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Likelihood function
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Maximum likelihood estimation
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LR, W, and LM Tests

FIGURE 14.2 Three Bases for Hypothesis Tests.
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R BYELEI[O))3Z55R: OLS
Kleiber & Zeileis, Applied Econometrics with R, Springer.: Section 3.2

> library(AER)

> data(“CPS1988")

> cps_1m <—- Im(log(wage) ~ experience + I(experience”2) + education + ethnicity, data = CPS1988)
> summary(cps_1lm)

Call:
Im(formula = log(wage) ~ experience + I(experience”2) + education + ethnicity, data = CPS1988)
Residuals:

Min 1Q Median 3Q Max

-2.9428 -0.3162 0.0580 0.3756 4.3830

Coefficients:

Estimate Std. Error t value Pr(>|t])
(Intercept) 4,321e+00 1.917e-02 225.38 <2e-16 *xxk
experience 7.747e-02 8.800e-04 88.03 <2e-16 *xx*
I(experience”™2) -1.316e-03 1.899e-05 -69.31 <2e-16 xxkxk
education 8.567e-02 1.272e-03 67.34 <2e-16 **kxk
ethnicityafam -2.434e-01 1.292e-02 -18.84 <2e-16 *xxk

Signif. codes: 0 ‘xkx’ 0.001 ‘xx' 0.01 ‘x' 0.05 ‘.’ 0.1 * ' 1
Residual standard error: 0.5839 on 28150 degrees of freedom

Multiple R-squared: 0.3347, Adjusted R-squared: 0.3346
F-statistic: 3541 on 4 and 28150 DF, p-value: < 2.2e-16
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R BYEEI[E])3Z55R: ML

Kleiber & Zeileis, Applied Econometrics with R, Springer.: Section 3.2

> library(stats4)

> LL <- function(beta_0, beta_ex, beta_ex2, beta_edu, beta_eth, sigma){
—sum(dnorm(log(CPS1988%wage), (beta_0 + beta_exxCPS1988%experience +
beta_ex2*xI(CPS1988%experience”?2) + beta_eduxCPS1988%education +
beta_ethxas.integer(CPS1988%$ethnicity)), sigma, log = TRUE))

I3
> cps_ML <— mle(LL, start = list(beta_0=0, beta_ex=0, beta_ex2=0, beta_edu=0, beta_eth=0, sigma=10))
> summary(cps_ML)

Maximum likelihood estimation

Call:
mle(minuslogl = LL, start = list(beta_0 = 0, beta_ex = 0, beta_ex2 = 0,
beta_edu = 0, beta_eth = 0, sigma = 10))
Coefficients:
Estimate Std. Error
beta_ 0 4.565599247 2.436695e-02
beta_ex 0.077455053 8.799206e-04
beta _ex2 -0.001315682 1.898479e-05
beta_edu 0.085634316 1.272004e-03
beta_eth -0.243661209 1.291627e-02
sigma 0.583852317 2.460192e-03

-2 log L: 49602.68
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Probit (& HY
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Logit =&Y
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R BY[E])3ZER : probit

Gerfin, M. (1996). Parametric and semi parametric estimation of the binary response model of labour
market participation. Journal of Applied Econometric, 11:321-340.

> fit_probit = glm(LFP ~ LNNLINC + AGE + I(AGE”2) + EDUC + NYC + NOC + FOREIGN,
data = participation, family = binomial(link = "probit"))
> summary(fit_probit)

Call:
glm(formula = LFP ~ LNNLINC + AGE + I(AGE”™2) + EDUC + NYC + NOC +
FOREIGN, family = binomial(link = "probit"), data = participation)

Coefficients:
Estimate Std. Error z value Pr(>]|z|)

(Intercept) 3.74909 1.40695 2.665 0.00771 *x

LNNLINC -0.66694 0.13196 -5.054 4.33e-07 skxx

AGE 2.07530 0.40544 5.119 3.08e-07 kxx

I(AGE"2) -0.29434 0.04995 -5.893 3.79e-09 kxx

EDUC 0.01920 0.01793 1.071 0.28428

NYC -0.71449 0.10039 -7.117 1.10e-12 **kx

NOC -0.14698 0.05089 -2.888 0.00387 *x

FOREIGN 0.71437 0.12133 5.888 3.92e-09 skxx

Signif. codes: 0 ‘xkx’ 0.001 ‘xx' 0.01 ‘x' 0.05 ‘.’ 0.1 * ' 1

(Dispersion parameter for binomial family taken to be 1)

Null deviance: 1203.2 on 871 degrees of freedom
Residual deviance: 1017.2 on 864 degrees of freedom
AIC: 1033.2

Number of Fisher Scoring iterations: 4




R BEIJAGER: logit

Gerfin, M. (1996). Parametric and semi parametric estimation of the binary response model of labour
market participation. Journal of Applied Econometric, 11:321-340.

> fit_logit = glm(LFP ~ LNNLINC + AGE + I(AGE”2) + EDUC + NYC + NOC + FOREIGN,
data = participation, family = binomial(link = "logit"))
> summary(fit_logit)

Call:
glm(formula = LFP ~ LNNLINC + AGE + I(AGE”™2) + EDUC + NYC + NOC +
FOREIGN, family = binomial(link = "logit"), data = participation)

Coefficients:
Estimate Std. Error z value Pr(>]|z|)

(Intercept) 6.19639 2.38309 2.600 0.00932 *x

LNNLINC -1.10409 0.22571 -4.892 1.00e-06 sxxk

AGE 3.43661 0.68789 4.996 5.86e-07 skxxk

I(AGE"2) -0.48764 0.08519 -5.724 1.04e-08 *xxx

EDUC 0.03266 0.02999 1.089 0.27611

NYC -1.18575 0.17202 -6.893 5.46e-12 s*kx*k

NOC —-0.24094 0.08446 -2.853 0.00433 *x

FOREIGN 1.16834 0.20384 5.732 9.94e-09 skxx

Signif. codes: 0 ‘xkx’ 0.001 ‘xx' 0.01 ‘x' 0.05 ‘.’ 0.1 * ' 1

(Dispersion parameter for binomial family taken to be 1)

Null deviance: 1203.2 on 871 degrees of freedom
Residual deviance: 1017.6 on 864 degrees of freedom
AIC: 1033.6

Number of Fisher Scoring iterations: 4




