratice, α = 0.1

In Gradient Boosting, "shortcomings" (choice of j(t)) are identified by gradients.

In Adaboost,"shortcomings" are identified by high-weight data points.

Both high-weight data points and gradients tell us how to improve our model. 

Spatial autogressive non-linear model: a semi-parametri additive estimator

We will consider the two following spatial autoregressives models:

Y = ρW Y + h (X ) + ϵ (SAR) Y = h (X ) + (I -λM ) ϵ (SEM ) j=1 ∑ p j j j=1 ∑ p j j -1 SEW2021, Geniaux Ghislain 01/06/2021 11

Spatial autogressive non-linear model: a semi-parametri additive estimator

We have the following concentrated loglikelihood:

lnL(ρ) = C + |I -ρW | (1) 
-ln With non linear terms, we have: 

Where C = -(n/2)ln(2π) -(n/2). 2 n ( n (Y -ρW Y -h (X )) (Y -ρW Y -h (X )) ∑ j j ′ ∑ j j ) SEW2021, Geniaux
e = Y - (x) e = W Y - (x) e = W Y - (x) 2a b -√ D 2 1 ′ 2 0 ′ 2 1 ′ 0 ′ 1 0 ∑ h ^0 1 ∑ h ^1 2 2 ∑ h ^2
Z = [X, W X, W W X, W W W X] First Stage: W y = g (Z ) + u Second Stage: y = h (X ) + y + + ϵ ∑ j ′ j j ′ ∑ j j j W

  Ghislain 01/06/2021 12 Spatial autogressive non-linear model: a semi-parametri additive estimator ρ can be estimated by minimizing numerically the concentrated loglikelihood, using the filtered model with= (I -ρW Y )While h (X ) can be estimated for a given ρ using semiparametric additive models with penalized Spline or using boosting with splines as base-learner.BUT gradient boosting allows a more flexible and general approach by customizing the gradients and the loss function. , the calculation of the parameter ρ using CFE approach is given by: ρ = where D = b -4ac, a = e e , b = e e + e e1, c = e e .

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  The development of a boosting SAR Probit version, building on Approximate likelihood estimation (Martinetti and Geniaux, 2017) (it's already functional and being tested at the moment).

	Conclusion
	Our boosting estimator, allow to obtain estimates that are:
	better than the linear SAR and SEM estimators,
	better or as well as other nonlinear semi-parametric geoadditive
	estimators without spatial dependence based on boosting.
	and are fast enough to be used on large samples
	Our next research efforts will focus:
	on the use of boosting to evaluate a spatial weight matrix with a
	^u ŜEW2021, spatially varying weighting scheme (see Kostov 2010, 2013))
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Monte Carlo Design

Monte Carlo Results: E2 experiments

In short for the second set of experiments, which introduces spatially autocorrelated covariates and unobserved spatial heterogeneity in the DGP:

The spatial autocorrelation of X leads to a slight increase of the RMSEs of non linear terms across all estimators, even when there is no spatial dependence

The other form of spatial heterogeneity (unobserved spatial heterogeneity, spatial trend in f (X )) introduced in DGP have no consequence. 

Monte Carlo Results: E3 experiments

In short, for the third set of experiments, in which we add unnecessary, possibly correlated covariates in the set of candidate variables:

no effect on the estimation of ρ.

The RMSEs of the non-linear terms are not affected as long as the unnecessary covariates are not correlated with the true variables of the DGP.

A 2SLS augmented approach instead of FIVA

Instruments:

Linear First Stage: