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R-quadrado Ajustado 



R-quadrado 

Vimos que o R-quadrado amostral é definido por:  
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R2 ≡1−
SQR⎡⎣ ⎤⎦
SQT⎡⎣ ⎤⎦

Já o R-quadrado polulacional é definido por: 
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R-quadrado 

}  Problema: o R-quadrado sempre aumenta com a 
inclusão de uma variável adicional 

}  Já o R-quadrado ajustado é penalizado com o 
aumento do número de variáveis explicativas 
incluídas: 
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R-quadrado 

} O R-quadrado ajustado pode ser utilizado para 
comparar o poder explicação de dois modelos 
diferentes com a mesma variável dependente y.  
Porém, apenas a teoria de RI pode predizer 
quais variáveis poderiam ser incluídas.  

} Uma variável nunca deve ser incluída apenas 
porque aumenta o R-quadrado ajustado se não 
existe uma justificativa teórica para a sua 
inclusão. 
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Testes de Hipóteses 
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Ø Para realizar testes de hipóteses, assumimos que u tem 
distribuição normal com média 0 e variância constante. 

 
Ø Nesse caso,  

Ø IMPORTANTE: Mesmo que u não tenha distribuição 
normal, se a amostra for relativamente grande as estatística 
t e F usuais tem uma distribuição que converge para as 
distribuições t-student e F. 

 
 

β̂ j −β j( )
se β̂ j( )

 ~ tn−k−1
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Ø Podemos testar hipóteses com relação aos parâmetros 
populacionais 

Ø Para isso, precisamos calcular o desvio-padrão 
associado aos estimadores. 

 

 
Var β̂ j( ) = σ 2

SSTj 1− Rj
2( )

, onde
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Ø Estamos prontos para testar hipóteses com relação aos 
valores dos parâmetros populacionais 

Ø Exemplo: 

 

 
 

 

 

Slide 7.29 

Barrow, Statistics for Economics, Accounting and Business Studies, 5th edition © Pearson Education Limited 2009 

Hypothesis testing 
• We can test hypotheses in the usual manner. To 

test for a zero slope coefficient (i.e. X does not 
influence Y): 
 
 H0: E = 0  
 H1: E z 0 

• The test statistic is: 2~ �
�

 n
b

t
s

bt E



Regressão Linear - Inferência 

10 

 
 
Ø A estatística do teste é: 

 
 

 

 

t =
β̂ j( )
se β̂ j( )
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}  As etapas do teste são: 
1.  Escrever as hipóteses alternativas e nulas 
2.  Escolher o nível de significância do teste α 
3.  Calcular a estatística t, conhecida como a 

estatística do teste  
4.  Encontrar o valor crítico do teste t*, 
5.  Decidir: Se o valor absoluto de t for maior do 

que o de t*, rejeitar H0 com um nível de 
confiança de 1-α (teste bicaudal) 

 

 



Regressão Linear - Inferência 

12 

 

 

 
 

 

 

 CHAPTER 4 Multiple Regression Analysis: Inference 129

F I G U R E  4 . 4   5% rejection rule for the alternative H1: Cj s�0 with 25 df.

When a specific alternative is not stated, it is usually considered to be two-sided. In 
the remainder of this text, the default will be a two-sided alternative, and 5% will be the 
default significance level. When carrying out empirical econometric analysis, it is always 
a good idea to be explicit about the alternative and the significance level. If H0 is rejected 
in favor of (4.10) at the 5% level, we usually say that “xj is statistically significant, or 
statistically different from zero, at the 5% level.” If H0 is not rejected, we say that “xj is 
statistically insignificant at the 5% level.”

 EXAMPLE 4.3 DETERMINANTS OF COLLEGE GPA

We use GPA1.RAW to estimate a model explaining college GPA (colGPA), with the aver-
age number of lectures missed per week (skipped) as an additional explanatory variable. 
The estimated model is

 ! colGPA     � 1.39 � .412 hsGPA � .015 ACT � .083 skipped

 (.33) (.094) (.011) (.026)

 n � 141, R2 � .234.

We can easily compute t statistics to see which variables are statistically significant, using 
a two-sided alternative in each case. The 5% critical value is about 1.96, since the degrees 
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F I G U R E  4 . 6  Obtaining the p-value against a two-sided alternative, when t � 1.85 
and df � 40.

0–1.85

area = .0359

1.85

area = .0359

area = .9282

t  distribution—which is not very practical—or a computer program that computes  areas 
under the probability density function of the t distribution. Most modern regression pack-
ages have this capability. Some packages compute p-values routinely with each OLS 
 regression, but only for certain hypotheses. If a regression package reports a p-value along 
with the standard OLS output, it is almost certainly the p-value for testing the null hypoth-
esis H0: Cj � 0 against the two-sided alternative. The p-value in this case is

 P(U  T  U � UtU), [4.15]

where, for clarity, we let T denote a t distributed random variable with n � k � 1 degrees 
of freedom and let t denote the numerical value of the test statistic.

The p-value nicely summarizes the strength or weakness of the empirical evidence 
against the null hypothesis. Perhaps its most useful interpretation is the following: the 
p-value is the probability of observing a t statistic as extreme as we did if the null hypoth-
esis is true. This means that small p-values are evidence against the null; large p-values 
provide little evidence against H0. For example, if the p-value � .50 (reported always as a 
decimal, not a percentage), then we would observe a value of the t statistic as extreme as 
we did in 50% of all random samples when the null hypothesis is true; this is pretty weak 
evidence against H0.

In the example with df � 40 and t � 1.85, the p-value is computed as

p-value � P(UT U � 1.85) � 2P(T � 1.85) � 2(.0359) � .0718,
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Ø Podemos também testar hipóteses conjuntas: 

Ø Exemplo: 

H0: βk-q+1,…..,βk= 0 

H1: H0 não é verdadeira 

Ou, equivalentemente, 

H0: y = β0 + β1x1 + β2x2 + . . .+ βk-qxk-q+ u 
H1: y = β0 + β1x1 + β2x2 + . . . +βk-q-xk-q+βk-q+1xk-q+1…+βk-
xk+ u 
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which puts q exclusion restrictions on the model (4.34). The alternative to (4.35) is simply 
that it is false; this means that at least one of the parameters listed in (4.35) is different from 
zero. When we impose the restrictions under H0, we are left with the restricted model:

 y � C0 � C1x1 � … � Ck�q xk�q � u. [4.36]

In this subsection, we assume that both the unrestricted and restricted models contain an 
intercept, since that is the case most widely encountered in practice.

Now, for the test statistic itself. Earlier, we suggested that looking at the relative in-
crease in the SSR when moving from the unrestricted to the restricted model should be 
informative for testing the hypothesis (4.35). The F statistic (or F ratio ) is defined by

 F �   
(SSRr � SSRur)Yq

  ________________  
SSRurY(n � k � 1)

  , [4.37]

where SSRr is the sum of squared residu-
als from the restricted model and SSRur 
is the sum of squared residuals from the 
unrestricted model.

You should immediately notice that, 
since SSRr can be no smaller than SSRur, 
the F statistic is always nonnegative (and 
almost always strictly positive). Thus, 
if you compute a negative F statistic, 
then something is wrong; the order of 
the SSRs in the numerator of F has usu-
ally been reversed. Also, the SSR in the 
denominator of F is the SSR from the 
unrestricted model. The easiest way to 
remember where the SSRs appear is to  
think of F as measuring the relative 
 increase in SSR when moving from the 
unrestricted to the restricted model.

The difference in SSRs in the 
 numerator of F is divided by q, which 
is the number of restrictions imposed in 

moving from the unrestricted to the  restricted model (q independent variables are dropped). 
Therefore, we can write

 q � numerator degrees of freedom � dfr � dfur , [4.38]

which also shows that q is the difference in degrees of freedom between the restricted and 
unrestricted models. (Recall that df � number of observations � number of estimated 
 parameters.) Since the restricted model has fewer parameters—and each model is esti-
mated using the same n observations—dfr is always greater than dfur.

The SSR in the denominator of F is divided by the degrees of freedom in the unre-
stricted model:

 n � k � 1 � denominator degrees of freedom � dfur . [4.39]

In fact, the denominator of F is just the unbiased estimator of T�2 � Var(u) in the unre-
stricted model.

EXPLORING FURTHER 4.4
Consider relating individual performance 
on a  standardized test, score, to a variety of 
other variables. School factors  include av-
erage class size, per-student expenditures, 
average teacher compensation, and total 
school enrollment. Other variables specific 
to the student are family income, mother’s 
education, father’s education, and number 
of siblings. The model is

score � C0 � C1classize � C2expend  
 � C3tchcomp � C4enroll  
 � C5  faminc � C6 motheduc  
 � C7fatheduc � C8siblings � u.

State the null hypothesis that student- specific 
variables have no effect on standardized test 
performance once school- related factors 
have been controlled for. What are k and q 
for this example? Write down the restricted 
version of the model.

A estatística do teste é dada por: 
 
 
 
 
 
Onde: 
SSRr é a soma do quadrado dos resíduos do 
modelo restrito (sob H0); 
SSRur é a soma do quadrado dos resíduos do 
modelo irrestrito (sob H1); 
Q é o número de restrições; 
K+1 é o número de parâmetros estimados. 
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} As etapas do teste são: 
1.  Escrever as hipóteses alternativas e nulas 
2.  Escolher o nível de significância do teste α 
3.  Calcular a estatística F, conhecida como a 

estatística do teste  
4.  Encontrar o valor crítico do teste F*, 
5.  Decidir: Se o valor de F for maior do que o 

de F*, rejeitar H0 com um nível de confiança 
de 1-α 
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If H0 is rejected, then we say that xk�q�1, …, xk are jointly statistically significant (or 
just jointly significant) at the appropriate significance level. This test alone does not allow 
us to say which of the variables has a partial effect on y; they may all affect y or maybe 
only one affects y. If the null is not rejected, then the variables are jointly insignificant, 
which often justifies dropping them from the model.

For the major league baseball example with three numerator degrees of freedom and 
347 denominator degrees of freedom, the 5% critical value is 2.60, and the 1% critical 
value is 3.78. We reject H0 at the 1% level if F is above 3.78; we reject at the 5% level if 
F is above 2.60.

We are now in a position to test the hypothesis that we began this section with: After 
controlling for years and gamesyr, the variables bavg, hrunsyr, and rbisyr have no effect 
on players’ salaries. In practice, it is easiest to first compute (SSRr � SSRur)/SSRur and to 
multiply the result by (n � k � 1)/q; the reason the formula is stated as in (4.37) is that it 
makes it easier to keep the numerator and denominator degrees of freedom straight. Using 
the SSRs in (4.31) and (4.33), we have

F �   
(198.311 � 183.186)

  __________________  183.186   �   347 ____ 3   � 9.55.

This number is well above the 1% critical value in the F distribution with 3 and 347 degrees 
of freedom, and so we soundly reject the hypothesis that bavg, hrunsyr, and rbisyr have no 
effect on salary.

F I G U R E  4 . 7   The 5% critical value and rejection region in an F3,60 distribution.
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Ø Se SSR=SST*(1-R2), a estatística F também pode ser 
reescrita como: 
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joint restrictions including C1 � 0 will have less power for detecting C1 p 0 than the usual  
t statistic. See Section C.6 in Appendix C for a discussion of the power of a test.)

Unfortunately, the fact that we can sometimes hide a statistically significant  variable 
along with some insignificant variables could lead to abuse if regression results are not 
carefully reported. For example, suppose that, in a study of the determinants of loan-
 acceptance rates at the city level, x1 is the fraction of black households in the city. Suppose 
that the variables x2, x3, x4, and x5 are the fractions of households headed by different age 
groups. In explaining loan rates, we would include measures of income, wealth, credit 
 ratings, and so on. Suppose that age of household head has no effect on loan approval 
rates, once other variables are controlled for. Even if race has a marginally significant 
 effect, it is possible that the race and age variables could be jointly insignificant. Someone 
wanting to conclude that race is not a factor could simply report something like “Race 
and age variables were added to the equation, but they were jointly insignificant at the 5% 
level.” Hopefully, peer review prevents these kinds of misleading conclusions, but you 
should be aware that such outcomes are possible.

Often, when a variable is very statistically significant and it is tested jointly with 
 another set of variables, the set will be jointly significant. In such cases, there is no logical 
inconsistency in rejecting both null hypotheses.

The R-Squared Form of the F Statistic
For testing exclusion restrictions, it is often more convenient to have a form of the F statis-
tic that can be computed using the R-squareds from the restricted and unrestricted models. 
One reason for this is that the R-squared is always between zero and one, whereas the SSRs 
can be very large depending on the unit of measurement of y, making the calculation based 
on the SSRs tedious. Using the fact that SSRr � SST(1 � Rr

2 ) and SSRur � SST(1 � R2
ur), 

we can substitute into (4.37) to obtain

 F �   
(R2

ur � R2
r )Yq
  ___________________  

(1 � R2
ur)Y(n � k � 1)

   �   
(R2

ur � R2
r )Yq
 ____________  

(1 � R2
ur)Ydfur

   [4.41]

(note that the SST terms cancel everywhere). This is called the R-squared form of the 
F statistic. [At this point, you should be cautioned that although equation (4.41) is very 
convenient for testing exclusion restrictions, it cannot be applied for testing all linear 
 restrictions. As we will see when we discuss testing general linear restrictions, the sum of 
squared residuals form of the F statistic is sometimes needed.]

Because the R-squared is reported with almost all regressions (whereas the SSR is 
not), it is easy to use the R-squareds from the unrestricted and restricted models to test 
for exclusion of some variables. Particular attention should be paid to the order of the 
R-squareds in the numerator: the unrestricted R-squared comes first [contrast this with the 
SSRs in (4.37)]. Because R2

ur � R2
r , this shows again that F will always be positive.

In using the R-squared form of the test for excluding a set of variables, it is impor-
tant to not square the R-squared before plugging it into formula (4.41); the squaring has 
already been done. All regressions report R2, and these numbers are plugged directly into 
(4.41). For the baseball salary example, we can use (4.41) to obtain the F statistic:

F �   
(.6278 � .5971)

  ______________  (1 � .6278)    �   347 ____ 3   � 9.54,

which is very close to what we obtained before. (The difference is due to rounding error.)
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Ø E podemos testar o poder de explicação do modelo: 
 
H0 : todos os parâmetros (com exceção do intercepto) são 
equivalentes a zero 
 
H1 : pelo menos um dos parâmetros (com exceção do 
intercepto) é diferente de zero. 
 
Ø Nesse caso, a estatística do teste é: 
 
 
 
 

 
 

 

( ) ( )11 2

2

−−−
=

knR
kRF



Heterocedasticidade 



21 

Revisão: Homocedasticidade 

} O pressuposto de homocedasticidade significa 
que a variância do erro não-observável é 
constante e independente do valor das 
variáveis explicativas 
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. 
x  x1 x2 

f(y|x) 

Exemplo de Heterocedasticidade 

x3 

. . 
E(y|x) = β0 + 
β1x 
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Consequências da Heterocedasticidade 

} MQO é não-enviesado mesmo na presença 
de heterocedasticidade.  

}  Porém, nesse caso, os erros padrões são 
enviesados.  

}  Portanto, as estatisticas t e F não são válidas. 
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Variância com Homocedasticidade 

Var β̂1( ) =σ 2

sx
2
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Variância com Homocedasticidade 

}   Quanto maior a variância do erro, maior a variância do 
estimador beta 

}   Quanto maior a variabilidade de x, menor essa variância.  
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Variância com Homocedasticidade 

Um estimador não-enviesado de  σ 2é:

σ̂ 2 =
1
n− 2( )

ûi
2∑ = SQR / n− 2( )
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Variância com Homocedasticidade 

Dados os pressupostos de Gauss-Markov, tem-se:

Var β̂ j( ) = σ 2

SSTj 1− Rj
2( )

, onde

SSTj = xij − x j( )∑
2
 e Rj

2  é o R2da

regressãode x j  nos demais x's

Regressão Múltipla 
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Heterocedasticidade 

Importante: se o modelo tiver heterocedasticidade e 
os demais 4 pressupostos de Gauss-Markov 
continuarem válidos, o estimador MQO continua 
não-enviesado porém não é mais BLUE!  
 
Além disso, testes de hipóteses baseadas nas 
variâncias dos parâmetros estimadas por MQO não 
são mais válidos  
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Variância com Heterocedasticidade 

Regressão Simples

Var β̂1( ) =
xi − x( )∑

2
σ i

2

SSTx
2

, onde SSTx = xi − x( )∑
2

Um estimador convergente ou válido assintoticamente seria:

xi − x( )
2

∑ ûi
2

SSTx
2
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Variância com Heterocedasticidade 

Regressão Múltipla

Var̂ β̂ j( ) =
r̂2
ijûi

2∑
SSRj

2
, onde r̂ij  é o i th  resíduo da 

regressão xj contra todas as outras variáveis explicativas e
SSRj  é a soma do quadrado dos resíduos dessa regressão.
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Variância com Heterocedasticidade 

}   A variância e desvio-padrão robusto somente levarão a 
estatísticas t e F válidas se as amostras forem grandes. 
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Teste para Heterocedasticidade: Breusch-
Pagan 

} Queremos testar H0: Var(u|x1, x2,…, xk) = σ2  
}  Se assumirmos uma relação linear entre u2 e xj: 

   u2 = δ0 + δ1x1 +…+ δk xk + v 
  , podemos testar: 
} H0: δ1 = δ2 = … = δk = 0 
}  Esse é o teste Breusch-Pagan. 
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Teste White 

}   O Te s t e W h i t e p e r m i t e q u e a 
heterocedasticidade dependa das variáveis 
explicativas ao quadrado e produtos 
cruzados. 

}   Para simplificar o teste, procedemos da 
seguinte forma: 
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Teste White 

}   Fazemos a regressão dos resíduos ao 
quadrado nos valores de ŷ e ŷ2 e fazemos um 
teste F no R-quadrado 
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Mínimos Quadrados Ponderados 

}   Apesar de conseguirmos obter erros padrões robustos, 
se soubermos a forma funcional da heterocedasticidade, 
podemos obter estimativas mais eficientes.  

}  O métodos dos mínimos quadrados ponderados (MQP) 
ou weighted least squares (WLS) permite transformar o 
modelo tal que ele tenha erros homocedásticos, 
soubermos a forma exata da heterocedasticidade. Nesse 
caso WLS is BLUE!  

}  Assim como em MQO, os testes t e F são 
assintoticamente válidos ou exatamente válidos se os 
erros possuírem distribuição Normal. 
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Mínimos Quadrados Ponderados 

}  Suponha que a heterocedasticidade seja da seguinte 
forma: Var(u|x) = σ2h(x),  

}  Divindo todas as variáveis por √h, obtemos um modelo 
com erros homocedásticos: 

}  Nesse caso, Var(ui/√hi|x) = σ2, visto que: 
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that have t and F distributions. We will also discuss the implications of using the wrong 
form of the variance in the WLS procedure.

The Heteroskedasticity Is Known  
up to a Multiplicative Constant
Let x denote all the explanatory variables in equation (8.10) and assume that

 Var(u Ux) � T2h(x), [8.21]

where h(x) is some function of the explanatory variables that determines the heteroskedas-
ticity. Since variances must be positive, h(x) � 0 for all possible values of the independent 
variables. For now, we assume that the function h(x) is known. The population parameter 
T2 is unknown, but we will be able to estimate it from a data sample.

For a random drawing from the population, we can write T �2i�� Var(u iUxi) ��T2h(xi) �  
T2hi, where we again use the notation xi to denote all independent variables for observa-
tion i, and hi changes with each observation because the independent variables change 
across observations. For example, consider the simple savings function

 savi � C0 � C1inci � u i [8.22]

 Var(u iUinci) � T2inci. [8.23]

Here, h(x) � h(inc) � inc: the variance of the error is proportional to the level of income. 
This means that, as income increases, the variability in savings increases. (If C1 � 0, the 
expected value of savings also increases with income.) Because inc is always positive, the 
variance in equation (8.23) is always guaranteed to be positive. The standard deviation of 
u i, conditional on inci, is T�  �

___
 inc  i.

How can we use the information in equation (8.21) to estimate the Cj? Essentially, we 
take the original equation,

 yi � C0 � C1xi1 � C2xi2 � … � C kxik � u i , [8.24]

which contains heteroskedastic errors, and transform it into an equation that has homoske-
dastic errors (and satisfies the other Gauss-Markov assumptions). Since hi is just a func-
tion of xi, u i / �

__
 hi   has a zero expected value conditional on xi. Further, since Var(u iUxi) � 

E(u  2   i  Uxi) � T2hi, the variance of u i / �
__

 h  i (conditional on xi) is T 2:

 E  @�(u i  / �
__

 hi   )
2 �  � E(u  2   i  ) / hi � (T2hi) / hi � T2,

where we have suppressed the conditioning on xi for simplicity. We can divide equation (8.24) 
by  �

__
 hi    to get

 yi / �
__

 hi    � C 0 / �
__

 hi    � C1(xi1 / �
__

 hi   ) � C2(xi2 / �
__

 hi   ) � …

 � C k(xik  / �
__

 hi   ) � (u i  / �
__

 hi   )
 [8.25]
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that have t and F distributions. We will also discuss the implications of using the wrong 
form of the variance in the WLS procedure.

The Heteroskedasticity Is Known  
up to a Multiplicative Constant
Let x denote all the explanatory variables in equation (8.10) and assume that

 Var(u Ux) � T2h(x), [8.21]

where h(x) is some function of the explanatory variables that determines the heteroskedas-
ticity. Since variances must be positive, h(x) � 0 for all possible values of the independent 
variables. For now, we assume that the function h(x) is known. The population parameter 
T2 is unknown, but we will be able to estimate it from a data sample.

For a random drawing from the population, we can write T �2i�� Var(u iUxi) ��T2h(xi) �  
T2hi, where we again use the notation xi to denote all independent variables for observa-
tion i, and hi changes with each observation because the independent variables change 
across observations. For example, consider the simple savings function

 savi � C0 � C1inci � u i [8.22]

 Var(u iUinci) � T2inci. [8.23]

Here, h(x) � h(inc) � inc: the variance of the error is proportional to the level of income. 
This means that, as income increases, the variability in savings increases. (If C1 � 0, the 
expected value of savings also increases with income.) Because inc is always positive, the 
variance in equation (8.23) is always guaranteed to be positive. The standard deviation of 
u i, conditional on inci, is T�  �

___
 inc  i.

How can we use the information in equation (8.21) to estimate the Cj? Essentially, we 
take the original equation,

 yi � C0 � C1xi1 � C2xi2 � … � C kxik � u i , [8.24]

which contains heteroskedastic errors, and transform it into an equation that has homoske-
dastic errors (and satisfies the other Gauss-Markov assumptions). Since hi is just a func-
tion of xi, u i / �

__
 hi   has a zero expected value conditional on xi. Further, since Var(u iUxi) � 

E(u  2   i  Uxi) � T2hi, the variance of u i / �
__

 h  i (conditional on xi) is T 2:

 E  @�(u i  / �
__

 hi   )
2 �  � E(u  2   i  ) / hi � (T2hi) / hi � T2,

where we have suppressed the conditioning on xi for simplicity. We can divide equation (8.24) 
by  �

__
 hi    to get

 yi / �
__

 hi    � C 0 / �
__

 hi    � C1(xi1 / �
__

 hi   ) � C2(xi2 / �
__

 hi   ) � …

 � C k(xik  / �
__

 hi   ) � (u i  / �
__

 hi   )
 [8.25]
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Mínimos Quadrados Ponderados 

}   Porém, o método dos mínimos quadrados ponderados já 
está programado no Stata. 

}   Apenas declare o peso 1/hi para efetuar a estimação (no 
stata declare [aweight=hi]).  
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}   Se não soubermos h(xi), podemos estimar essa função 
}   Assume-se: 
     Var(u|x) = σ2exp(δ0 + δ1x1 + …+ δkxk)  
}  e estima-se δ! 

FGLS 
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}  Portanto: 
    u2 = σ2exp(δ0 + δ1x1 + …+ δkxk)v 
   onde E(v|x) = 1  
 
  Equivalentemente: 
  ln(u2) = α0 + δ1x1 + …+ δkxk + e 
 

FGLS 
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}  Portanto, devemos adotar o seguinte procedimento: 
1. Estimar o modelo por MQO 
2. Obter os resíduos, û 
3. Gerar ln(û2)  
4. Fazer a regresão de ln(û2) nas variáveis independentes 
e obter os valores previstos ĝ. A variancia estimada é 
equivalente a exp(ĝ). 
5. Fazer a regressão pelo método dos mínimos 
quadrados ponderados com peso exp(ĝ) no Stata. (1/
exp(ĝ) sendo o peso para os resíduos ao quadrado). 

FGLS 
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}  FGLS não é não-enviesado, mas ainda consistente e 
assintoticamente eficiente. 

FGLS 



Variável Binária ou Dummy 



Variável Binária ou “Dummy” 

} Uma variável binária é aquela que toma 
dois valores possíveis, geralmente 0 e 1. 

} No nosso banco de dados trabalhado nas 
últimas aulas, female é uma variável 
binária. 
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Variável Binária ou “Dummy” 

} Considere o seguinte modelo com uma 
variável binária: 

} y = β0 + δ0d + β1x + u 
} Nesse caso, a variável d representa uma 

mudança de intercepto quando se passa 
de um grupo para o outro do banco de 
dados. 

}   If d = 0, y = β0 + β1x + u 
}   If d = 1, y = (β0 + δ0) + β1 x + u 
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Variável Binária ou “Dummy” 

} Considere agora o seguinte modelo: 
} y = β0 + δ1d + β1x + δ2d*x + u 
}   If d = 0, y = β0 + β1x + u 
}   If d = 1, y = (β0 + δ1) + (β1+ δ2) x + u 
}   Nesse modelo, a variável dummy permite 

uma mudança de intercepto, bem como 
uma mudança de inclinação. 
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Modelo Linear de Probabilidade 

}   Se a variável dependente for binária, então P(y 
= 1|x) = E(y|x). Nesse caso: 

}    P(y = 1|x) = β0 + β1x1 + … + βkxk 
}   Nesse caso, cada intercepto beta i mede o 

impacto de variações marginais em xi na 
probabilidade do evento 1 ocorrer. 

}   O valor previsto de y nesse é a probabilidade 
estimada do evento 1 ocorrer.  
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Modelo Linear de Probabilidade 

} Problema: nada impede que o y previsto 
não esteja no intervalo [0,1]. 

} Geralmente, esse modelo viola também o 
pressuposto de homocedasticidade. 
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Avaliação de Políticas/Programas 

}   Podemos utilizar variáveis dummy para avaliar 
o impacto de políticas/programas 

}   Por exemplo, qual o impacto da participação 
no programa Bolsa Família no nível educacional 
da família? 
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Avaliação de Políticas/Programas 

}  Problema: variáveis que influenciam a 
participação no Bolsa Família, como a renda 
dos ascendentes, também podem explicar o 
nível educacional. 

}  Isso levaria a viés nas estimações 



Obrigada! 


