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Goals of the lecture

¥ Introducing the idea of OrobustnessQ, in particular distributional
robustness
e Discuss various measures of the robustness of an estimator, such a
the breakdown point and infuence function

¥ Discussrobust and resistant regression methods that can be used
when there are unusual observations or skewed distributions
e Particular emphasis will be placed on M-estimation and some
extensions (in particular MM-estimation)
¢ Revisit diagnostics for outliers, showing how robust regression can b
used as a diagnostic tool
e Extend M-estimation to GLMs

¥ As usual, weOll see how to do these thingR in

Debning ORobustO

¥ Statistical inferences are based both on observations and on prior
assumptions about the underlying distributions and relationships
between variables
o Although the assumptions are nevexactly true, some statistical
models are more sensitive to small deviations from these assumptiol
than others

¥ Following Huber (1981Yyobustness signibpes insensitivity to
deviations from the assumptions the model imposes
e A model is robust then, if it is (1) reasonablyffiient and unbiased,
(2) small deviations from model assumptions will not substantially
impair the performance of the model and (3) somewhat larger
deviations will not invalidate the model completely

¥ Robust regression is concerned with distributional robustness and
outlier resistance

e Although conceptually distinct, these are for practical purposes
synonymous

Breakdown Point (1)

¥ Assume a sampleZ, with n observations, and leT’ be a regression
estimator.

¥ ApplyingT to Z gives us the vector of regression ¢aents:
T(Z)="
¥ Imagine all possible OcorruptedO samgleshat replace any

observationsn of the dataset with arbitrary values (i.e., inBuential
cases)

¥ The maximum bias that could arise from these substitutions is:

effecton; T, Z) = sup|| T(Z') - T(Z) ||
Z/

where the supremum is over all possildle




Breakdown Point (2)

¥ if the biagm; T, Z) is inPnite, them outliers have an arbitrarily large
effectonT

¥ The breakdown point for an estimatdF for a Pnite sampléZ is:
BDP(T,Z) = min {T; effect(m; T, Z)is inbnite}
n

¥ In other words, the breakdown point is the smallest fraction of Obac
data (outliers or data grouped in the extreme tail of the distribution)
the estimator can tolerate without taking on values arbitrarily far
from T'(Z)
e For OLS regression, one unusual case is enough to inBuence the
codficient estimates. Its breakdown point then is:

1
BDP = -
n

¥ Asn gets Iarger,% tends toward 0, meaning that the breakdown
point for OLS is 0%

InBuence Function (or InBuence Curve)

¥ While the breakdown point measures global robustness, the inBuer
function (IF) measures local robustness

¥ More specibcally, the IF measures the impact of a single observati
Y that contaminates the theoretically assumed distributidhon an
estimator T

T{(1 = 1) + A6y} — T{F}
P

IF(Y, F,T) = lim

wheredy is the probability distribution that puts its mass at the
point Y (i.e., 6y=1 at Y and O otherwise), and is the proportion of
contamination atY

¥ Simply put, the IF indicates the bias caused by adding outliers at th
point Y, standardized by the proportion of contamination

¥ The IF can be calculated from the brst derivative of the estimator
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InRuential Cases and OLS

¥ OLS is not robust to outliers. It can produce misleading results if
unusual cases go undetected - even a single case can have a
signibcant impact on the bt of the regression surface

¥ Moreover, the &iciency of the OLS regression can be hindered by
heavy-tailed distributions and outliers

¥ Diagnostics should be used to detect heavy-tails or infuential case
but once they are found we are left with a decision as to what to dc

¢ Investigate whether the deviations are a symptom of model failure
that can be repaired by deleting cases, transformations or adding
more terms to the model

¢ In cases when the unusual data cannot be remedied, robust regress
can provide an alternative to OLS

Estimating Location

¥ In order to explain how robust regression works, it is helpful to star
with the simple case of robust estimation of the center of a
distribution

¥ Consider independent observations and the simple model:
Yi=U+e

¥ If the underlying distribution is normal, the sample mean is the
maximally éficient estimator ofy, producing the btted model:

Yi=?+E,’

¥ The mean minimizes the least squares objective function:

Zn:pLS(Ei) = Zn:pLS(Yi -m= Zn:(Yi -’
i=1 i=1 i=1




Estimating Location (2)

¥ The derivative of the objective function with respect # gives the
inBuence function which determines the infBuence of observations:
W¥1s(E) = p;g(E) = 2E. In other words, inBuence is proportional to
the residualE

¥ Compared to the median, the mean is sensitive to extreme cases.
an alternative, then, we now consider the median as an estimator ¢
U

¥ The median minimizes the least-absolute-values (LAV) objective
function:

iﬂmv(Ei) = ipLAV(Yi -W= i |Yi-p|
i=1 i=1 i=1

¥ This method is more resistant to outliers because, in contrast to thi
mean, the inRuence of an unusual observation on the median is
bounded

Estimating Location (3)

¥ Again, taking the derivative of the function gives the shape of the
inBuence function

1 forE>0
Yiav(E) = p/LAV(E) = 0 forE=0
-1 forE<O

¥ the fact that the median is more resistant than the mean to outliers
is a favorable characteristic

¥ It is far less &icient, however. IfY ~ N (4, 0?), the sampling
variance is"%; the sampling variance for the median ﬂg;

e In other words, the sampling variance for the mediarfis: 1.57
times as large as for the mean

¥ The goal, then, is to Pnd an estimator that is more resistant than
the mean, but more #icient than the median
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M-estimation of Location

¥ A large class of estimators that generalize the idea of maximum
likelihood to robust measures of scale and location, and also exten
to robust regression

¥ M-estimates are very robust for estimation location and relatively
efficient compared to other robust measures for large samples
(n > 40)

¥ Let T,(y1,...,y,) be an estimate of an unknown parameter that
characterizes the distributio®'(Y; 6)

IF@yi,...o) =] | F0)
i=1

where f(Y; 0) is the density corresponding tB(Y; 0)
¥ The ML estimator is the value of that maximizes the likelihood
function, of equivalently minimizes:

-1ogz:§p(y;e):§p(”c;sﬂ)
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M-estimation of Location (2)

¥ Restricting the objective functiop(Y; ) to any function that is
differentiable with an absolutely continuous derivati¥gg results in
the ML estimatorT,

ZH:‘I’(Y; 0)=0
i=1

where

0 0

Y(Y;0) = (ag)p(Y, 0) = (ag)logf(Y, 0)

¥ M-estimation relies on the least squares objective function:
p(y;0) = %(y — (> whose derivative shows the inRuence function:
Y(y;0) = (y — (1) is proportional to the value of.

¥ If p(Y;0) is symmetric around 0, the breakdown point of the
estimator ise;, = lime; = .5

n—oo

e The commonly used Huber and Bisquare estimates bt these criteria
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M-Estimation of Location Huber Estimates (1)

¥ A good compromise between théfieiency of the least-squares and
the robustness of the least-absolute values estimators isHhéer
Objective Function

¥ At the center of the distribution, the Huber function behaves like the
OLS function, but at the extremes, it behaves like the LAV function

1y? for [y| < ¢
ooyl 2y =
pH(Y; 0) { Cb’|_%c2 for |y |> ¢

¥ The InBuence function is determined by taking the derivative:
¢ fory>c¢

y forly<c
—c fory<—c

Yu(y;0) =

¥ The tuning constant,c, debPnes the center and tails

13 /54

M-estimation, the Tuning Contant

¥ The tuning constant can be expressed as a multiple of thale (the
spread) ofY, k = ¢S wherS is the measure of the scale &f (i.e.,
the spread)

¢ Since the standard deviation is infBuenced by extreme observations,
we instead use the median absolute deviation to measure spread:

MAD = median| Y; — {1 |

¥ The median ofY serves as an initial estimate ¢f thus allowing us
to debneS = MAD/. 6745 which ensures thaf estimateso- when
the population is normal

o Usingk = 1.345 (4342 ~ 2) produces a 95%féiciency relative to the

sample mean when the population is normal and gives substantial
resistance to outliers when it is not

¥ A smallerk gives more resistance
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M-Estimation of Location: Biweight Estimates

¥ Biweight estimates behave somewhaftfdrently than Huber
weights, but are calculated in a similar manner

¥ The biweight objective function is especially resistant to
observations on the extreme tails:

paw() = 1] {1‘[1‘@)2]3}, if |yl<e

6
2
6 1

[N]

< if |yPc
¥ The inRuence function, then, tends toward zero:
212
- (2 ] L |y
Wiy = 1= 6) |lse

0, if |y[>c

¥ For this function a tuning constant of = 4.685 x § ~ 7 MADSs,
produces 95% féiciency when sampling from a normal population
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Weights in M-Estimation

Taking the derivative of¥y(y; 0) gives the weights applied to each
observation.

) = 1 ify<g
WH () = ﬁ if y>c
212 .
wa =] [1= G| ifbi<e
0 if [y| > c

The difference between the two weight functions happens more in the
extremes. The Bi-weight function is a bit more resistant to outliers
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Weight Functions for Various Estimators

w s(E) Least-squares w, av(E) Least-absolute-values
1 — 10
0.5 5
o °
L~ = 3 1 3 = R s : E
E E
Wi(E) M-Estimation (Huber) wew(E) M-Estimation (Biweight)
1 f . 2
o.s o.s
° o1
ko & 1

-3 -2 -1 ° 1 2 S -2 -1 ) 1 2
E E
Figure 14.13 from Fox (1997)
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M-Estimation for Regression

¥ OLS minimizes the sum of squares function

min Zn:(E,-)2
i=1

¥ Following from M-estimation of location, a robust regression
M-estimate minimizes the sum of a less rapidly increasing function
of the residuals

n
min > p(E)
i=1
¥ Since the solution is not scale invariant. the residuals must be

standardized by a robust estimate of their scate,, which is
estimated simultaneously. Usually, the median absolute deviation it

used: .
. E;
min —
;p (&E)

M-estimation for Regression (2)

¥ Taking the derivative and solving produces the shape of the
inBuence function:

n

Z ¥ (i) x;,wherey = o’
OE

i=1
¥ We then substitute¥ with an appropriate weight function
n El
Z Wil — | Xi
-1  \9E

¥ Typically the Huber or bisquare weight is employed. In other words
the solution assigns a fierent weight to each case depending on the
size of its residual and thus minimizes the weighted sum of square

n
S
i=1
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M-Estimation and Regression (3)

¥ Since the weights can be estimated before ptting the model and
estimates canOt be found without the weights, an iterative procedu
is needed to bPnd estimates

¥ Initial estimates ofb are selected using weighted least squares

¥ The residuals from this model are used to calculate an estimate of
the scale of the residuals!” and the weights”’

¥ The model is then rebt with several iterations minimizing the
weighted sum of squares to obtain new estimateshof

b = (X’'WX)"' X'Wy

¥ wherel is the iteration counter; in the™ row of the model matrix
arex; and W = diag{wf_]}

¥ This process continues until the model convergg® (= »!~-)
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Asymptotic Standard Errors

¥ For all M-estimators (including the MM-estimator), asymptotic
standard errors are given by the square rot of the diagonal entries
the estimated asymptotic covariance matrdX’WX)‘la% from the
Pnal IWLS bt

¥ The ASE for a particular cocient, is then given by:

SE - \/ SIWEE_ o)

[X W(E/ n]?

¥ The ASEs are relaibale if the sample sizés suficiently large
relative to the number of parameters estimated

o Other evidence suggests that their reliability also decreases as the
proportion of inBuential cases increases

¥ As a result, ifn < 50 bootstrapping should be considered
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Inequality Model Revisited (1)

¥ The scatterplot clearly shows , [<soaa
Slovakia and the Czech i o Grechepubic
Republic as unusual cases - %
they are outliers iny and .
have high leverage accordingz
to X, a combination that 52y .
results in high inBuence . . .
¥ The OLS line bt to the data o o o
indicates that they . § T . %

signibcantly pull the line ‘ ‘ ‘ ‘

toward them

60

+ V + Vv VvV

R-Script for plot with case hames

weakliem <- read.table("Weakliem2.txt")

plot(secpay ~ gini, data=weakliem)

outs <- which(rownames (weakliem) Jin},
c("Slovakia", "CzechRepublic"))

with(weakliem, text(ginilouts], secpaylouts],
rownames (weakliem) [outs], pos=4))
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Inequality Model Revisited (2)

(Intercept) 1.1948"
(0.1107)

gini —-0.0008
(0.0029)

N 26

R? 0.0029

adj. R? -0.0387

Resid. sd 0.1485

Standard errors in parentheses
* indicates significance at p < 0.05
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Inequality Model Revisited (3)

Slovékia | |

P
(" GzechRepublic
(9

Studentized Residuals
Q
=
T

0.05 0.10 0.15 0.20

Hat-Values

We see the Czech Republic and Slovakia standing out, but Chile also f
relatively high inuence

Inequality Model Revisited (4)

(Intercept)

gini

N

R2

adj. R?
Resid. sd

0.9408"
(0.0526)
0.0050*
(0.0013)
24
0.3887
0.3609
0.0627

Standard errors in parentheses

*

indicates significance at p < 0.05
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M-Estimation inR (1) M-Estimation inR (2)
Slovakia o
> library(MASS) o
> mod3 <- rlm(secpay ~ gini, data=weakliem) I i
> summary (mod3) ¥ As we would expect, the ¢
Call: rlm(formula = secpay ~ gini, data = weakliem) Czech Republic and. Slovakia E °
Rosiduals: have the largest residuals LT
Min 1@ Median 3Q Max meaning that they would have *® _| o
-0.091680 -0.041786 -0.005509 0.038944 0.545452 the largest inRuence on the s eo o,
Coefficients: OLS regression line -]
Value Std. Error t value s s s m s
(Intercept) 1.0169 0.0563 18.0643 ndox
gini 0.0031 0.0015 2.0837
Residual standard error: 0.06363 on 24 degrees of freedom > plot (residuals (mod3))
> text (outs, residuals(mod3) [outs],
+ rownames (weakliem) [outs], pos=2)
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M-Estimation inR (3)

1.0

o000 o ocooocooopg: o0 o000

00
Ssia o

¥ The plot on the right shows Armenia o
the weight given to each case - |

¥ In line with the previous Unuguay o
graph, the Czech Republic and ¢ -
Slovakia received the least chie o

weight of all the observations = |

¥ Note: this technique can also
be used to assess inRuential = Jezecrevico Stovakia o

Cases 0 5 10 15 20 25

Index

> loww <- with(mod3, which(w < 1))
> with(mod3, plot(w))

> text(loww, mod3[["w"]] [loww],

+ rownames (weakliem) [loww], pos=2)
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M-estimation in R (4)

> mod4 <- rim(secpay ~ gini, data=weakliem, psi= psi.bisquare)
> summary (mod4)

Call: rlm(formula = secpay ~ gini, data = weakliem, psi = psi.bisquare)

Residuals:
Min 1Q Median 3Q Max
-0.095520 -0.023978 0.005806 0.046531 0.577087

Coefficients:

Value Std. Error t value
(Intercept) 0.9583 0.0491 19.5245
gini 0.0044 0.0013 3.4724

Residual standard error: 0.05552 on 24 degrees of freedom
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M-estimation inR (5)

0.6

Slovakia o

0.5

“|CzechRepublic o

0.3
L

¥ Again, the Czech Republic
and Slovakia have large
residuals 5

residuals

0.2

0.0
o
o
o
o
o

-0.1
L
°
o

> with(mod4, plot(residuals))
> text(outs, mod4[["residuals"]] [outs],
+ rownames (weakliem) [outs], pos=2)
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Comparing Huber and Bisquare Weights

1.0

+ Russiar ' M1

Armenia 1

08

¥ Notice that although the Uiy
relative weights are similar,
the Huber method gives a
weight of 1 to far more cases i
than does the bisquare weight o

06

Chile 1

Huber Weights

0.4
L

0.0
L

bisquare weights

plot (mod4[["w"]], mod3[["w"]], x1im=c(0,1),
ylim=c(0,1), xlab="bisquare weights",
ylab="Huber Weights")
abline(0,1)
text (mod4[["w"]] [loww], mod3[["w"]] [loww],
rownames (weakliem) [loww], pos=2)

+ VV+ +V

w
N
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Limitation of M-estimation

¥ M-estimation for regression is designed to be robust against
heavy-tailed error distributions
e They are more resistant to vertical outliers than are OLS estimators
e They are also moreféicient than OLS estimators when there are
vertical outliers
¥ M-estimates are not immune to unusual observations however
e They have a breakdown point of 0, and an unbounded inBuence
function because they pay no attention to leverage

¢ As a result, ObadO leverage points that have small residuals can ha
as much inBuence on M-estimates as they do on OLS estimates

Resistant Regression Methods

¥ Also referred to asbounded influence methods
¥ Have the highest possible breakdown poiaf & .5). Some of these
are:

e S-estimation
e Least Trimmed Squares (LTS)
e Least Median Squares (LMS)

¥ Although very resistant in the presence of unusual observations,
these methods have the serious limitation that they are very
inefficient relative to OLS when the errorge normally distributed

e For all of these, relative féiciency is less than 40%
¥ These methods have utility, however, in that they all can play an
important role in MM-estimation, which produces estimates that are
both highly resistant and f&cient

Bounded InBuence Regression: LTS

¥ Least-Trimmed Squares orders the squared residuals from smallesi
Iargest: (Ez)(l), (Ez)(z), A ,(Ez)(n)
¥ |t then calculatesh that minimizes the sum of only the smaller half

of the residuals .
min Z(Ez)(i)
i=1

wherem = L#J the Boor brackets indicate roundingown to the
nearest integer

¥ By using only the 50% of the data that bts closest to the original
OLS line, LTS completely ignores extreme outliers (i.e., it eliminate
the largest residuals)

¥ Although highly resistant, LTS is very iffficient and can also
misrepresent the trend in the data if it is characterized by clusters «
extreme cases or if the dataset is relatively small

Bounded InBuence Regression: LMS

¥ An alternative bounded inBuence method is Least Median Squares

¥ Rather than minimize the sum of the least squares function, LMS
minizes the median of the squared residuEfs

min MED(E?)

¥ LMS is very robust with respect to outliers both in terms ¥fand Y
values

¥ Again, however, like LTS it performs poorly from the point of view
of asymptotic dficiency (at best, it is 37%)
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Bounded InBuence Regression: S-estimation

¥ Attempt to Pnd the solution with the smallest possible dispersion o
the residuals

min & (E1(B), ... .Ex(B))

¥ Of course, OLS does this too, by minimizing the variance

¥ S-estimation, however, minimizes a robust M-estimate of the
residual scal&

n
E.
Zp(%) = (n-pK
. OE
i=1
K = 0.5 ensures consistency at the normal distribution of errors

¥ Although it has a high breakdown point, S-estimation isnOt attractiv
on its own because it has very lovifieiency (approximately 30% of
OLS estimators under the condition of normally distributed errors)

Resistant Regression iR

¥ LTS, LMS and S-estimation can all be done using th&ss library:
e LTS regressionltsreg(y ~ x)
e LMS regressionilmsreg(y ~ x)
e S-estimation:1gs(y ~ x, method = "8")
¥ Although the fitted, residuals, and coefficients functions
work for these objects, many other functions available farobjects
are not available (including the summary function)

¥ In any event, these methods really have limited utility on their own

Combining Resistance andficiency: MM-estimation (1)

¥ MM estimation is perhaps the most commonly employed method
today

¥ OMMOin the name refers to the fact that more than one
M-estimation procedure is used to calculate the bnal estimates

¥ Combine a high breakdown point (50%), bounded infBuence functic
and high éficiency under normal errors=(95%)

Steps to MM-estimation (1)

1. Initial estimates of the coféicients B’ and corresponding residuals
¢!V are taken from a highly resistant robust regression (i.e., a
regression with a breakdown point of 50%)

e Although the estimator must be consistent, it is not necessary that it
is efficient. As a result, S-estimation with Huber or Bisquare weights
is typically employed here

2. The Residualsz!” from the S-estimation stage 1 are used to
compute an M-estimation of the scale of the residuals

3. Finally, the initial estimates of the residual$" from stage 1 and of
the residual scaleg from stage 2 are used to compute a single-ste|

M-estimate 0
n
Ei
OE

i=1

where thew; are typically Huber or bisquare weights. In other words
the M-estimation procedure at this stage needs only a single
iteration of weighted least squares
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MM-estimation inR

> mod5 <- rlm(secpay ~ gini, data=weakliem, method="MM")
> summary (mod5)

Call: rlm(formula = secpay ~ gini, data = weakliem, method = "MM")

Residuals:
Min 1Q Median 3Q Max
-0.097533 -0.023654 0.004203 0.046373 0.578463

Coefficients:

Value Std. Error t value
(Intercept) 0.9546 0.0489 19.5070
gini 0.0046 0.0013 3.5759

Residual standard error: 0.06068 on 24 degrees of freedom
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Comparing the models

Estimate SE t
OLS (with outliers)  -0.0008 0.0029 -0.2630
OLS (no outliers) 0.0050 0.0013 3.7400
M (Huber) 0.0031 0.0015 2.0837
M (bisquare) 0.0044 0.0013 3.4724

MM (Huber) 0.0046 0.0013 3.5759

¥ the M-estimation techniques give very similar estimates to the OLS
with the two inRuential cases deleted

e The MM-estimation is closest

¥ DonOt just bt these models blindly - look at the pattern in the data
and make sure you pick the method that works best
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Comparison Plot of Offerent Models

1.6

—— OLS (with outliers)
--- OLS (no outliers)
°© M (Huber)

--- M (bisquare)
7 ——- MM (Huber)

1.5

1.4

secpay
1.3
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Diagnostics Revisited RR-Plots

¥ A criticism of common measures of inBuence, such as CooksO D i
that they are not robust
e Since their calculation is based on the sample mean and covariance
matrix, they can often miss outliers because of a OmaskifertO
where a group of inBuential points can mask each other
e Partial regression plots can overcome thigegt with respect to
individual codficients, but donOt help detect overall inBuence

¥ RR-plots Oresidual-residualO plots), which plot the residuals from ¢
OLS bt against the residuals from manyfférent robust regressions,
are a solution
o If the OLS assumptions hold perfectly, there will be a perfect positive
relationship, with a slope = 1 (the identity line), between OLS and
the residuals from any robust regression
o If there are outliers, however, the slope will equal a value other than
since the OLS regression will not resist them while the robust
regression will
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RR-Plots

(a) M (Huber) (b) M (Bisquare)

() MM (Huber)
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Roust GLMs

¥ Robust GLMs are useful especially for improvirfiogeency when the
errors are widely spread, but can also limit the impact of outliers

¥ Cantoni and RonchettiOs (2001) robust estimator is a recent
development that uses quasi-likelihood estimation

¥ The estimator follows from M-estimation for a regression, solving:
Y5 = v(Ys WX — a(B)

where
ap) = % ; E[v(yi, W) IwX)W

¥ And the v; and w; are weight functions , with the/; being based on
Huber weights for the residuals (i.e., outlyingness) and thebeing
based on robust distances from the centroid point of tki®s, (i.e.,
on leverage)
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Robust GLM: A Poisson Regression Example

¥ Qutcome variable: number of voluntary associations to which
respondents belong
¥ Explanatory variables:

e Gender (with women as the reference category)
e AGE (in years)
e SESUpper, Middle, Skilled, Unskilled

¥ The goal is to assess the impact on membership of SES
¥ 101l bt both a regular GLM and after some diagnostics, a robust GL
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Robust GLM Example (2)

(Intercept) 0.8433"
(0.0859)
SEXMen —-0.1056*
(0.0494)
AGE —-0.0001
(0.0015)
SESmiddle —-0.1282"
(0.0618)
SESskilled —-0.5883"
(0.0697)
SESunskilled -0.6719*
(0.1031)
N 1000
AIC 3766.8528
BIC 3884.6389
log L —1859.4264

Standard errors in parentheses
* indicates significance at p < 0.05

¥ SES seems to be a strong predictor of Membership
¥ Now, letOs do some diagnostics




Robust GLM Example (3)
> assoc[bigd, ]

ASSOC COUNTRY SEX AGE SES
74 7 Canada Women 36 unskilled
99 7 Canada Women 57 unskilled

676 15 Canada Women 18 unskilled

o )
676 — 676

0.4

I I
0.3

00
- 789 o

0.2

o

cookd(assoc.mod)
DFBetas for Unskilled
o
o

S o o © o o 00
& poPRP & 8 8% IV,
22 o Cor @oaRo 000 O

&'

0.0

SRRt
¥y o8 o o
%% o o0 0

i

o o
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I

T
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Index Index
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Robust GLM Example (4)

¥ The CookOs Ds and DFBetas suggest that there is one observatio
that has unusually high inBuence (676)

¥ This case may beféecting the estimates and/or standard errors, so
we try btting a robust GLM
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Robust GLM Example (5)

¥ Using theglmrob function of the robustbase package, we now
come to the conclusion

> library(robustbase)
> glm2 <- glmrob(ASSOC ~ SEX + AGE + SES, data=assoc, family=poisson(link=log))
> summary (glm2)

Call: glmrob(formula = ASSOC ~ SEX + AGE + SES, family = poisson(link = log),

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

(Intercept) 0.786625 0.095518 8.225 < 2e-16 **x*
SEXMen -0.058482 0.055002 -1.063 0.2877

AGE -0.002138 0.001669 -1.281 0.2002
SESmiddle -0.146813 0.068356 -2.148 0.0317 *
SESskilled -0.556185 0.076265 -7.293 3.04e-13 *x*x*
SESunskilled -0.985988  0.129939 -7.588 3.26e-14 *xx

Signif. codes: O &x**& 0.001 a*x3 0.01 a*& 0.05 4.5 0.1 8 &1
Robustness weights w.r * w.x:
758 weights are "= 1. The remaining 242 ones are summarized as
Min. 1st Qu. Median Mean 3rd Qu. Max.
0.08398 0.49370 0.73350 0.67540 0.90170 0.99800

Number of observations: 1000

Fitted by method aMgled (in 8 iterations) o1 e

Robust GLM Example (6)

¥ Taking the exponent of the
codficients, we see that for
the regular GLM, upper class
workers belong to about twice

GLM Robust GLM

as many organizations as (Intercept)  2.32 219
unskilled workers SEXMen 0.90 0.94
¥ In the robust GLM, we can AGE 1.00 1.00
see that people in the upper  SESmiddle 0.88 0.86
class belong to almost 3 times SESskilled 0.56 0.57
as many organizations as SESunskilled 0.51 0.37

unskilled workers

¥ The large diference suggests

that using the robust GLM is
a good idea
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Summary and Conclusions (1)

¥ Separate points can have strong infduence on statistical models
e Unusual cases can substantially inBuence the bt of the OLS model
cases that are bottoutliers and high leverage exert influence on both
the slopes and intercept of the model
e Qutliers can also cause problems fdfigency

¥ Efforts should brst be made to remedy the problem of unusual cas
before proceeding to robust regression

¥ If robust regression is used, careful attention should be paid to the
model - dfferent procedures can giveffirent answers

o Plots of OLS residuals against robust residuals can be helpful for
detecting problems with the tails of the error distribution

o If there are no problems, the residuals should all be close to perfectl
correlated

53 /54

Summary and Conclusions (2)

¥ MM-estimation is typically the best robust method for the linear
model
¢ Inference from these models is better than OLS in the presence of
ObadO cases, but its standard errors are not reliable in small sample
e This can be overcome by using bootstrapping to obtain new
estimates of the standard errors

¥ Robust regression can also be extended to the GLM

¢ Although these methods are only just beginning to develop, Cantoni
and RonchettiOs (2001) robust estimator appears to be promising

e This method can now be routinely implemented Rusing the
robustbase package
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