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Abs t rac t  

One of the  a,rea~s of Stat is t ics  in ~ hich the  influence a, nalysis has been ~ idely stu.died 
in the  multiple linear regression model. Nevertheless,  the  influence diagnost ics  
propo,sed in th is  context  cannot  be applied to  regression in complex survey, under  
randomized inference, s.ince the  i.i.d, ca.se does not  incorporate  any probabil i ty 

weighting or popula t ion  s t ructure ,  such as clust, ering~ strat i f icat ion or measures  of 
size i~,to the  analysis. 
In th is  paper  we in t roduce  ~)me influence diagnost ics  in regression in complex 
survey, They are buil t  on the  condition.al bias concept  (Moreno-R, ebollo el, a,l,, 

1999). We emphasize  the  similarities an.d differences of t h e  propo.sed measures  
with respect  to  the  exist ing ones for the  i.i,d, case. 
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1 I n t r o d u c t i o n  

An important  aspect in a,ny statistical analysis is the s tudy of the ser~sitivity 
of its conclusions to pert.urbatior~s of tile assumed m o d e l  In general terms. 
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this is the objective of the influence analysis. A large nmnber of papers on 
influence analysis are centered on tile s tudy  of d iagn~t ics  tha t  are intended 

to detect observations impacting notably oil the conclusions, in the sense 
that  its presence or absence can cause a considerable effect on the inference. 
Such observations are known as influential observations. 

Most  influence diagnosties have been developed to the linear regression 
model, under t,he ~sual hypothesis, tha t  from now on, we will calt model- 
based regression. Some classic books on this topic are Belsley et al. (1980), 
Cook and Weisberg (1982) and Chat.re,ice and Hea[i (1988). One could 
think of applying the diagnostics proposed in this context to s tudy the in- 
fluence in regr~sion in complex surveys under design-based inference, that  
from now on we will call design-based regression. Nevertheless, when the 
sample is obtained from. a complex survey the assumed hypotheses in model- 
based regression are not  satisfied. In addition, model-based regression does 
not incorporate any probabil i ty weighting or population structure,  such as 
clustering, stratification or measures of size, into the  analysis. Therefore, 
as Smith (1987) altirms "conventional model-based influence diagnostics 
do not have immediate application to randomization inference for sample 
s u r v e 3  z~ . 

In the context of sampling from finite populations under design-based 
inference, the influence analysis has been scarcely treated. One of the first 
works in this area is tha t  of Smith (1987). Other authors have obtained 
influence diagnostics in survey sampling by applying to this field ideas 
previously employed for the i.i.d, case. In this line we can cite the works 
by ( ;wet  and Rivest (1992), Hulliger (1995), Deville (1999) and Moreno- 
Rebollo et al. (1999). None of these papers deal with influence in design- 
based regression. 

The main purpose of this paper is to propose influence diagnostics in 
design-based re~'ession. 

With  this aim we have organized the paper as follows. In Section 2 we 
consider design-based regression, emphasizing the differences with respect 
to model-based regression. Since most  of the influence measures in m.odel- 
based regTession are flmctioi~s of a measure of leverage and some V p e  of 
residual (see for example Barre t t  and Ling, 1992: Caroni, 1987; Chat tei jee  
and Hadi, 1986), in Section g we introduce analogues of these measures 
for design-based regression. In next section, we will see how the proposed 
diagnostics combine them. 
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By tLsing the concept of conditional bias, Mufloz Pichardo et al. (1995) 
and Mufioz Pichardo et al. (2000) have obtained, in a unified way, a large 
number of model-based influence measures for the general linear model, 
which were previously proposed 1D, several authors, each using a different 
argument. By properly adapt ing the approach followed by these aut, hors 
we introduce influence measures for design-based regression. With  this 
aim, in Section 4 we first calculate the conditional bias for our problem 
and compare the obtained results witch its counterpar t  in model-based rm 
gression. Second, since the conditional bias is a population parameter,  to 
obtain influence measures from it, we need an estimator. V~ consider two 

estimators. Third, as the conditional bias and therefore its estimatioi~s are 
q-vectors, we propose several influence diagnostics by normalizing the esti- 
mators previously considered, so that  the observations can be  ordered in a 
meaningful w~r. 

In Section 5, to ilhLstrate the proposed diagnostics we apply them to 
two examples: mi artificial da ta  set  and a real da ta  set. Finally, the  last 
section summarizes and highlights the contributions of the paper.  

Before ending this section we introduce some notation. Let 
U = {u~,.. . ,  u x }  be a finite population arid let m = {ml ,  ..., mN},  where 
m~ E R~' is the vector of survey variables for the kth population unit, 
k 1 , . . . ,  N.  In the fixed-population, design-based approach to sampling, 
the values {ml ,  ..., r e x }  are viewed as a collection of fixed, unknown con- 
stants. In order to esl~imate a population parameter  0 = 0(m),  the values 
of the variables of interest are observed in a sample s of units selected from 
the population according to a probabiliIs, distribution, P( . ) ,  that  charac- 
terizes a sampling design, D. Atl expectations in this paper are taken with 
re~spect to P(-),  unless we indicate the contrary. Let ~r~. P(u~,, E ,s) and 
~r~j = P(:u.k, u) C ,_s) denote the first mid second order inclusion probabil- 
ities, respectively. Let It:, k 1 , . . . ,  N, be the random va.riables defined 
as I,.(s) = 1 if u~. C ,s mad I~.(,s) = 0 otherwise, and let A,,j = Coy(It., Ij), 
k, j - 1 , . . . ,  N.  Along t, his paper we will assume tha t  rc~ > 0, k - 1 , . . . ,  N. 
Let 2PHr denote the Horvi tz-Thompson (HT) estimator of the population 
total T(rn)  E):--1 hi,:, 

N 

7r k 7r h 

N By simplicity of notation, we denote ~ k = l  by ~ u  and ~ a . G ,  by ~ , .  
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2 R e g r e s s i o n  i n  c o m p l e x  s u r v e y s  

In mode l -based  regression, the  inference is based  on a mode l  tha t  describes 
the  re la t ionship  be tween  the exp lana to ry  variables X1, ..., X q ,  and the  r e  
sponse  variable, Y. In part icular ,  in the  linem" mode l -based  regression, it 
is a s sumed  tha t  Y X 3  + ~, where  Y is an n • 1 vector  of observed  
values, X is an n x q mat r ix  of known values for the  n cases, ./] is a q • 1 
vector  of unknown  pa ramete r s  and ~ is an n x 1 vector  of i.i.d, r a n d o m  
errors having mean  zero and var iance cr 2. In this f ramework,  the  o rd inary  
teast squares  estima.tor of the  parmnete r  vector  .3 is ./~ = ( X t X )  I X ~ y ,  

the  f i t ted v a l u ~  are defined by  .y'i = x~.,~3, with x~ the  i th row of X and 

VarM(.~) a2 ( N i X )  1 where  VarM(-) denotes  the  vm'iance with respec t  

to the  assunted  hypothes is  in mode l -based  regression. 

Next ,  we consider  the  regression p rob lem in complex  survey. In this con- 
text ,  we will deno te  by  z to the  vector  of exp lana to ry  va r i ab l~ .  We assume 
tha t  each popu la t ion  uni t  .u.~, k 1 , 2 , . . .  ,N ,  ha~ associa ted  q +. 1 un- 
known characteristics., m~. = (y~.,z ~)~, , where  z~. = ( z~.l z~.,2 . . .  zk,t )~. 

The  main  objec t ive  of regression in complex surveys is to es t imate  the  r ~  
gression vector,  .3 = ( ,,31 /~ . . .  i3q )~, which is ob ta ined  t, hrough fit t ing 
the  hyperplaxle y b l z  a -[- . . .  -- bqZq to  the  N popu la t ion  points  by memos 
of ord inary  least  squares ,  that. is, 

/~=  arg rain E ( y t ~  - z~b)  2. 
b C R q  

U 

Note  t h a t  we have deno ted  by fl the  regression param.eter in b o t h  contexts.  
a l though its meaning  is different in each case. 

Let  E~ .y~ - z[,.3 denote  the  kth  popular, ion residual.  These  residuals 
sat isfy tha t  2 u  z~,Ej~ O, or equivalently,  T/~ t ,  where  T 2 u  z~.z~. 
and  t =: ~[.: za.yt.. We assume tha t  T is nonsingutar  and  therefore  .,'.~ = 
T - i t .  Since b o t h  T and  t are popu la t ion  totals ,  we can es t imate  t h e m  by 

their  HIT es t imators ,  

1 T = E  1 , 
s s 

So, if T is nonsingular ,  we can consider  the  following es t imator  of ,,3, 
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An a l ternat ive  way to o b t a i n / { ,  is as follows: since 3 = a rgminb  r (b ) ,  
where  r ( b )  Y~'..u(Ya;- z~.b) 2 a popula t ion  total,  we can es t imate  3 by 

mereis of/c~ = a r g m i n b  ?(b) ,  where  ? (b )  = ~.~(ya. z~b)~-JT, is the  HT 

es t imator  of r ( b ) .  Obviously, 9;~* = ,.'3"~, and  therefore,  

1 
~z~ . (y~ .  z[..~;) 1 -  = y z ~ e ~ - -  =: O, 

7rh~ 7r k 
.s 8 

where  e~. ya . -z[ : ,~  denotes  the  k th  sample  r e s idua l  

We remark  t h a t  the  propert ies  of ~,~ are  de t e rmined  by the  probabitit)2 
d is t r ibut ion P( . ) ,  according to which the  sample  is selected, and  those of z~ 
are  de t e rmined  by the  assumed  hypothesis  on the  model.  For example,  3 

is an unbiased es t imator ,  but  in general,  3~ is not  m~ unbiased es t imator ,  
and  their  variances have very different  expressioIls. 

The  influence s t udy  in a s ta t is t ical  ana)ysis can include various aspects.  
We will center  in the  influence s tudy  on ;?~. 

3 L e v e r a g e  and  r e s i d u a l s  

In model -based  regression, t he  i th  sample  un i t  is said to be a high leverage 
point  if the  coefficient, of 9i in the  expression of .~ t 3  = xi.3 , given by lt.~ 

= X~(PnikA-ak=l X/vX[. ) lxi, is large. In o ther  words., the  value of yi dominates  
~/}. Geometr ica l ly  this means tha t  x; is far f rom the  rest of the  xj  in the  
sample,  i.e., xi is an outl ier  in the  space of t he  exp lana tory  variables. 

Analogol~sly, in design-based regression ol~e cem took for those sample  
units  having a large effect in its f i t ted value..Y'.i t S" �9 = zi,3~. If we denote  by 

Y~ = ( . . .  ~...)~.~.~, we have tha t  Y.~ ITI%y~, where  Ii~ = (hl.zj)~0c,, 
t with )~.~j zi. (~.~ ~ -1 �9 = zkz~,/;r~.) z j/Tri. H~ is an i dempo ten t  n • n -ma t r ix  

wi th  rank q, bu t  it is not  a symmet r i c  matr ix ,  in general.  This makes it 
ha rd  to in te rpre t  those points wi th  hi~. large. To facil i tate its in terpre ta t ion ,  
remember  t h a t  i3"~ arg  minb ~.,. (ya, - z~.~ b) 2 --71 arg minb 2 ,  (v/,. -- w2b)  2 , 

1/2 j 1/2 
wi th  v~, y~,/% and  wk z~,/%, , Vk E .~. T h a t  is, the  problem of least. 
squares  es t imat ion  of ,3 in design-based regression is identical  to the  problem 
of least squares es t imat ion  of /~ in model -based  regression, replacing Yi 
by z.'i and  zi by w~. Hence, since V .  = P .V, . ,  where  P .  = (Pij) with 

P.ij = wi ( s  w~.w[.) - I  wj ,  a uni t  in t he  sample,  sin," u~, is a high leverage 
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point if p.i.i is large. Note that. pii = hi~i. Vi C s. The advantage of considering 
P~. instead of H~. is tha t  P~ is a symmetric  idempotent  n x n matrix for any 
sampling ctesiga~. This makes t, he geometric interpretation easy: a large hi~i 
metals that  wi is far from the rest of the wj  in the sample, which implies 
that  z.i is far from the rest of the zj in the sample or that  ~ri is quite less 
thaa  the rest of the ~rj or both. 

Hence~ in desig~l-based regression, the leverage points do not only de-. 
pend on the relative position of the explanatory variables, as it occurs in 
model-based regression, bu t  also on their first order inchzMon probabilities. 
Trivially, if the sampling design is such that  ~ri = c > 0, the  model-based 
leverage points and the design-based leverage points coincide. 

In the model-based context different kind of residuals are employed to 
detect the presence of outtiers with respect t,o regression. Basically, they 
are of two ~ p ~ :  the ordinary residuals, which are the  difference between 
Yi. and .~ and the standardized residual.s, in which each ordinaD, residual 
is divided by a quanti ty that  is proportional to its s tandard  deviation. A 
sample point, say the ith sample point, with a large residual means that  
the behaviour of yi. in relation to x.i is quite different from the rest of the 
sample points. 

Analogot~sly, in design-baaed regr~sion, one can exanfine the residuals: 
e3 either t,he ordinary residuals, ei = pi ~/~: = yi ztfl, ,  or some standardized 

reMduals as 
ei 

Si~ce W,~'(e.~) z ~ W ' ( & ) ~ ,  we, win consider the follo,vi.~ esti~n~,tor of 
Var(~ ) ,  Va.r(~) = ~Var(,,,'~)~.~, and so we ~eed a~ estimator of W.r( /~ ) .  

From t.he first order Taylor's approximation for /?~ around fl, 

/~. ~ .,~ fl + T - l ( t  " -  +fl),  (3.1) 

the following approximation to the variance-, covariance matrix of ):~ is ob- 
tained 

w . G )  ~ Var(/~;) T ~LT ~, 

with 
-v X Et~iE/ 

k : I  j : l  7FA'OYJ Z,%Zj. 
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Assuming ~rh9 > 0, k , j  1 , . . . , N ,  w e  have the following estimator of 

Var(]~,~), (e.g. Sgr'nda[ et aL. 1992, p. 194), 

where 
e~.ej At.A 

E E 7rA.Trj ~r~j 
t~ k, C s ~t,j C,s 

- -  ZA~ Z ~  �9 

Note that the expression of Var(,3A~) is not as simple as Var M (,3). 

4 I n f l u e n c e  d i a g n o s t i c s  f r o m  c o n d i t i o n a l  b i a s  

4 .1  C o n d i t i o n a l  b ias  in s u r v e y  s a m p l i n g :  E s t i m a t i o n  

Given a random sample Y1, -.., Y~, from. a distribution function F.  a statistic: 
R = R(Y1, ..., 7t5~) taxi a sampte realization y~, ..., y,., M.ufloz Pich.ardo et aL 
(1995) define the  conditional bias of 1~ given the ith observation as 

where EF denotes the expectation with respect to the distributioxl F .  By 
using this concept, Mufloz Pichm'do et al. (1995) m~d Mufloz Piehardo et al. 
(20()0) have obtained in a unified way a large nuln]:)er of influence Ineasures 
which were previously proposed by several authors, each using a different 
argument.  

In survey sampling, under design-based inference, ill order to study 
the effect that. the presence of the element ui in the  sample s has on the 
estimator 0" b'(.s), Moreno-Rebollo et al. (1999) define the conditional bias 
of 0"due to the presence of .zt~ (0 < rri < 1) in the sample as 

s(f  1;0  z( 't 1) - E(o). 

S(Ii = 1;0") assesses the variation in tile expected value of 0" under a per- 
turbat ion of the  sampEng design. The perturbat ion consists of restricting 
the sampling design1 to the samples containing .u.~. 

In general, S(Lt 1;0") is a population parameter.  Therefore, to obtain 
influence measures from it we must  est imate it. As Moreno-Rebollo et al. 
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(1999) argue, the  est imation should be carried out  th rough the conditional 
sampling d e i g n ,  given the presence of .~.z in the  sampt% D I.i~ charact,erized 

by the prol)abilit3; function PI;('), defined by PI;@) = P(~) if u..i E s. Pl~z(~s) = 
0, otherwise. The  first, order inclusion probabilities for Di~ are given by 

In particula.r, the conditional bias of THr is (Moreno-Rebollo et al., 
1999) 

/ki~. 
= , = m ~ , .  ( 4 . 1 )  

U 

S i n c e  = is li  ear t h e  o b s e r v e d  v iables i t  c a n  b e  

est imated by its HT est imator  in Dli , 

S H r ( I z  = 1 ; T H r ) =  ~ ;ri~. ;r~. m m k  ' 

N o ~  t h  ~ It S ~  ~ ( [~ : 1 ; r S  T ), like S(-fl = 1; rHI  ~ ) , depends on the sampling 
design through the first and second order inchLsion probabilities. 

For any sampling design of fixed size, r~, and for a.ny est imator  0"(~), 
where the  superscript  (n) means tha t  the est imator  is designed for a sam- 
ple of size r~, Moreno-Rebollo et al. (2002) have proposed the  following 
est imator  of S ( I i  = 1; r 

S~( Ii. 1;0 "(~') ) ( 1 -  ~ri.){0(~")(,s) - P(0 ('s (ui}) 0"(~- ~ > (.~ - {.u.i.}) } 

(4.2) 
where P(.i)(,~ - {u~}) is the probabilibr of selecting the sample  ,~ - {ui.}, 
of size n 1, in the  design of fixed size n 1 on U(O = U {ui}. This 
est imator  can be seen as a finite populat ion version of the sample influence 
curve (Cook and \.~%isberg, 1982, Chapter  3). Its application requires, 
beside, s the first and second order inchs ion  probabilities, knowledge of the  
probabili  V distr ibut ion tha t  defines the  sampling deMgn. 

4.2 C o n d i t i o n a l  b ias  o f /~ r  

In order to interpret  S(I~ 1;/!3~), to compare  it with its counterpar t  in 
model-based regression and to propose an estimator,  we will approximate  
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that 

S(I.i 1; ~ )  T 1 [S(ll 

and since from (4.1) 

= :  = g h' ~ h '  a, l t d  
W :  7Li 7~ h 

S([i. 1" ~ )  by S(Ii. : 1" .~o), w i t h / ~  given by (3.]). Taking into account 

~;~') - s(I~ : 1; 9 ) / ~ ] ,  (4.3) 

Ai~. z~.z~,, (4.4) 
/j 

it is obtained tha t  

S(ii = l;/{~) ~ S(ii = l;/~)) = T_l  ( ~  u Att~ E k z t : )  
7T i 7i- k 

As Er.: E~z~. = O, we also ha.ve the following expression for S(L, = 1; .i!)~) 

S(L 
k W k 7C i 7r k U-{',~J 

(4.5) 

It is interesting to compare S(L = 1; /~)  with its analogous in model- 
based regression, whose expression is (see Muioz  P idmrdo et ~d,. 199.5) 

~ -  x x~, (4.6) 

where ~ E';=I x~• ~d ~.~ ~ - • Comp~m~ (4.~0 a~d (,,;~) we 
observe the following facts: (4.6) depends only on s{, where&s (4.5) is a. 
linear combination of E~.T lzk, k --: 1 ,2 , . . . ,N.  The  coefficients in this 
linear combination are determined by the first and second order inch~sion 
probabilities associated wKh tile sampling design. The term associated 
with u,t in the r ight-hand side of (4.5) is tt~e analogue of (4/~) divided t~, 7r t 
a.nd therefore, this te rm increases as ~ri decreases. The second term in the 
right-hand side of (4.5) can be interpreted as a c, onsequence of the violation 
of tile independence hypottmsis in complex survey, where the  presence of 
an observation in tt~e sample may affect the inclusion probabilities of the 
remaining population units. On the coefficients of Et, T-iz~: in this second 
term, ~,i,.. we observe that: 

'~,i~ is null iff the sampling design is such that the elements u.~. and ~k 

ur cannot appear s imul taneo~ly  in the sample, d ta t  is, iff wit~ O. 
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~'i" is > 1. 1 or < 1 iff A~iA~ is > 0. 0 or < 0, respectively, or 
equivalently, iff the first order inchlsion probability of the  element u.a. 
is greater, equal or smaller, in the  conditional design, given ui, than 
tha t  in the original one. In many sampling designs, A~t. < 0 and in 
these design,s EfT ~z~ dominates S(I~. = 1; /~)  since it has the highest 
weight, becm~se its coefficient is greater than 1 while the coefficient 
of E~.T ~za:, Vk r i, is l~s  than 1. 

As we have seen before, S(L/ 1 ; i~~ ) is a linear combination of E~.T lza~, 
k = 1,2, ..., N, but there is some cases where it only depends on E i T  lzi. 
~\% s~r that  a sampling design is independent  if rci. a, wi ~r~., Vk r i. Ex- 
amples of independent  desiglxs are the Poisson alld the Bernoulli d~igns.  
If a design is independent  then 

s(r  i;#4) 1 zci.E~ T lz~. 
7Q 

Simpte IRandom Sampling ( S R S ( N ,  n)) is not an independent  deMgn, but  
since it satisfies that  a,~, is coI~stant Vk r i. we have tha.t 

7 r  A: t 

N 1 f-EiT lzi 
S(fi = 1 ; .~)  -- N----~ ---7-- 

with f = n / N  the sampling fraction, that  only depends on E~ T-lz. / .  

4.3 E s t i m a t i n g  t h e  c o n d i t i o n a l  bias 

As we have previously indicat~ed, the conditional bias is a population pa- 
rameter  and therefore, to obtain influence diagnostics front it we need an 
estimat~or. In this SeclAon we will consider two estinmtors of S(I.i 1;/~).  

From the approximation (4~ for S(Ii  1, i~)  mid taking into account 
that  the esbimation should be carried out on the conditional sampling de- 
sign, Dli , we first consider the following estimator 

where fi~l~ is the l e ~ t  squares estimator of ,3 in the conditional sampling de-, 

sign, tha t  is, )'."3_ i~ = T~ li~'l~ ~. From (4A) the following alternative expression 
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is ob ta ined  

1 where  c-A.i.i yk- - z~fl~l.i yk - Y~!.i. Tak ing  into accoun t  t h a t  ~.~ %l.iz~ ~,i~ 
= 0, we have t h a t  

Look ing  a t  (4~7) we conc lude  t h a t  S ( I  i. 1 ; ~ )  is a linear comb ina t i on  of 
A 

t e rms  of the  f o r m  e~,limlilz~ where  the  coefficients are l__.~a, F rom (4~8) we 

observe t h a t  S(I~ = 1;./~,) depends  on the  difference /~, -.<~l~, t h a t  is, of 
the  difference be tween  the  es t imators  of fl in the  original  design,  D,  and  in 
the  cond i t iona l  desig~l, given u..i, Di~. This  difference is a n a t o g o ~  to  t h a t  
a p p e a r i n g  in t h e  cas~de le t ion  diagnost ics ,  b u t  while  in the  cas~. delet io~ 
diagnost ics  the  original  e s t ima to r  is c o m p a r e d  wi th  the  one  ob ta ined  by 
o m i t t i n g  ma ot~erva.tion, here  we c o m p a r e  the  original  e s t ima to r  wi th  t h a t  
ob t a ined  t)5; impos ing  t h a t  u~. E s. 

Second,  w h e n  the  s a m p l i n g  de ,  ign is of fixed size, rl., we can cotLMder 
the  e s t ima to r  p r o p o s e d  by Moreno-Rebol lo  et. aL (2002) ill (.4,2), which ilt 
this case equaN 

~;(Ii : 1:/{~) : (1 re.i) { fiA~ (C) -P(0 (s {ui}) [~("~ 1t (s - {'u/}) } 

wi th  

t )'( ) 1 
where  ~r~( ~ 1) represents  the  first o rder  inclusion probabi l i~r  in the  design 

of Gxed size n - 1 on V. Unlike S( I i  : 1" fi~), S( I i  : 1; )~,) cm~ be viewed 
as a case-dele t ion diagnost ic  in survey  sampl ing .  
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To conclude this subsection we give the expressions of the above pro- 
posed estimators in the S/~S(N, n) " 

N r~ ~ 1 (4.9) S(s 1;)~) f( .N 1) e;iiTii "' 

S(I ,  = 1 ; f i~)=  (1 f ) [ . f~(s )  ~{(" 1)(...q {'lti})} . (4.10) 

An alternative expression of (4.1.0) is given by 

S(Ii = 1 ; ) ~ ) -  1 - f  1 ei@ lz~. 
f 1 h. 

Except for the finite population correction factor, f / ( 1  i f ) ,  ~(Zi = 1; i~,) 
coincides with the estimator of tile conditional bias of fl, given Y/. yi, 
p r o p p e d  by Mufioz Pichardo et al. (1995) in model-based regression, whose 
expression is 

i h,~ 

where e~! f Yi.- xlfi and fi(i) is the least squares estimate of fl when the 
i th case is omitted from the study. 

4.4  I n f l u e n c e  d i a g n o s t i c s  From t h e  e s t i m a t i o n  of  t h e  c o n d i t i o n a l  
bias  

Since S(I~ 1;d~), and its e.stimators, are q vectors, a way to obtain 
influence diagnostics is by normalizing the considered estimators, so that  
the observations can be ordered in a meaningful way. One of the methods 
to carry out this norma.liza.tion, which is commonly used in lnodel-b~ed 
regression, is through a seminorm as (e.g. Chatterjee and Hadi, 1986) 

x t M x  2 
IlXHM, , - 

for appropriate choices of M a.nd c, where M is a. positive semidefinite 
q • qz-nmtrix and c E R is a positive constant. A large value of IIS~/i 
= 1; fl~)IIM,~: indicates that  t h e / t h  observation he~s a high influence on /t~ 

relative to M and c. A similar interpretation applies to [l S'(/; = 1; G )l]M,c. 
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Several influence diagi2ostics have ~ been proposed in model-based r~  
gression normalizing f l -  fl(i), where fl(i) is the  least square est imator of fl 
obtained by omitt ing the ith otaserva~ion, 

.,:~"(i) : arg n}in ~ (y~. x~b)2  

considering M = X e X  = T, or the analogam of this matrix in the reduced 
sample, and c an estimator of <r e front the whole smnpte or under the 
omission. A justifica.don to tiffs choice of M and c is found in the fact that  

-: (X'X) 
By analogy, we can define influence diagnostics in design-based regres- 

sio{~ following this procedure b52 considering for example M = {Var(fl ,)} -~ 
= T L - 1 T a n d c = l  o r M = T  a n d c = c i  o r c = c ~ , w h e r e  

1 e 2 1 e~.li 
c , -  - ~ ~--5' and c ~ -  - - ~  

n q .. 7r A, n - q  =- 7rk{ i 

The reason for these choices of the co~tstant c is that,  as said before, in 
model-based regression a common choice of c is an estimator of Cz. Al- 
though the varimme ~ does not have an a.naiogous in de~sign-ba,~ed regres- 

sion, we can construct  analog~les of some of its estimators as fotlows. An 
unbiased e~stimator of cr 2 is 

�9 ~ -2  1 

n - q 

where 

b 
k=l ~=1 

Taking into account that  s argminb E~(Y~, -- z~b) 2 1 �9 a; 77, the mm,togue of 
SC~. in design-b~sed regression cmt be taken SC~, where 

k "R'h 

which jl~stifies the choice of c = q .  Another usual choice of c ill rnodel- 
be~sed regression is 

1 

('~) n - q 
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where 
T/, 

= - x ~ , d ( ~ )  . 

k 1 

If instead of considering the omission we consider the conditional design 

DI~ ~ (recall the discussion oil expression (4.~)) and reasoning as before we 
obtain c2. 

Other choices of M are possible. Table 1 displays several influence 
diagnostics obtained for different choices of M a M  c = 1. 

Table l: Inflnence diagnostics obtained for diftbrent choices of M and c = 1 

�9 )]iM,I 

M ~  = T I ~ T - ~ T I ~ ,  

Ma 

7F k 7i" k 

- - 

�9 ~ ~: C * 7 f ' .k  7 T j  

~ ~.: C .~ 

�9 ~%: C * 71" k 7T j  

. . j  G ,  

~ k ~ ,s 7i" k 7F j  

For the choices of M in Table 1, all the obtained influence diag~losties 
depend on the differences between the fitted values in the original design 
and in the conditional design, ~: - -Y'~'i~' or equivalently, on the residuals, 

e~. e<~t, oil the elenlents of the matrix I~ a t d  oil the first and second 
order inclusion probabilities. In general, the expressim~s of the resultant 
diagnostics are more complex than the ones obtained in model-based re- 
gression. This is a consequence of the relations of dependence among the 
observations in each context.. 
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The  diagamstic II~,(I.i = 1;/3".~)11~,~:~ is formally t he  s imples t  one and it 
is interest ing to compare  it wi th  Cook ' s  distanc% proposed  by  Cook (1977) 

as an influence diagnostic  in mode l -based  regression, given by  

q 8  2 
(4.11) 

Cook 's  d is tance  is p ropor t iona l  to the  eucl idean norm of (Y - ~>(0)' while 

HS(J~i 1; }~-r) ~V[1,ct is p ropor t iona l  to the  n o r m  of (5( - ~>l,) with respec t  

to  t he  diagonal  mat r ix  d i a g ( . . .  ~r[ i . . .  }, t ha t  is, while the  d i a g n ~ t i c  (4.11) 

gives the  same impor tance  to all observat ions ,  in tl ~'(Li 1; the  
weight of each observat ion  is inversely p ropor t iona l  to  its first order inch.> 

sion probabil i~/ .  

Anatogo~My, in~ll.lence nleas t l res  can be  defined front S(T i  = 1 ; /~ ) .  

4.5 SRS and i n d e p e n d e n t  designs 

The  general i ty  of the  expressions in Table  1 makers hard  its in terpreta-  
tion. In this subsec t ion  we evaluate  them in some par t icu lar  designs: the  
S R S ( N , n )  mid independen t  designs. Each of t hem has a character is t ic  
in c o m m o n  wi th  the  i.i.d, case: in a S R S  the  variables Li are  identically 
d i s t r ibu ted  and  in the  case of an independen t  design they are  independent .  

The  results in Table  2 are ob t a ined  from the  exp r~s ions  of S ( I i  =: 1; i~,) 
in a SRS and in the  independen t  designs, given by (4.9) for a SRS and by 

1 ; ; % )  - 

for independen t  designs, and taking into account  t ha t  in a SRS: ei, ii 

N-.,,.)~ and  Ti~lz  i = ,,.-1 --i--I T lz~, and tha.t for • .e. where  gii = N 1-m,, 1 gii '~~ ~ 1 gii ' 

i ndependen t  desi~ls :  eil~ = ~. ~ '~' Ii z~ 

1 @ 1 Zi" 
1 -- 7qi 

In the  c ~ e  of a SRS the diagnost ics  t~ssociated wi th  the  matr ices  M 1 ,  
M e  and  Ma,  except  for a cons tan t  factor,  can be  expressed  ~s a p r o d u c t  
of the  form @(g,i,i)ef j = 1 ,2 ,3 ,  wi th  d i ( x )  = :~ The  funct ions  

gj(o.), J = 1,2 ,3 ,  are increasing in g~ since ,q~.~ < [0,1] and t hey  also 
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TM)Ie 2: Infl,ence dia.gnostics in SRS(N,  n) and independent designs 

, M : . I  

S RS In d e p e n d e n t  

M1 

M2 

M~ 

M4 

( N - n )  ,9~.i ,. 

(N n)(n 1) cCz~i , 

(N n)(n 1) ~ gii 
iN" -T)~7 ~ ( 1  --~]i.i) 4e~ 

( N -  n) 2 1 2' ~ 1 

(N 1)2f2 (1. g~) 2e i z iL l i  Zi, 

] --TO i Tii 2 

~-~ (i -7~.)  ~-~ 

Tii 2 
~ri ( 1 - -  ' e i  Ti i )  3 

1 ~ri Tii 2 

~ (1 ~..) 4~~ 

(1 - 7r,i) 2 1 

sa.tist~, ~ t h a t  dl < ds <. da. Therefore ,  we cam conc lude  t h a t  in these  th ree  
eases the  inf luence diagnost ics  are nml t ip t ica t ive  funct ions  of a measu re  of 

leverage and  of the  residual  e~, and  they  differ in the  im p ac t  of the  leverage 

on the  diagnostic,  since d I < d 2 < d 3. 

In t he  case of an i n d e p e n d e n t  design the  influence measures  ob ta ined  

front  M1 M2 and  Ma ,  ema be  expressed as I ~,,. dj (Ti~)e~. T h e  same eom- 

men t  as before  can be  done  on dj@;~t),j = 1 2,3,  since ri~i C [0, 1]. The re -  

fore, in this ease the  inf luence diagnostics associa ted wi th  M 1 ,  M s  an d  Ma  
are  mul t ip t ica t ive  funct ions  of a measu re  of leverage, the  residual  e~ and  of 

a decreas ing func t ion  in ~i, 1 '~-----: 
7ri 

5 Examples 

~,~ presen t  two examples  to  i l lus t ra te  the  p roposed  diagnostics.  T h e  first 

one is an  artificial  b ivar ia te  d a t a  set, where  it  is easy to ident i fy  influential  
cases, f rom the  mode l -based  point  of view, in a s ca t t e r  plot .  Th i s  will 

allow us to o t~erve  t he  differences be tween mode l -based  diagnost ics  and  
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the design-based diagnostics proposed in this paper. The second exanp le  
is a real data  set. 

5 . 1  A r t i f i c i a l  d a t a  s e t  

~'~,~ have generated an artificial population of size N = 250. The vector 
of survey variables is m~ = (y~.,1,zk.) ~, k =. 1 , . . . ,N.  To estimate 9, the 
regression parameter  of y on the explanatory variables, we have selected 
a sample of size n 50 front the populat ion according to an inclusion 

probabilib,  proportional to size design, constructed by- Sampford's  method,  
(Sampford, 1967). The sample data  are given in Table 3. 

Table  3: Artif icial  da:t;a set: (y) response  varia,ble, (z) exp lmmtory  vari 
able,  (~r~ -1) hlverse of the  first order inclusion probabi l i ty  

Case y z 7r i ~ Ca.~ y z ~ri I 

i 161,01 30,01 3,50 26 113,06 12,58 5,61 

2 120,07 15,02 5,25 27 128,96 17,82 4,88 

3 129,94 17,95 4,85 28 129,58 17,92 4,90 

4 122,68 15,89 5,14 29 123,7 16,45 5,09 

5 89.72 3,89 7,39 30 137,,35 21~05 4f i8  

6 134,11 19,71 4,70 31 107,51 10,59 5,85 

7 127 30,95 5,11 ;32 115,7;3 13,62 5,44 

8 134,86 19,85 4,64 33 141 22,22 4,47 

9 137,99 20,23 4,58 34 139,38 21,44 4,52 

10 117,35 14,35 5 ,;35 35 137,45 20,72 4,61 

11 79,92 17,06 7,87 36 127,05 3,25 4,78 

12 131~67 19,07 4,75 37 120,91 15,7 5,25 

13 119,66 15,46 5,24 38 121,4 15,9 5,20 

14 117,62 14,6 5,35 39 117,82 13,88 5/39 

15 12:3,17 16,19 5,10 40 143,95 2:3,16 4,40 

16 123.24 15,85 5,13 41 1:35 19.75 4 ~63 

l i  139,54 21,18 4.53 42 140,01 22,79 4~13 

18 124,64 16,67 5,03 43 126,48 17,08 4,98 

19 109.42 11,3 5,74 44 135,96 20,54 4,66 

20 129,09 18,03 4,91 45 112,31 12,26 5,59 

21 119,14 15,34 5,28 46 165.41 17,06 3,82 

22 122,25 15,56 5,17 47 120,02 15.21 5,25 

( Continued on n e x t  pa,ge) 
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Case y 

23 131,53 

24 125,51 

25 129,71 

(TM)]e 3. C.!on~inued ti'om previous page)  
- 1  - - I  

18,73 4.81 48 124,88 16,77 5,023 

16,64 5,01 49 134,27 19,62 4,69 

18,48 4,85 5(1 107,78 11,44 5,82 
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F(g~lre 1: Arti[~ciM data set (in graphics ~ ("b)-~ (d.), horizontal axis: casesJ 

The a,uxitiary wr iab le  is a, pproxima,tdy proportionM to y, mid so from 
F i g u r e  l ( a )  we can  ge t  a n  i d e a  of t h e  f i rs t  o r d e r  i n c l u s i o n  p r o b a b i l i t i e s  of 
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the sample units. Nevertheless, the vahes  of 1/~A~, A: c s, are displayed in 
Figure 1.(b). 

Looking at Figure l(a.) we see there are six cases t.ha.t~ from the model- 
based point  of view, should be  considered as influentiah cases i and 5 
because they are leverage; cases 11 and 46 beea.t~se the); have a large resid- 
ual; and cases 7 and 36 because they are leverage and they also have large 
residuals. 
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(1) V e r t i c a l  ax i s :  c2 

Next  we examine  the  da t a  front the  design-based point  of view. Fig- 
ure 1 (c) displays the values hd~,- Looking at  it, we cm~ clearly see the  effect 

of the design: a l though  in model -based  context  cases 1 and  5 bo th  have at- 
most  the  same h~i, here case 5 is more leverage than  case 1. This  difference 
is due to the  fact  t h a t  ~r: is ranch bigger t h a n  ~rs, as it  can be seen from 

Figure 1 (17). Case+s 7 and  36 have similar  blii because they  have similar  ?:,i. 
2 Figure t.(d) shows ey, i ~ ~s. We observe t h a t  the relative posit ions of e~, 

i E ,~. are quilce similar to those thai: would be obta ined  in model-based 
regression. 
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2 Figalr~s t (c ) - l ( .k)d isp lay  the values of II (z  = 1;,,,~)11~ .... for (M,c)  
( M 1 , c l ) ,  ( M 1 , c ) )  , (M2,Cl)  , (M2,c2)  , (M3,Cl)  , (M,3,c2) , ( M 4 , ] ) ,  re-, 

spectivety. All the  diagnostics declare cases 7 and  36 as highly influential, 

5 a~ a m o d e r a t e  influentia.t case and  cases ] and  46 as tow influential.  Case 

11 is classified as high influential by some measures  and  as m o d e r a t e  influ- 

ential by  others.  Looking  at. Figures l ( e ) - l ( j )  we observe t h a t  the relative 

posi t ion of case 11 depends  on the cons tan t  be ing considered,  whose values 

are shown in F igure  1(1.). 

5.2 Rea l  data set 

In this subsec t ion  we present  an example  wi th  real da ta .  T h e  considered 

popu la t ion  consists of those towns of Anda luc fa  (a region in the sou th  

of Spain) with a number of residents (/~) in the interval [200, 25000] and 
with electric energy consumption (/~C) less than 150000 megawa.tts per 
hour. The  population size is N 708. The  response variable (y) is the 
declared net rents in the I R P F  tax and the explanatory variables are EC 
and the number  of enterprises (NE). All da ta  are referred to 1999 and 
they have been obtained in June  2003 from uuu.junr 
institut odeestadistica. 

\~'% have selected a sample  accord ing  to a p ropor t iona l  p robab i l i ty  ag- 

grega ted  size sampl ing  (PPAS) (Hedaya t  and  Sinha, 1991, C h a p t e r  6), wi th  

sample  size n : 120 and  size variable R.  T h e  sample  d a t a  are  given in Ta- 

ble 4. 

Table 4; Real data ~et: (tRPF.) declared rent in tile IRPF ta,x, (E.C.) 
electric energy consum, (NE)m.unber of enterprises, (%. ')inverse of the 
first order inclusion, probability 

Case IRPF NE EC'. ~r~- i Ca,~ 

1 46834.23 869 41,98 5,78 61 

2 3465,56 86 2,47 5,93 62 

3 23352,40 870 15:73 5,85 63 

4 401,15 7 0,21 5,94 64 

5 8040,56 217 5,74 5,91 65 

6 283,11 22' 0,57 5.94 66 

7 1324,23 49 1,29 5,93 67 

8 45624,34 1071  35,61 5,81 68 

IRPF 

43914.55 

543,71 

5982,06 

19514,45 

7451,36 

309,99 

313()g)8 

4356,83 

- I  NE EC ~r i 

1140 49,48 5,77 

15 0,36 5,94 

106 5,62 5,92 

215 89,11 5,89 

157 7,29 5,90 

9 0,31 5,94 

129 2,71 5,92 

167 2,53 5,92 

( C o n t h m e d  o n  n e x t  page) 
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C~tso 

9 

10 

11 

12 

13 

14 

15 

16 

17 

18 

19 

2O 

21 

22 

23 

24 

25 

26 

27 

28 

29 

30 

31 

32 

33 

34 

35 

36 

37 

38 

39 

40 

41 

42 

43 

I R P F  

740,48 

969,55 

16195,34 

587.47 

13770,91 

538,35 

1403,62 

543,12 

4588,40 

6405,2.4 

2867,04 

4353,15 

13924,62 

7198,2.9 

6059,60 

6791,,2.5 

10411,80 

1223,17 

6884,40 

26517,41 

1052,95 

12300,25 

12196,74 

19514,96 

9299,04 

1321,09 

22569,06 

1194,76 

12680,60 

2115,23 

3846,65 

2436:69 

3698,84 

1327,09 

511,02 

NE EC 

27 1,66 

26 0,66 

532 18,27 

16 0,75 

638 17,80 

13 0,30 

63 0,93 

16 0,56 

113 3,64 

17.5 6,17 

82 4,60 

131 3,79 

320 7,86 

153 12,93 

127 4,69 

223 5,71 

292 13,66 

52. 0,81 

167 6,9;5 

600 14,36 

31 1,02 

278 7,21 

323 1,47 

463 19,68 

207 10,03 

36 1,26 

;594 15,87 

18 0,85 

246 12,{)1 

64 1,65 

68 3,32 

46 1~97 

47 2,38 

39 1,46 

27 0,41 

T~.ble 4. 

5,94 69 

5,94 70 

5,88 71 

5,94 72 

5,89 73 

5,94 74 

5,93 75 

5,94 76 

5,92 77 

5,89 78 

5,92 79 

5,92 8(} 

5,88 81 

5,90 82 

5,92 83 

5,90 84 

5,90 85 

5,93 86 

5,92 87 

5,85 88 

5,94 89 

5,89 90 

5,88 91 

5,87 92 

5,91 93 

5,93 94 

5,85 95 

5,93 96 

5,90 97 

5,92 98 

5,93 99 

5,93 100 

5,93 101 

5,94 102 

5,94 103 

Contimte(t  

I R P F  

19766,19 

550,74 

1419,41 

3100,63 

5124.90 

4908,71 

7137,12 

1400,73 

11886,29 

1326,76 

:38510,94 

20378,80 

23885,65 

3989,03 

22439.52 

4806,47 

13972,06 

19243,33 

2026,98 

8489,40 

13366,76 

7056,72 

588,59 

2308,24 

4218,(}2 

8815,19 

1864,71 

806,89 

1592,17 

333,48 

1790,37 

1078,20 

17781,31 

4023,17 

6669.54 

from previous page) 
- - i  NE. EC % 

429 10,90 5.87 

41 0,40 5,94 

39 1,53 5,9:3 

73 1,79 5,93 

105 4.86 5,91 

130 4,72 5,91 

100 7fi1 5,92 

51 1,28 5,93 

232 6,35 5,89 

23 3,45 5,93 

730 37,78 5,85 

411 17,23 5,87 

570 90,29 5,86 

79 3,14 5,92 

452 12,94 5,87 

154 2~99 5,92 

285 9,78 5,88 

4;36 14,57 5,87 

48 1,21 5,98 

210 25,77 5,91 

244 8,74 5,89 

;327 5,33 5,90 

25 0,46 5,94 

52 1fi6 5,92 

212 4,19 5,92 

96 2,64 5,92 

36 0,66 5,98 

18 0,34 5,94 

62 i ,94 5,93 

17 0,33 5,94 

35 0,80 5,93 

41 0,70 5,93 

509 20,93 5,89 

105 2,28 5,92 

201 11,41 5,91 

(Cont inued on n e w  p a g e )  
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C'.a.se 

44 

45 

46 

47 

48 

49 

50 

51 

52 

53 

54 

55  

56 

57 

58 

59 

60 

tR.PF 

20034,16 

1167,20 

1719,16 

439,13 

1149,18 

13892,28 

1245,35 

1326,48 

5071,14 

1030,14 

1288,60 

2880,97 

38653,80 

11546,40 

2985,25 

3215,96 

7573,28 

( TaMe 4. 

NE EC cry- z Ca.,~ 

46:) 18,98 5.84 1(14 

;31 2,94 5,93 105 

73 1,48 5,93 106 

15 0,34 5,94 107 

15 1,57 5,94 1(18 

266 9.02 5,87 1(19 

101 2,83 5,93 110 

55 1,13 5,93 iii 

13:~ 3,00 5,92 112 

52 0,98 5,93 113 

37 0,99 5,9:3 114 

94 26,13 5,93 115 

763 41,87 5,83 116 

347 6,69 5,89 117 

100 3,82 5,92 118 

140 2,25 5,93 119 

164 6,87 5,91 120 

Continued fl'om previo~zs page) 

tR.PF 

3918,81 

9830,35 

29960,62 

17764,23 

4683,51 

11784,68 

59513,90 

3437,31 

37369,30 

57676,56 

10523,87 

4334,25 

4868,20 

7148,44 

56046,67 

16947~18 

10837,65 

-1 NE EC ~r~ 

126 22,39 5,91 

254 6,74 5,90 

499 15,50 5,82 

526 15,35 5,86 

125 3,28 5,92 

281 9,11 5,89 

1292 40,89 5,72 

80 1,92 5,93 

216 15,27 5,89 

555 18,26 5,85 

25',3 12,27 5,90 

91 3.09 5,92 

146 3,8(I 5,92 

163 4,47 5,91 

1016 74.24 5,75 

427 21,94 5,86 

410 13,74 5,88 

F igu re s  2(a)  a n d  2(b)  d i sp l a y  h,.~.~ a n d  s~, i E .s, respec t ive ly .  L o o k i n g  

a t  t he se  f igures  we c o n c l u d e  t h a t  cases  64 a n d  81 a r e  h igh  leverage  po in t s  

a n d  c ~ e s  1, 3, 8, 61, 110 a n d  118 h a v e  m o d e r a t e  leverage;  cases 112 a n d  

113 have  l a rge  residuaks a n d  cases 3, 13, 61, 81 a n d  106 have  m o d e r a t e  

res idua ls .  

F igm 'es  2(c)  2(i) d i sp l a y  t h e  values  of  IIS(/~i 1" )~ )  ~,~, fox" ( M , c )  

= ( M l , c l ) ,  ( M I , e 2 ) ,  ( M ~ , c l ) ,  ( M 2 , c 2 ) ,  ( M 3 , c l ) ,  ( M 3 , c 2 ) ,  ( M 4 , 1 ) ,  re- 

spec t ive ly .  All  t he  c o n s i d e r e d  d i a gnos t i c s  dec la re  c ~ e  81 as h i g h  inf luent ia l .  

L o o k i n g  a t  F igu re s  2 ( c ) - 2 ( h )  we  see t h a t  w h e n  c = c2 t he  in f luence  of  case  

113 increases .  Th i s  is d u e  t o  t he  va lue  of  c~ for this  case, as can  b e  seen 

f r o m  F i g u r e  2(j) .  As  in  t he  ar t i f ic ia l  d a t a  se t  example ,  t he  m a t r i c e s  M 1 ,  

M 2  a n d  M 3  give s imi la r  resul ts .  T h e  m a t r i x  M 4  o n l y  changes  t h e  re la t ive  

p o s i t i o n  of ca~e 113. 

For  a P P A S  s a m p l i n g  we have  t h a t  

R., { IlR, } I .11 
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Fig,ure 2: Rea.i da.:a set (in ai1 ,~ra.pllics, horizontal axis: ca,se~s) 

where ~.(/~) is the sample total  and T(/~) is the popula t ion total. Since 
for this sa.:rlpling (5.1l) is known, in this example we can also compute  
S'(I~ 1;/3~) and obtain influence measures from it. We have calcu- 

= f~ :a.ted IIS'<I~ 1; .~,)ll~:.,: for the values of (M,c)  previously considered. 

Compar ing  tl~v(Ii, 1;.~,)11~,~: with II~Qh. 1;,~) ~ c we observe tha t  

the  influence diagnostics obtained from S(Zi = 1; ~!{,) increase the relative 
posit ion of ca~e 113, for all the  co:~sidered choices of (M, c). To illustrate 
t h i s .  s e e  F i g u r ~  2(~.') a n d  2 (k ) .  
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Figm'e 2 (contim~atio~): Real data set 

6 C o n c l u s i o n s  

In  this p a p e r  we have  def ined some  influence measu re s  in des ign-based  

regression,  a rea  in which  the  inf luence analys is  h a  been  scarce ly  t r ea ted .  

Fi rs t ,  we i n t r o d u c e  the  ana logues  of leverage  m~d res iduals  for desig~- 

based  regression.  In  pa r t i cu l a r ,  we obse rve  t h a t  in des ign-based  regression,  

the  leverage  poin ts  do no t  only  d e p e n d  on t h e  re la t ive  pos i t ion  of the  ex- 
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Figm'e 2 (cor~tintmtion): Rea.i da.ta set 

planatory vm'iables, as it occurs in model-based regression, bu t  also on their 
first order inclusion probabilities. 

The diagnostics tha t  we propose are built  by normalizing the condi- 
tional bias (Moreno-R.ebollo e:t al., 1999) of ,3,~. the usual estimator of the 
regression parameter  in design-based re~'ession. The resultant diagnos- 
tics are compared with their counterpar t  in model-based regression. From 
this comparison we observe that  the proposed diagnostics depend on the 
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residuals and leverage, like most model-based regression influence measures. 
However, in design-based regression, the diagaaosties also depend on the first 
and second order probabilities associated with the sampling design. That  
is, the proposed diagnostics incorporate probability weighting, population 
structure or measures of size into the analysis. The results obtained show 
clearly what Smith (1987) asserts "~'conventional model-based influence di- 
agnostics do not have immediate application to randomization inference for 
sample surve}/". 
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