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RESUMO: Aprimoramento do método de Wald aplicado a estimação de funções lineares binomiais com excesso de zeros. O método de Wald, por se tratar de um método baseado em aproximação normal, apresenta valores incoerentes de probabilidade de cobertura em estimativas intervalares em relação ao nível nominal de confiança, principalmente para pequenas amostras. Tal fato é perceptível em funções lineares formadas por proporções binomiais. Devido a esta deficiência, o objetivo de trabalho consiste em aprimorar este método utilizado na inferência sobre funções lineares binomiais considerando amostras com excesso de zeros. Avaliou-se este aprimoramento utilizando técnicas de simulação Monte Carlo em diferentes cenários. Concluiu-se que o aprimoramento proposto é recomendável nas situações em que as proporções amostrais são próximas a 0,5 resultando em uma variância máxima das proporções binomiais envolvidas na composição da função linear.
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ABSTRACT: The Wald method, as a method based on normal approximation, has shown incoherent values at a nominal level of confidence for the probability of coverage in intervallic estimates, mainly in small samples. This fact is noticeable in linear functions formed by binomial proportions. Due to this shortcoming the object of the present work consists in improving this method used in inferring from binomial linear functions, taking into consideration zero-inflated samples. This improvement was assessed using Monte Carlo simulation techniques within different scenarios. It was concluded that the improvement proposed is recommended in situations in which sampling proportions are close to 0,5, thus resulting  in a maximum variance of the binomial  proportions involved in the composition of the linear function.
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1 Introdution

Among the known procedures in literature for inference from binomial proportions, the Wald method stands out. It is widely used in the comparison of two binomial proportions.

This method is characterized essentially for being assintotic, where the distribution of the estimator is approximately normal. Due to this approximation, numerous studies show that the method presents shortcomings with regard to results of probability of coverage as well as its use in small samples. Alternative methods are proposed to correct this deficiency.

Among these, an improvement in the Wald method as proposed by Agresti & Coull (1998), which in short, consists in adding four pseudo-observations, two successes and two failures in the expression of the proportion estimator. This procedure is known as the “add – 4 method”.

Carrari et al. (2010) studied the Wald method as compared to other methods using the bootstrap approach and came to the conclusion that the Wald method presented probabilities of coverage with values lower than nominal values of the confidence coefficient, thus jeopardizing its practical application to small samples. With regard to the add-4 method this study shows that it stands out by producing adequate results for probabilities of coverage and intervals with shorter lengths.

The Wald method has also been used in dealing with linear functions which involve binomial proportions, known as binomial families. A generalization of this method with its approach is stated by Price and Bonnet (2004) as a confidence interval for the parameter value [image: image2.png]


. As such, the confidence interval approximately 100(1-α)% from Wald to F is given (1)
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as ni, the reference sample size for i-th binomial population, 
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and δi is a known  co-efficient. Even with this generalization, the Wald method still presents the flaws mentioned and in this context alternative methods have emerged. More details may be found in Price and Bonnet (2004), Tebs and Roths (2008) and Cirillo et al (2009).
It is worth mentioning that the Wald method applied to the comparison of two binomial proportions or generalized for binomial linear functions put forth in literature does not consider zero-inflated binomial samples. The use of these methods in this case would certainly exacerbate the deficiencies mentioned previously with regard to the probability of coverage and applications to small samples. The warning made by Silva and Cirillo (2009) which says that even assuming the model is adequate, some zeros may be considered outliers and different methods of assessment are sensitive to this anomaly.

In the face of this fact, robust assessment methods must be arrived at which will consider the presence of divergent data and provide a coherent estimate of the parameter that one wants to obtain. Faced with this problem, methods which deal with the effect of outliers on estimates is still the focus of research. Andrade, Cirillo and Beijo (2013) have proposed a bootstrap algorithm which looks at the effect of divergent observations and/or influential in estimates for non-linear parameter models.

While keeping focus on tallying data – Silva, Cirillo and Céspedes (2012) studied the zero-inflated effect on a Poisson model according to sampling size and different parametric values inferring from a ZIP model. The authors reached the conclusion that discrimination of the ZIP and Poisson through a score test is recommended on the basis of a sampling size greater than n= 40 in samples with a high proportion of null values.

Wood, Laí and Qiao (2005) proposed two alternatives in order to estimate the probability of success in binomial samples tainted with divergent observations. These alternatives referred to two estimators differentiated by the arithmetic average and rationalized means of the proportions observed.

After comparing variances of the estimators, they come to the conclusion that an estimator’s recommendation will apply in different situations characterized by the distribution of proportions and the number of trials (n) performed.

In view of a scarcity of robust, zero-inflated methods to estimate binomial linear functions, the object of this work is characterized by the proposal for an improvement of the Wald method applied to the intervallic binomial linear functions. This turns the method robust to zero-inflated binomial samples. In order to validate the method, numerous scenarios among different parametric configurations are assessed via Monte Carlo.

2 MaterialS AND methods

In accordance with the objectives proposed, the method suggested to obtain results was performed in two steps, specified in sections 2.1 and 2.2. Following this structure, more details are shown as follows.
2.1 Simulation of zero-inflated binomial samplings.

 Using Monte Carlo simulation techniques the zero-inflated binomial samples were generated taking into account the ZIB model (Ruckstuhl and Welsh, 2001), characterized by the mixture of two components in a way that one component presumes that the occurrence of zero is defined by a γ probability while the other component represents a binomial distribution with a (1-γ) probability. Thus, the ZIB model is defined by the following expression (2)
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with the expectation E(Y) = (1-γ)(1-π)mπ and the variance defined as Var(Y) = [(1-γ)mπ][(1-π)(1-γm)]. Using the model given in (2), set m=100 Bernoulli experiments, the parametric values assumed in the Monte Carlo simulation process are described in Table 1.

Table 1– Parametric values used for generating zero-inflated binomial samples.

	γ=0,2
	γ=0,3

	n
	π
	n
	π

	30
	0,5 e 0,7
	30
	0,5 e 0,7

	40
	0,5 e 0,7
	40
	0,5 e 0,7

	50
	0,5 e 0,7
	50
	0,5 e 0,7

	60
	0,5 e 0,7
	60
	0,5 e 0,7

	70
	0,5 e 0,7
	70
	0,5 e 0,7

	80
	0,5 e 0,7
	80
	0,5 e 0,7

	90
	0,5 e 0,7
	90
	0,5 e 0,7


Keeping the parametric value configurations, estimators for robust to zero-inflated proportions, defined by [image: image7.png]


 (Silva 2009)
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where
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with
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 fixed, the values for s=1 and 2 define the estimator [image: image16.png]


 in two approaches mentioned in this work as the incorporation of the ρ1 e ρ2 component. In this context, the values for affinity constants c1 e c2 are defined on the basis of the component, in such a way that upon assuming the component ρ1 the coefficients u=c2=1 are fixed and a value for c1< c2=1 is investigated. Thus, ρ1(x) is prone to a greater increase when x→∞. 

Keeping the c1<c2=1 inequality in mind, Ruckstuhl and Welsh (2001) the maximum likelihood estimates tend to be more robust. Taking into consideration ρ2 it is assumed c1=0,1 keeping the c1<c2=1 restriction and the value of u is examined so as to reduce the increase of ρ2(x) when x→∞.  

It is worth underscoring that the accuracy and precision of the estimator (3) depend on the values of affinity constants c1 e c2 that make it robust to expected numbers of null values. Arising from this fact, the research for these constants was carried out through a program made available in Silva (2009).

For purposes of comparison and validation of zero-inflated binomial estimates, the relative bias for 
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2.2 Definition and estimation of linear functions of binomial proportions taking into consideration the Wald method.
After generating the binomial samples the make-up of the binomial linear functions was represented by the parametric value as shown in (8)
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Where q is the total number of binomial populations, the i-th coefficient associated with the success proportion regarding the i-th binomial population is expressed as δi, following specifications shown in Table 2.

Table 2 - Coefficients used for linear function specifications
	Family
	q
	Coefficient vector used in composition of F

	F1
	3
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	F2
	5
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	F3
	7
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	F4
	10
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For each F linear function representing a binomial family the intervallic estimates for F were numerated taking into account Wald’s confidence intervals (Sections 2.4.1). The maximum likelihood estimates are replaced by the [image: image27.png]


 estimates with the systematic ρ1 e ρ2 component.

Finally, according to assessment scenario’s (Table 1), the intervals adapted for robust zero-inflated proportions were compared using a coverage probability obtained from 2000 Monte Carlo simulations by means of estimated interval percentages which include the F parameter calculated from a program developed in the R 3.00 software.
3 Results and discussion

Taking into consideration the evaluation scenarios mentioned in the methodology (Section 2.1) the number of Bernoulli m=100 trials in this first step was established in obtaining the study samples for the recommended methods.

With this specification the [image: image29.png]


 maximum livelihood estimates and zero-inflated robust as represented by [image: image31.png]


 were obtained in binomial samples generated via Monte Carlo  with the null observations percentages nearing 20% and 30% as per the parametric values specified in the γ=0,2 e 0,3 mixture probability. Results are shown in Tables 3-6 (ATTACHED).

In short, results have made it clear that, in fact, in zero-inflated contaminated binomials, estimates for maximum likelihood are not accurate. This statement may be confirmed from the bias results, including situations of greater size sampling. However, when taking into consideration the [image: image33.png]


 estimates, it was noticed that for almost all sample sizes and γ values on an average the relative biases were lesser than  0,01 including small swings due to the Monte Carlo error in π=0,5 Tables (3 and 4) and π=0,7 values (Tables 5 and 6) mentioned in the ATTACHEMENT.

Based on results obtained with regard to [image: image35.png]


 estimates accuracy, composition of binomial linear functions for the Wald method was conducted, in which coverage probabilities were calculated. For comparison purposes, a 95% nominal confidence level was taken into consideration. Each binomial family was represented by F1, F2, F3 e F4, respectively with regard to the [image: image37.png]
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 coefficient vectors, described in Table 2. Thus, the graphics with probability estimates are shown as follows in the figures 1 - 8:

  [image: image42.jpg]



	Figure 1- Probability of coverage assuming the parameters γ=0,2 and π=0,5 and the systematic component ρ1.
	Figure 2- Probability of coverage assuming the parameters γ=0,2 and π=0,5 and the systematic component ρ2.
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	Figure 3- Probability  of coverage assuming the parameters γ=0,2 and π=0,7 and the  systematic component ρ1.
	Figure 4- Probability of coverage assuming the parameters γ=0,2 andπ=0,7 and the  systematic component ρ2.


Keeping a mean proportion of null values around 20% (γ=0,20) of sampled observations, the results shown in Figures 1-4 made it clear that the increase in sampling size resulted in a decrease of coverage probability, with values much lower than the nominal confidence level.

This was demonstrated by arranging the binomial families using the [image: image45.png]


 estimates with the use of the ρ1 e ρ2 and components. However, when the null observation proportion was increased to about 30% of sample units (γ=0,30), while taking into account the parametric values which maximize the variance of binomial proportions, that is, π=0,5 the binomial families whose zero-inflated proportions were estimated with the ρ1 e ρ2 components showed probabilities of greater coverage at the nominal level of confidence (Figures 5-6). The same result for all sample sizes was observed when the parametric value was increased, but only in situations where estimates were obtained using the ρ2 systematic component (Figure 8).
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	Figure 5- Probability of coverage assuming the parameters γ=0,3 and π=0,5 and the  systematic component ρ1.
	Figure 6- Probability of coverage assuming the parameters γ=0,3 and π=0,5 and the systematic component ρ2.
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	Figure 7- Probability of coverage assuming the parameters γ=0,3 and π=0,7  and the systematic component ρ1.
	Figure 8- Probability of coverage assuming the parametersγ=0,3 and π=0,7  and the  systematic component ρ2.




It is worth mentioning that the Wald method put into context for the obtainment of the estimates of binomial families was assessed by Cirillo et al. (2009) regarding the use of the infinite bootstrap algorithm recommended by Colon and Thomas, (1990). Still within this approach, authors of different assessment scenarios also come to the conclusion that results related to the probabilities of coverage were incoherent with the nominal level of confidence.

Silva and Cirillo (2010) produced studies related to the use of a robust estimator used in the inference of a binomial model contaminated by the mixture of binomial populations, when samples were obtained through Monte Carlo simulations. This study uses an estimator belonging to the E estimator class (Ruckstuhl & Welsh, 2001) incorporated into the ρ1(x) (8), component which alters the E estimator. Several c1 affinity constant values were considered, specified in the values 0,1 ≤ c1 ≤ 0,9 sample sizes equal to 10, 50 and 80, besides the mixture rates equal to 0,20 and 0,40. The main conclusive results were illustrated in the recommendation to assume c1=0,1 for samples greater than n=50.

Results already confirmed are described regarding the flows noticed in the Wald method and the choice of c1 constants based on sampling size and degree of contamination for the results listed in this work.

The Wald method, when using zero-inflated proportion estimates obtained by the [image: image49.png]T
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 estimator incorporated into the systematic ρ2 component, may be recommended in situations with proportions which maximize the binomial family variance, that is π[image: image51.png]


0,5 since for this parametric value, the scenarios evaluated led to coverage probabilities greater than 95%.

CONCLUSIONS
The use of the Wald method incorporated into estimates for zero - inflated binomial proportions using the ρ2 component showed results in line with the nominal confidence level of binomial proportions. In practical terms this method is recommended for samples in which proportions are close to 0,5.

The bootstrap procedure may be applicable to non-linear model fitting in a given sample with outliers. However, caution must be taken in the choice of measure influences as a calculation criterion to obtain re-sampling probabilities.

In terms of the application to the logistic growth curve model for distributions with outliers from asymmetric distributions, BMIC reduced bias by more accurate and precise estimates, specifically parameters [image: image53.png]


 and [image: image55.png]


, which respectively represented the upper asymptote and the intercept.

REFERENCES
AUSTIN, P. C.; TU, J. V. Bootstrap methods for developing predictive models. The American Statistician, v. 58, n. 2, p. 131-137, 2004.

AZZALINI, A. AND CAPITONIO, A. Distributions generated by perturbation of symmetry with emphasis on a multivariate skew t-distribution. Journal of the Royal Statistical Society series B, v. 65, n. 2, p. 367-389, 2003.

BOX, M, J. Bias in nonlinear estimation. Journal of the Royal Statistical Society: Serie B,  v. 33, n. 2, p. 171-201, 1971.

CARONI, C.; BILLOR, N. Robust detection of multiple outliers in grouped multivariate data. Journal of Applied Statistics, v. 34, n. 10, p. 1241-1250, 2007.

CASSEL, C., HACKL, P., WESTLUND, A. H. Robustness of partial least-squares method for estimating latent variable quality structures. Journal of Applied Statistics, v. 26, n. 3 p. 435-446, 1999.

CIRILLO, M. A.; FERREIRA, D. F.; SÁFADI, T. Estudo do poder e tamanho do teste de levene multivariado via simulação monte carlo e bootstrap. Acta Scientiarum Technology, 
v. 28, n. 1, p. 105-112, 2006.

COOK, R.; TSAI, C. L; WEI, B. Bias in nonlinear regression. Biometrika, v. 73, p. 615-623, 1986.

CORDEIRO, G. M. Corrected LR tests in symmetric nonlinear regression models. Journal of Statistical Computation and Simulation, v. 74, n. 8, p. 609- 620, 2004.

COX, D. R.; SNELL, E. A. General definition of residuals. Journal of the Royal Statistical Society: Series B, v. 30, p. 248-275, 1968.

CRIBARI-NETO, F.; GOIS, M. C. A. Uma análise Monte Carlo do desempenho de matrizes de covariância sob heterocedasticidade de forma desconhecida. Revista Brasileira de Economia, v. 56, n. 2, p. 309-334, 2002.

CRIBARI-NETO, F.; SOARES, A. C. N. Inferência em modelos heterocedásticos. Revista Brasileira de Economia, v. 57,n. 2, p. 319-335, 2003.

DAVISON, A. C.; HINKLEY, D. V. Bootstrap Methods and their Application. New York: Cambridge University Press, 1997.

EVANS, M. Aspects of maximum likelihood estimation of asymmetric growth curves. Journal of Applied Statistics, v. 23, n. 5, p. 467-492, 1996.

FANG, K. T.; KOTZ, S.; NG, K. W. Symmetric multivariate and related distributions. London: Chapman and Hall, 1990.

FIELD, A. C.; WELSH, A. H. Bootstrapping clustered data. Journal of the Royal Statistical Society: Serie B, v. 69, p. 369-390, 2007.

FILZMOSER, P.; MARONNA, R.; WERNER, M. Outlier identification in high dimensions. Computational Statistics and Data Analysis. v. 52, n. 3, p. 1694-1711, 2008.

FLACHAIRE, E. Bootstrapping heteroskedastic regression models: wild bootstrap vs. pairs bootstrap. Computational Statistics & Data Analysis, v. 49, p. 361-376, 2005.

JACKSON, D. A.;  CHEN, Y. Robust principal component analysis and outlier detection with ecological data. Environmetrics, v. 15, p. 129-139, 2004.

JIMÉNEZ-GAMERO, M. D.; MUNOZ-GARCIA, J.; Pino-MEJÍAS, R. Reduced bootstrap for the median. Stat. Sin. v. 14,  p. 1179-1198, 2004.

LOK, S.; LEE, S. M. Robustness diagnosis for bootstrap Inference. Journal of Computational and Graphical Statistics, v. 20, p. 448-460, 2011.

MACKINNON, J.; SMITH, S. A. A. Approximation bias correction in econometrics. Journal of Econometrics, v. 85, p. 205-230, 1998.

MAZUCHELI, J.; ACHCAR, J. A. Algumas considerações em regressão não linear. Acta Scientiarum Tecnology, v. 24, n. 6, p. 1761-1770, 2002.

MEYER, P. M.; MACHADO, P. F; COLDEBELLA, A.; CASSOLI, L. D.; COELHO, K. O.; RODRIGUES, P. H. M. Validação de modelos de predição de nitrogênio uréico no leite, estimando-se o consumo individual pelo consumo no rebanho. Acta Scientiarum Animal Science, v. 28, n. 1, p. 73-79, 2006.

NANKERVIS, J. Computational algorithms for Double bootstrap confidence intervals. Computational Statistics & Data Analysis, v. 49, p. 461-475, 2005.

ROBERTS, S.; MARTIN, M. A. An evaluation of bootstrap methods for outlier detection in least squares regression. Journal of Applied Statistics, v. 33, n.7, p. 703-720, 2006. 

RODRIGUES, A.; CHAVES, L. M.; SILVA, F. F.; ZEVIANI, W. M. Utilização da Regressão Isotônica em Estudos de Curvas de Crescimento. Revista Brasileira de Biometria, v. 28, n. 4, p. 85-101, 2010.

SALIBIAN-BARREIRA, M.; AELST, S. V.; WILLEMS, G. Fast and robust bootstrap. Statistical Methods and Applications, v. 17, p. 41-71, 2009.

SILVA, A. M.; CIRILLO, M. A. C. Estudo por simulação Monte Carlo de um estimador robusto utilizado na inferência de um modelo binomial contaminado. Acta Scientiarum Technology, v. 32, n. 3, p. 303-307, 2010.

STONE, R. Sigmoids. Bulletin of Applied Statistics. v. 7, p. 59-119, 1980.
WOOD, G. R.; LAI, C. D.; QIAO, C. G. Estimation of a proportion using several independent samples of binomial mixtures. The Australian and New Zealand Journal of Statistics, v. 47,  n. 4,  p. 441-448, 2005.

SALIBIAN-BARRERA, M., ZAMAR, R. Bootstrapping robust estimates of regression. The Annals of Statistics, v. 30, p. 556–582, 2002.

VAN AELST, S.; WILLEMS, G. Robust bootstrap for S-estimators of multivariate regression. Statistics in Industry and Technology: Statistical Data Analysis, p. 201–212, 2002.

WILLEMS, G.; STEFAN VAN AELST, V. S. Fast and robust bootstrap for LTS. Computational Statistics & Data Analysis, v. 48, p. 703-715, 2005.
ATTACHEMENT
Table 3 - Comparative results of [image: image57.png]a
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, estimators taking into account the parametric value π=0,5 with a c2=α=1 restriction characterizing the systematic ρ1 component.

	n
	γ
	c1
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	bias

	30
	0,2
	0,2900
	0,3995
	-0,2010
	0,5000
	-0,0001

	30
	0,3
	0,4300
	0,3504
	-0,2992
	0,5018
	0,0036

	40
	0,2
	0,2600
	0,4006
	-0,1988
	0,5007
	0,0014

	40
	0,3
	0,4300
	0,3499
	-0,3002
	0,5001
	0,0003

	50
	0,2
	0,2600
	0,4002
	-0,1996
	0,4941
	-0,0119

	50
	0,3
	0,4300
	0,3508
	-0,2984
	0,4986
	-0,0027

	60
	0,2
	0,2500
	0,3985
	-0,2030
	0,4983
	-0,0034

	60
	0,3
	0,4300
	0,3506
	-0,2988
	0,4983
	-0,0034

	70
	0,2
	0,2500
	0,3998
	-0,2024
	0,4913
	-0,0173

	70
	0,3
	0,4300
	0,3504
	-0,2992
	0,4974
	-0,0052

	80
	0,2
	0,2400
	0,3991
	-0,2018
	0,4962
	-0,0076

	80
	0,3
	0,4300
	0,3497
	-0,3006
	0,4982
	-0,0037

	90
	0,2
	0,2400
	0,4000
	-0,2000
	0,4914
	-0,0171

	90
	0,3
	0,4300
	0,3499
	-0,3002
	0,4975
	-0,0049


Table 4 - Comparative results of [image: image63.png]a
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 estimators taking into account the parametric value = 0,5 with a c1=0,1 and c2=1 restriction characterizing the systematic ρ2 component.

	n
	γ
	c1
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	bias
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	bias

	30
	0,2
	0,1540
	0,3995
	-0,2010
	0,5102
	0,0203

	30
	0,3
	0,1800
	0,3514
	-0,2972
	0,4930
	-0,0141

	40
	0,2
	0,1400
	0,4000
	-0,2000
	0,5026
	0,0052

	40
	0,3
	0,1730
	0,3499
	-0,3002
	0,5020
	0,0041

	50
	0,2
	0,1310
	0,4003
	-0,1994
	0,4997
	-0,0006

	50
	0,3
	0,1700
	0,4002
	-0,1995
	0,4941
	-0,0119

	60
	0,2
	0,1240
	0,4002
	-0,1995
	0,4952
	-0,0096

	60
	0,3
	0,1660
	0,3507
	-0,2986
	0,4996
	-0,0008

	70
	0,2
	0,1170
	0,3993
	-0,2014
	0,5039
	0,0078

	70
	0,3
	0,1640
	0,3509
	-0,2982
	0,4970
	-0,0061

	80
	0,2
	0,1130
	0,4003
	-0,1994
	0,4900
	-0,0201

	80
	0,3
	0,1610
	0,3500
	-0,3000
	0,4982
	-0,0037

	90
	0,2
	0,1060
	0,3999
	-0,2002
	0,5102
	-0,0204

	90
	0,3
	0,1590
	0,3491
	-0,3018
	0,5000
	-0,0010


Table 5 - Comparative results of [image: image69.png]a
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, estimators taking into account the parametric value π=0,7 with a c2=α=1 restriction characterizing the systematic ρ1 component.

	n
	γ
	c1
	[image: image72.png]a




	bias
	[image: image73.png]T
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	bias

	30
	0,2
	0,0001
	0,5580
	-0,2029
	0,8322
	0,1888

	30
	0,3
	0,2700
	0,4889
	-0,3016
	0,7011
	0,0015

	40
	0,2
	0,1500
	0,5611
	-0,1984
	0,6977
	-0,0033

	40
	0,3
	0,2700
	0,4924
	-0,2966
	0,6994
	-0,0008

	50
	0,2
	0,1500
	0,5610
	-0,1996
	0,6961
	-0,0056

	50
	0,3
	0,2700
	0,4907
	-0,1986
	0,7051
	0,0073

	60
	0,2
	0,1500
	0,5591
	-0,2990
	0,6979
	-0,0030

	60
	0,3
	0,2700
	0,4899
	-0,3001
	0,7050
	0,0072

	70
	0,2
	0,1500
	0,5597
	-0,2004
	0,6961
	-0,0056

	70
	0,3
	0,2800
	0,4902
	-0,2997
	0,6951
	-0,0069

	80
	0,2
	0,1500
	0,5605
	-0,1990
	0,6944
	-0,0080

	80
	0,3
	0,2800
	0,4904
	-0,2994
	0,6978
	-0,0012

	90
	0,2
	0,1500
	0,5597
	-0,2004
	0,6976
	-0,0035

	90
	0,3
	0,2800
	0,4921
	-0,2970
	0,6949
	-0,0073


Table 6 - Comparative results of [image: image75.png]a
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, estimators taking into account the parametric value π=0,7 with a c1=0,1 e c2=1 restriction characterizing the systematic ρ2 component.

	n
	γ
	c1
	[image: image78.png]a




	bias
	[image: image79.png]T
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	bias

	30
	0,1300
	0,5589
	-0,2820
	0,7078
	0,0134
	0,1300

	30
	0,1400
	0,4904
	-0,2994
	0,7025
	0,0040
	0,1400

	40
	0,1270
	0,5582
	-0,2026
	0,7020
	-0,0019
	0,1270

	40
	0,1400
	0,4920
	-0,2971
	0,6979
	-0,0017
	0,1400

	50
	0,1240
	0,5604
	-0,1986
	0,7001
	0,0044
	0,1240

	50
	0,1400
	0,4908
	-0,2990
	0,6972
	-0,0014
	0,1400

	60
	0,1220
	0,5605
	-0,2013
	0,6967
	0,0017
	0,1220

	60
	0,1390
	0,4895
	-0,2986
	0,7025
	0,0028
	0,1390

	70
	0,1190
	0,5604
	-0,3001
	0,7008
	-0,0072
	0,1190

	70
	0,1390
	0,4884
	-0,2997
	0,7015
	0,0030
	0,1390

	80
	0,1180
	0,5590
	-0,1993
	0,7002
	-0,0008
	0,1180

	80
	0,1390
	0,4899
	-0,2994
	0,6953
	-0,0068
	0,1390

	90
	0,1160
	0,5592
	-0,2004
	0,7048
	-0,0038
	0,1160

	90
	0,1390
	0,4897
	-0,2970
	0,6983
	-0,0052
	0,1390
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