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             Variable sc reening is o f f un dame ntal impo rtance in linear regressio n mo de ls wh en th e num be r of

           p re d i c t o rs f a r e x c e e d s t h e n u m b e r o f o b s e r v at i o n s . M u l t ic o  l l in e a r it y i s a c o m m o n p h e n o m e n o n

            in high - dim e ns ion al setting s, in w hic h two o r mo re pred ic tor v ariable s are hig hly co rrelated ,

          lead in g to t he no to riou s d if f ic ulty f o r high - d ime ns io na l va riable s c reen ing . S u re in d e p en d e n c e

             s c r e e ni n g (S IS) proce dure can g reatly reduc e the d imension ality, b ut it may break dow n whe n

             t he p re d i c to rs a re h i g h ly c o r re la te d . B y c o m b in g t h e f a c t o r m o de l li n g w i th S I S , t h e p r o f i le d

         in d e p e nd e n c e s c re e n in g ( PI S ) a p p ro a c h w a s p ro p o s e d . H o w e v e r, u n d e r a s p ik e d p o p u la t io n m o d e l,

              the prof ile d pre dictors c ould no t be gu arante ed to be unco rrelate d and PIS may th eref ore be

              mis lead ing . Inste ad o f assu min g eith er the p redic to rs are u nc o rr elated as in SIS o r th e prof ile d

              predicto rs are unco rrelated as in PIS , a mo re g ene ral and c halleng ing scenario is c onsidered in

            w hic h the p redic to rs ca n b e hig hly c o rr elated . A so - c alle d p rec on ditio n ed PIS (PPIS) me tho d

           i s p ro p o s e d t h at p ro d u c e s a s y m p to t ic a ll y u n c o rre l at e d p ro f i le d p re d ic t o rs a n d t hu s l e ad s t o

            c o n s i s t e n t m o d e l s e l e c t io n r e s u lt s u n d e r a s p i ke d p o p u l a ti o n m o d e l . C o m p a re d w i t h P IS , t h e

            propo se d meth od c ou ld h andle th e co mp lex multico llinearit y cas e, suc h as a s piked p op ulation

             mo de l w ith a s lo w s pe c trum de c ay o f p o pu latio n c ov arianc e m atrix, w h ile ke ep ing the c alc ulatio n

             sim ple . The prom isin g p e rfo rmanc e o f the p rop o se d PPIS meth o d w ill be illustrated via e xten siv e

     simulation studies and two real examples.
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 1 I N T R O D U C T I O N

                     Exp lo ring th e relatio n sh ip b etw e e n th e res po n se and so m e p redic to rs in a lin ear mo de l is an imp o rtant to p ic in statis tic s. Rap id adv an c es in

                 co m pu tin g po w e r a nd o the r m o de rn tec hn olo g ie s drive b ig da ta co llec tio n s acro ss m any s c ien tif ic dis c iplin e s (e. g . , g en o mic s , f un c tio nal mag n etic

                  re s o n a n c e i m a g in g , t o m o g r a p h y , f i n a n c e , a n d c h e m o m e t ri c s ) i n w h i c h t h e p r e d ic t o r d i m e n s io n s a re s u b s t a n t ia l ly l ar g e r t h a n t h e s a m p l e s i ze s . I n

                   the se s ettin g s, th e c lass ic al o  r d i n a r y l e a s t s q u a r e s e stim ate is no lon g er ap p lica ble , an d dif f ic ultie s are en c ou n tered in e stim atin g the regres sio n

                      c o e f f  i c i e n t v e c t o r in l in e a r m o d e ls . O v e r t h e l a s t tw  o d e c a d e s , v a ri o u s a p p ro a c h e s h a v e b e e n p ro p o s e d t o t a c k le t h i s is s u e , a n d t h e y a re m a i n ly

                      bu ilt on th e p remise that the nu mb er of th e v ariables th at ac tually c o n tribute to the res po n se is relativ e ly sm all altho ug h the pred ic tor dime ns io n

                  i s h i g h . V a r io u s p e n a l iz a t io n m e t h o d s h a v e b e e n p ro p  o s e d t o s i m u lt a n e o u s ly p e r f o rm m o d e l s e l e c ti o n a n d p a ra m e t e r e s ti m a ti o n ; s e e , f o r e x a m p le ,

                        t h e l a s s o ( T ib s h i ra n i , 1 9 9 6 ; Z h a o & Y u , 2 0 0 6 ), t h e s m o o t h l y c l i p p e d a b s o l u t e d e v i a ti o n ( F a n & L i , 2 0 0 1 ; F a n & P e n g , 2 0 0 4 ) , t h e e l a s t ic n e t ( F u

                         e t a l . , 2 0 1 1 ; Zo u & H a s t i e , 2 0 0 5 ), t h e a d a p t i v e l a s s o ( Zo u , 2 0 0 6 ) , a n d t h e ad a p t i v e e l a s t ic n e t ( Z o u & Z h a n g , 2 0 0 9 ) . A d r a w b a c k o f t h e s e m e th o  d s

                     e x c e p t l a s s o i s t h a t th e c o n s i s te n c  y p r o p e rt y f o r m o d e l s e l e c t i o n m a y n o t b e g  u a r an t e e d i f t h e p re d i c t o r d i m e n s io n ( v a s tl y ) o u t n u m b e rs t h e s a m p l e

                  s i z e (Z h a o & Y u , 2 0 0 6 ). F u r t h e rm o re , t h e y a r e c o m p u t a t io n a l ly e x t re m e l y i n t e n s iv e f o r h i g h - d i m e n s i o n a l s e t t i n g s . S o m e re c e n t w o r k s s o u g h t t o

                    redu ce the h ig h dim en sio n ality rapid ly be f o re p e rfo rming a ref in ed a naly sis . T he s u re i nd e p e n de n c e s c re e n i ng ( S IS ; F a n & L v , 2 0 0 8 ), a d i m e n s i o n

                    reduc tio n pro cedure that sc reen s th e marginal c orrelations to determine w hich variable s shou ld re main in the mod el, is sh ow n to po sse ss th e

                      s u re s c r e e n i n g p ro p e r t y a n d i s c o m p u t a ti o n a l ly v e r y s i m p l e ( Fa n & L v , 2 0 0 8 ; F a n e t a l . , 2 0 0 9 ; F a n & S o n g , 2 0 1 0 ) . A l te r n at i v e s c re e n i n g m e t h o d s

                    u s i n g n e w m e a s u re s o f a s s o c i a t io n b e t w e e n e a c h v a ri ab l e a n d t h e re s p o n s e h a v e b e e n p r o p o s e d a n d c a re f u l l y s t u d ie d , i n c lu d i n g b u t n o t l im i t e d

                          t o C h o a n d F r y z le w i c z ( 2 0 1 2 ), H u a n g , X u , a n d L i a n g ( 2 0 1 2 ), J i a n d J i n ( 2 0 1 2 ), G . L i , P e n g , Z h a n g , a n d Z h u ( 2 0 1 2 ), R . L i , Z h o n g , a n d Z h u ( 2 0 1 2 ),

                W a n g ( 2 0 1 2 ), W a n g a n d L e n g (2 0 1 6 ) , W i t te n a n d T i b s h i ra n i ( 2 0 0 9 ), a n d Zh u , L i , L i , a n d Z h u (2 0 1 1 ) .
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   2 o f 1 1 ZHA O ET AL.

                  FIGURE 1 H e a t m ap s o f t h e a b s o lu te c o rre l at i o n m a tri c e s c o r re sp o n d i ng t o th e s o f t- t h re s h o ld e d c o v a ri an c e m at ri x e s ti m at o rs (Ro t h m an e t a l.  ,

                      2 0 0 9 ) u s i n g t h e g a s o li n e d a t as e t . T h e l e f t p a n e l i s t h e ab s o l u te c o rr e la t i o n m a t ri x o f t h e 4 0 1 - d i m e n s i o n a l p r e d ic t o r s . T h e m i d d le p a n e l i s t h a t o f

                    t he p ro f i le d p re d ic t o rs f o r p r o f il e d i n de p e n d e n c e s c re e n in g (P IS ). T h e ri g h t p a n e l i s t h at o f th e p ro f i le d p re d ic t o rs f o r p r ec o n d i ti o ne d P IS (P PI S )

                   M u l ti c o l l in e a ri t y i s a n o t o ri o u s a n d f r e q u e n t ly e n c o u n t e re d p h e n o m e n o n i n h i g h - d i m e n s io n a l d a ta a n al y s i s ( F a n e t a l. , 2 0 0 9 ; Y u , Ji a n g , & L a n d ,

                      2 0 1 5 ). I t u s u a l ly re f e r s t o d e s i g n s i n w h i c h t w o o r m o r e p r e d ic t o r s a r e s t ro n g l y c o r re l at e d a n d t y p i c a l ly p o s s e s s a l a te n t f a c t o r s t ru c t u r e . F o r

                     exa mp le, th e g aso lin e da tase t that m otiv ate s this stu dy c o n sists o f 6 0 sam p les w ith the o cta ne n um be r b ein g th e res po n se v ariable and the

              w ave le ng th inten sitie s meas ured at 4 01 po ints be ing the pred ic tors, lea din g the des ign matrix o f dim en sio n   60 401× . W e e stimate the c ov ariance

                    m a t ri x o f p re d i c t o rs b y s o f t - t h r e s h o ld i n g ( R o th m a n , L e v i n a , & Z h u , 2 0 0 9 ) , a n d t h e h  e a t m a p o f t h e c o r re s p o n d i n g a b s o l u t e c o  r re l a ti o n m a t ri x i s

               giv e n in th e le ft p an el o f F igu re 1. Eac h p ic ture in F ig ure 1 is c o mp o se d o f            401 401× p o i n t s , a n d e a c h p o  i n t r e p re s e n t s t h e a b s o l u te v a l u e o f

                        the ele me n t at th e c o rr esp o nd ing p o sitio n o f c o rr elatio n m atrix. Th e d arker the co lo u r of a p oin t, the c lo se r the a bs olu te v alu e o f th is e lem e nt is

                           to on e . S imila rly, the lig hte r th e c olo u r o f a p o in t, the c lo se r th e ab so lute v alue o f th is e le me nt is to ze ro. It c an b e cle arly o bs e rved tha t ma ny

          predicto rs are highly co rrelated in the f irst p icture of Fig ure 1 .

                   V a ri a b le s c re e n i n g u n d e r m u lt i c o l li n e a ri ty f o r h i g h - d i m e n s i o n a l d a ta s e t i s c h a l le n g i n g a n d h a s n o t b e e n w e l l a d d re s s e d ( Ke , J i n , & F a n , 2 0 1 4 ).

                   S c r e e n in g m e t h o d s s u c h a s S I S b a s e d o n m a rg i n a l c o r re l at i o n b e t w e e n e a c h p re d i c t o r a n d t h e r e s p o n s e w o u l d h a v e n o n z e ro p ro b a b i li t ie s o f

                inc luding irrele vant variables. The p r o f ile d i n de p e n d e nc e s c r e e n in g ( PI S ) a p p ro a c h p ro p o s e d b y W a n g ( 2 0 1 2 ) p ro v i d e s a c o m p u t a t io n a l ly e f f i c i e n t

                   w ay f or co ns iste nt variab le sc reen ing . It u se s prof ile d f ac tor op eratio n to elim ina te the c o rr elation b etw e e n the p redic to rs. H o w ev er, th e su cc e ss

                      of PIS hin g es o n th e c on ditio n th at the p rof ile d pred ic to rs are also un co rrelated , w h ich may s till b e imp o ss ible u nd e r a s pike d p o pu latio n mo d el

                     (B a i k & S i l v e rs t e in , 2 0 0 6 ; J o h n s t o n e , 2 0 0 1 ) i n t h e c a s e o f s l o w d e c a y f o r e i g e n v a lu e s o f t h e p o p u l a ti o n c o v a ri a n c e m a t ri x . W i t h t h e g a s o l in e

                      d a t as e t , w e a g a i n a p p l y t h e s o f  t - t h re s h o l d i n g m e t h o d t o e s t i m a te t h e c  o v a ri a n c e m a t ri x o f t h e p ro f i le d p re d i c t o rs b y P IS . T h e h e a t m a p o f t h e

                     corre spo nd ing abs olute c orrelation matrix is show n in the middle p anel o f Figure 1. Clearly, there are still m any nonzero eleme nts o utside the

              main diag o n al of th e c o rr elatio n m atrix, in dic at ing tha t man y p rof ile d p redic to rs are still h igh ly c o rrelated .

                  I n t h i s a r ti c l e , w e p r o p o s e a n o v e l m e t h o d c a l le d p r e c o n d i ti o n e d P I S (P P IS ) f o r h i g h - d i m e n s i o n a l v a ri a b le s c re e n i n g . T h e m a j o r a d v a n ta g e

                      of PPIS is that it is as sim ple as PIS and prod uce s asymp totic ally un co rrelate d pro filed pre dictors u nder a sp iked pop ulation m od el. T he key

                   o f o u r m e t h o d i s t h e t w i c e d e c o r re l at i o n o f p re d i c t o rs : f a c t o r p r o f i li n g a n d p r e c o n d i ti o n i n g . W  e s h o w t h a t t h e p re c o n d i ti o n i n g p ro c  e  d u r e c a n

                  g u a ra n t e e t h a t t h e p r o f i le d p re d i c t o rs a re a s y m p t o ti c a l ly u n c o r re l at e d t o e ac  h o t h e r . P re c o n d i t io n i n g i s a c o m m o n l y u s e d t e c h n iq u e , a n d s e v e ra l

                    p re c o n d i t io n e r s h a v e b e e n p ro p o s e d t o d e a l w i t h h i g h - d i m e n s i o n a l l i n e ar re g r e s s io n s ( Ji a & R o h e , 2 0 1 2 ; W a n g , D u n s o n , & L e n g , 2 0 1 6 ). A s a n

                    em pirica l ev ide n ce , the righ t p an el o f F igu re 1 prov id es the h eat map o f th e a bso lu te co rrelation ma trix co rrespo n din g to the so f t- th resh old ed

                      co v arianc e ma trix es timato r o f th e p rof iled p red icto rs f o r PPIS u sin g the ga so line datas et. It ca n be se en th at the c o rr elatio n matrix o f th e

                      prof ile d p redic to rs f o r PPIS is v e ry clo se to an id e ntity matrix. A ltho ug h the un c orrelated as sum p tion f o r the p rof iled p redic to rs is c rucial f o r the

                   suc c e ss o f PIS in va riable sc reen ing , ou r PPIS ap p roac h is m ore p romis ing fo r a naly sin g da tase ts w ith h igh ly c o rr elated p redic to rs. The o retica l

          justif ic atio n s rega rding the co n siste nc y of v ariable s cree nin g o f PPIS are p rovid e d.

                        T h e r e s t o f t h i s p a p e r i s o r g an i z e d a s f o l l o w s . I n t h e n e x t s e c t i o n , w e f i rs t g i v e a n in t ro d u c t io  n t o f a c t o r p r o f i li n g . T h e n , t h e s p i k e d p o p u l a ti o n

                    mo de l is introd uc e d. W e th e n p rese nt o ur PPIS app roac h w ith the o retical ju stif ic atio ns . Sim ulatio n stud ie s and real data an alys es are repo rted in

                 Se c tio n 3 . We c on c lud e th e article in S e ctio n 4 an d p ut th e te c hn ica l det ails to the S up po rting Inf o rmation .

    2 T H E M E T H O D O L O G Y A N D T H E O R Y

     2.1 L i ne a r re g re s s io n w i th f a c to r p ro f i li n g

 L e t {y i  , x i              } b e t h e c o l l e c te d o  b s e r v a ti o n s f o r t h e ith sub jec t ( )1  i n , w h e re yi        R i s t h e r e s p o n s e a n d xi = (xi1    , ,… x i p)
T   R p  is th e

          p- d i m e n s i o n a l p re d i c t o r v e c t o r w i t h p n> . T he relatio ns hip b etw e en y i  and x i        c a n b e d e p i c t e d a s a s i m p le l i n e ar re g re s s i o n

y i  = xT
i    + i  , (1)
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   ZHA O ET AL. 3 of 11

 w h ere i   (N 0, 2        ) is the random noise and  = (1   , … , p)
T   R p          i s t h e r e g re s s i o n c o e f f i c i e n t v e c t o r w i t h t h e t ru e v a l u e 0 = (01   , … , 0p)

T   R p .

      In th i s p a p e r, w e a s s u me th a t xi  and i    a re i n d e p e n d e n t a n d 0               i s s p a rs e i n t h e s e n s e t h at m o s t o f i t s e l e m e n ts a re z e r o s . L e t y = (y 1    , ,… yn)
T   R n ,

 X = (x 1    , ,… x n)
T   R n p×  , and  = (1   , … , n)

T   R n              be the resp on se v ec to r, the de sig n matrix, an d th e n ois e v e cto r, res pe c tive ly . Th e relatio n sh ip

      b e t w e e n y and X is giv e n as
     y X=  + . (2)

    If p redic to rs de f ine the no tatio n X 

S
                 are un c o rr elated , then S IS is exp e cte d to p e rfo rm w ell. H o w ev e r, th is c o n ditio n is ea sily vio late d an d may be

                i n a p p ro p r ia t e f o r h i g h - d i m e n s i o n a l d a ta . B y e m p l o y i n g a f a c t o r m o d e l , H . W a n g ( 2 0 1 2 ) p ro p o s e d a f a c t o r p ro f i li n g o p e r a to r Q Z( I) = I n−Z I(Z T
I

Z I)
−1 ZT

I

              to e limin ate the co rrelatio n o f pred icto rs an d ap p ly th e SIS on the pro file d data. Z I   R n d×          is late nt f ac to r m atrix o f X , a n d d is the num be r o f

       l at e nt f ac t o rs . T h e n f a c to r p r o f ili n g is a s f o l lo w s :

Q Z( I   ) = (y Q Z I   ) + (X Q Z I  ). (3)

   In Eq u atio n (3), Q Z( I  )y is th e pro file d re sp o ns e and th e co lu mns o f Q Z( I     )X a re t h e p ro f il e d p re d ic t o rs .

   2.2 S p i ke d p o p u l at io n m o d e l

            W e as su me tha t the jo int distribu tion o f the d es ign ma trix X  Rn p×         is Gaus sian w ith ze ro mean and c o variance matri x p      = ( ) c o v x . x Rp  is th e

   ra n d o m p re d i c t o r v e c  t o r . D e f i n e Z   Rn p×  and z    R p  respe ctively as

Z  = X
− 1 2
p  , z  = 

− 1 2
p  x. (4)

   The co variance matrix of z            is an ide n tity m atrix o bv iou sly . S up p o se that the sp ec tral de c om p os itio n o f p    is g iv en by p =
p

j=1
l j u

j
uT

j
, w h e re

l1     … lp     0 and u
1
   , ,… u

p      f o rm a n o rt h o n o rma l b a s is o f R p        . C o n si d e r a s p ik e d p o p u l at io n m o d e l a s f o l lo w s :

l j  =  j  + 2
0       , , , ,j = 1 … d

l j  =  j d−  + 
2

0
          , , , ,j d= + 1 … d m+

l j  = 2
0           , , , ,j d m= + + 1 … p

(5)

w h ere 1     … d > 1     … m    > 0 and 2
0

          is a p o sitiv e co n stan t. W e de f ine a sub sc ript j o f lj      b e a c h a n g e p o i n t w h e n lj lj+1        as p .

  T h e n w e d e f i n e       d b e th e b ig g e s t c h a n g e p o in t th a t
ldl d+1

max 1  j p j, d l jlj+1

        as p . (6)

   Furthermo re, w e assume th at            d m dan d are f ixed and they hav e tr ue v alues w ith 0  and m0         , re s p e c  t i v e l y . E q u a t i o n ( 6 ) m e a n s t h a t t h e c h a n g e p o i n t

        d i s t h e n u m b e r o f l arg e e i g e n va l ue s o f p     in th e c ase wh ere l d+1    , ,… l p        a re d e c re a s i n g a n d s u f f i c i e n tl y w e l l s e p a ra te d f r o m l 1    , ,… l d . Cons eque ntly,

   the max imu m v alu e o f l jl j+1                     w o u l d b e e x p e c t e d t o h a p p e n a t j d= . U n d e r a G a u s s ia n a s s u m p t i o n , t h e d e s i g n m a t ri x X c an be expressed as

 X =

d

j=1


j z j uT

j +

m

k=1


k z d k+ uT

d k+
 + 

2
0

 , (7)

w h ere z1    , ,… z d m+    are i . i. d . N I(0, n                        ) v e c  t o r s.  is v iew e d as a n ois e ma trix th at is an matrix with i. i. d.n p× N( )0 1, en tries an d is ind ep e nd en t

 o f z 1    , ,… z md+                  . I n t h e a n a l y s r e s e n te d i n t h i s p a p e r t h ro u g h o u t , w e u s e E q u a ti o n ( 7 ) a s t h e m o d e l f o ris p X . De f ine Z I = (zI    , ,… zd)  R n d× ,

X
I
=
d

j=1


j z juT

j
 , X 

II
=
m

k=1


k zd k+ uT

d k+
, and X 

III
 = 2

0
             . P I S c a n s e l e c t d c o ns iste ntly by the max imu m e ige nv alu e ratio c riterion (MERC; Lu o

        e t al . , 2 0 0 9 ; W a n g , 2 0 1 2 ) . T h e n f a c t o r p r o f i li n g o p e ra t o r Q Z( I         ) is us ed to rem ov e th e ef f ec t o f z1    , ,… z d   , a s f o llo w s :

Q Z( I   ) = (X Q ZI )(X 

I
 + X

II
 + X

III
)

  X

II
 + X

III
 . (8)

  F ro m E q u at io n (8 ), X
I I

                     is still in t he prof iled data af te r f ac to r pro f iling . And it m ay le ad to co rr elate d p rof iled predic to rs in th e c ase that p op u latio n

                     c o v a ri a n c e m a tr ix h a s e i g e n v a lu e s w i t h s l o w d e c a y . O u r s i m u l at i o n re s u l t s o f E x a m p le s 5 a n d 6 i n S  e c t io n 3 i ll u s t ra te t h i s p h e n o  m e n o n . T o

                     o v e r c o m e t h i s i s s u e , w e p ro p o s e a n d a p p l y a n o v e l p r e c o n d i ti o n e d p ro f i l in g o p e r a to r t o th e d a t a, w  h i c h g u a ra n t e e s t h e r e s u lt i n g p re d i c t o rs t o b e

                a s y m p t o ti c a l ly u n c o rr e la t e d . C o n s e q u e n t l y , b y c o m b i n i n g t h e p r e c o n d i ti o n e d p ro f i li n g o p e ra t o r a n d S I S , w e p ro p o s e a n o v e l s c  r e e n i n g p r o c e d u re

 name d PPIS.

    2.3 Preconditi oned profiled independence screening

                         A c c o r d i n g t o t h e s i n g u l a r v a lu e d e c o m p  o s i t io n , t h e m a t ri xn p× X a l m o s t s u r e ly h a s n p o s i t iv e s i n g u l ar v a l u e s ( F an & L v , 2 0 0 8 ; K l e m a & L a u b ,

 1 9 8 0 ). L e t 1   , … , n         b e t h e n p o s i t i v e s i n g u l ar v a l u e s s u c h t h a t 1    … n        > 0. There fo re, there exist matrices U = (u1    , ,… un)  R n n× and

 V = (v1    , ,… vn)  R p n×  w it h UT   U V= T   V I= n       and a diag on al matr i x D = d i a g(1   , … , n)  R n n×  such that

  X = U D VT  , (9)
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 w h ere u i = (u1i    , ,… un i )
T   Rn  , v i = (v 1i    , ,… v pi )

T   R p        (i n I= …1, , ), a n d n              is th e ide ntity ma trix of s ize n. W e p artition U and V re spe ctively as

 U = (U I   U II    ) and V = (V I   V II ), whe re UI = (u 1    , ,… ud)  R n d×  , U II = (ud+1    , ,… u n)  R n n d×( − )  , VI = (v1    , ,… v d)  Rp d× , and V II = (vd+1    , ,… vn) 

Rp n d×( − )         . Sim ilarly, w e p artitio n th e d iag on al ma trix D into

 D =


DI 0

 0 D II



,

 w h ere D I  = (d i a g 1   , … , d   ) and D II  = (d i a g d+1   , … , n      ). C o n s e q u e n t l y , E q u a t i o n (9 ) r e d u c e s t o

  X X= I  + X II  , (10)

 w h ere XI  = U I DI VT
I

 and X II  = U IID II V T
II

.

      W e d e f i n e t h e p re c o n d i t io n e d p r o f i li n g o p e r at o r a s

  F U= II D−1
II

UT
II
(In  − U I UT

I
) = UI I D−1

II
UT

II
 , (11)

                      B y a p p l y in g t h e p re c o n d i ti o n e d p r o f i li n g o p e ra t o r F to E qu ation (2), w e hav e Fy FX F=  + , w h i c h c a n b e f u r th e r r ed u c e d to

  y =    X + , (12)

w h ere   y U= II D−1
II

U T
II

y,    X U= I I V T
I I

  , and  = U I I D−1
I I

UT
I I

       . A s X and  a r e a s s u m e d t o b e i n d e p e n d e n t , X       and  are unc orre lated. Theo rem 1 below

     i nd i c at e s t ha t o u r p ro p o s e d t ra ns f o rm a ti o n f ro m  X to X             leads to unc orrelated p rofile d predictors asy mp totic ally, and its pro of is in the Sup porting

Inf orm ati o n .

          T h e o re m 1 . U n d e r C o n di t io n s 1– 4 i n t h e ne x t s e c t i o n , f o r f i x e d   i ja n d , if  = X T X , t h e n

  i j
  i i

 = O p


 log p

n


       , < ,1  i j p

 w h e re i j      is th e ( )i j, e le m e n t o f .

   O b v i o u s ly , F FQ= (ZI), w h ere Q( ZI) = I n  − UI U T
I

and Z I( Z
T
I
ZI)

−1 ZT
I

 = U IU T
I

. It is note d th at U I UT
I

    is use d to es timate Z I(Z T
I

Z I)
−1 ZT

I
   . T his es tima tor is

                      d i s c u s s e d i n X i a (2 0 0 7 ) , W a n g a n d X i a ( 2 0 0 8 ), a n d W a n g (2 0 1 2 ) . L e m m a 4 i n t h e S u p p o r ti n g I n f o r m at i o n o f t h i s p a p e r p r o m i s e s th e c o n s i s t e n c y

              of th e e st imatio n and q uan tif ies the ac c urac y u nd er a sp ike d p o pu latio n m o de l. O n o ne h and , Q( Z I        ) is a fac tor p rofiling op erator that f ilter s

     o u t t h e e f f e c ts o f t h e f i rs t                        d f a c t o rs i n m o d e l ( 7) . O n t h e o t h e r h a n d , f r o m T h e o re m 1 , w e c a n s e e t h at F p l a y s a r o le o f a p re c o n d i ti o n e r t h at

    deco rrelate s the p rof ile d predicto rs X I I                   . S i m i la r t o th e P u f f e r t ra n s f o r m a ti o n in J ia a n d R o h e (2 0 1 2 ) , th e p r o p o s e d o p e r at o r F d o e s n o t c h a n g e th e

                    line ar relatio n sh ip in th e m o de l. It f in ds a p rop e r w ay to ‘‘ sta nd ardize ’’ th e h ig h- d ime n sio na l p rof ile d reg ress ors w itho u t hav in g to es timate its

                  hig h- dime nsio n al in ve rse co v arianc e matrix. T his m akes a n ic e co n tributio n to the lite rature o n v ariable sc ree nin g un de r co rrelated de sig n s. Ou r

              P P IS p r o c e d u re c a n t h e n b e o b t a i n e d b y a p p l y i n g S IS t o t h e p re c o n d i t i o n e d an d p r o f i le d d a t a :

     y Fy U= = II D−1
II UT

II (In  − U IU T
I  )y, (13)

     X FX U= = IID−1
II U T

II (In  − U I U T
I

 )X. (14)

  Mo re s pe c if ic ally, d en o te   X = ( x( )1   , ,… x( )p )  R n p×          . Th e PPIS p roc ed ure u se s th e f o llow in g e stim ato r of j     a s a m e a s u re f o r s c r e e n in g :

j = (xT
 ( )j
x  ( )j )

−1(y T x  ( )j        ) = …, j 1, , .p (15)

                       A s t h e s a m e a s s u m p t i o n i n W a n g ( 2 0 1 2 ), t o e  m b o d y t h e s o r t in g i d e a o f s c re e n i n g , i t i s a s s u m e d f u r th e r t h a t t h e p r e d ic t o r i n d i c e s h a v e b e e n

   app ropriately relabelled s o that  1    > >… p              w i th o u t l o s s o f g e n e ra l it y . A c a n d i d a t e m o d e l c a n b e re p r e s e n te d a s  = {j1    , ,… jm}, which

 inc lud es th e ji       th c olu m n o f X f o r e v e ry j i             , an d   d e n o t e s t h e c o r re s p o n d i n g m o d e l s i z e . T h e f u l l m o d e l i s F        = {j j p = …1, , }, a n d th e

  true m o de l is  T   = {j  0j          0}. H e re , a s o l u t io n p  a t h i s S = {k          = … }k 1, , p w i th 0  =  and  k              = {1 1, ,… k } f o r k = , ,… p. I n a d d i ti o n , w e

       de no te th e d es ig n ma trix that co rresp on ds to m o de l  k  as X(k )  R n k×             . H e n c e , th e s o lu t io n p a th c a n b e u s e d t o s c re e n t h e p r ed i c to rs d i re c tl y.

            Th e f ollo w in g th eo rem in dic ates that o ur p rop o se d PPIS is p ath c o nsis ten t; th at is, Pr{T               } S  1 as n . T h e d e f i n it i o n s o f t, s, an d h in

                     t h e th e o r e m c a n b e f  o u n d i n C o n d i t io n s 1 a n d 2 i n t h e n e x t s e c  t i o n . A p r o o f i s g i v e n in t h e S u p p o r ti n g I n f o rm a t io n .

         T h e o re m 2 . U n d e r C o n d it i o ns 1 –  4 i n t h e n e xt s e c t io n , if   d d= 0,

max
1 j p

 j  − 0j   = Op


n−

s t−

2 


 log p

n


   as n  , (16)

w h e re n−
s t−

2 


 log p

n
 = {max n−

s t−

2 ,


 log p

n
}.

               In p ractic e , w e use the fo llo w in g Bay es ian inf o rmatio n criterion (BIC) -ty pe c riterion to estim ate the valu e of  T       , w h i c h i s u s e d i n W a n g ( 2 0 1 2 ).

            Mo re s pe c if ica lly, w e ch o o se the mo d el s uc h that th e fo llo w in g s c o re is min im ized :

BIC    ( () = log RS S ) + (n−1
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                             w h ere RS S ( ) is the resid ual su m of s qu ares. In this p ap er, w e co n sid er the situa tion th at  i s h i g h l y s p a rs e , a n d w e a s s u m e t h a t t h e v a l u e o f  T 
            is le ss th an the nu mb er of sa mp les n. F o r e v e ry c a n d i d at e m o d e l  k        , w e u s e t h e s i m p l e le a s t s q u a re e s t im a t e

( k)
l s = (X(k)

T X(k ))
−1 X( k )

T  y, (18)

   to c o mp u te th e RS S     ( ) in Equation (17) as

 RSS ( k   ) = y X− (k) (k)
l s2  , (19)

and

BIC ( k   ) = log RS S (k) + (n−1  log p) k    log n. (20)

    T h e re f o re , t h e e s t i m at e o f  T is

S T    = argmin
1 k n

BIC
(k  ), (21)

   and the es timate of      in Eq uatio n (2) is

(S T)
l s = (X( S T)

T X( S T))
−1 X( S T)

T  y. (22)

   2.4 Co nd ition s and as su mp tio ns

  W e u s e ci  and Ci                     t o d e n o t e p o s i ti v e c  o n s t a n ts i n d e p e n d e n t o f t h e s a m p l e s i z e n a n d th e d i m e n s io n a l it y p in th is pap er th roug h ou t. Fo r an arbitrar y

   m a t ri x A  R a1 ×a 2         , d e n o t e th e F ro b e n iu s n o rm m a tri x A as  A 2  = (tr AT A) = tr(AAT ). Le t ej       = (0 1 0, ,… , ,… ) T      b e a u n i t v e c t o r i n Rp   w ith the thj

           e l e m e n t b e i n g 1 a n d 0 e l s e w h e re , j p= …1, , .

     Du e to a sig nif ic an t imp ac t of                ' s t a il b e h a v i o u r o n t h e s c re e n i n g p e rf o rm a n c e , W a n g a n d L e n g (2 0 1 6 ) u s e d a q- e xp o ne ntia l tail c o nd ition

                      a s a c h a ra c t e ri z a ti o n o f d i f f e r e n t d i s tr ib u t i o n f  a m i l ie s . T h e t ai l c o  n d i t i o n i s u s e f u l f  o r t h e t h e o re t i c a l p ro o f s i n t h i s p a p e r a n d p re s e n t e d i n t h e

 f o ll o w i ng d e f in i ti o n.

     D e f in it io n 1 . A ze ro me an d istribu tion                  is s aid to hav e a q N- e xp o ne ntial tail, if a ny 1 i n d e p e n d e n t r a n d o m v a ri a b le s  i      satisfy that

 f o r a ny   a  RN  w it h  a 2      = 1, th e f o llo w ing in eq ua lity h o lds :

Pr




N

i=1

ai i > 



      ex p ( − (1 q )) (23)

 f o r a ny      > 0 and som e f unc tion q(·).

     In t h is p a p e r, w e a s su m e t h a t  i   (N 0,  2                  ). As sho wn in Wang and Leng (2016 ), wi th the cl as sical boun d on the G aussian tail, the Gaussian

      d i s tr ib u t i o n a d m i ts a s q u a r e - e x p o n e n t i al t a il i n t h a t q() = 2             2. T h e f o l l o w i n g c o n d i ti o n s a r e n e c e s s a ry in th e t h e o re t ic a l p r o o f s f  o r t h e t h e o r e m s

  in th is p ape r.

            Con ditio n 1: Th ere exists a spe c if icatio n f or m o de l (7), su ch th at the vec to rs z i            (i d m N I= …1, , + ) are i.i. d . (0, n          )  ×v e c t o r s a n d is an n p m a tr ix

         w ith i. i. d . N( )0 1, e ntries and is inde p en de nt o f z1    , ,… zd m+           . Furthe rmore, w e as su me that the eig en v alue s o f the c o v arianc e m atrix

p       are s atisfied f or Equatio n (5). Espe cially, 2
0

                 i n E q u at io n (5 ) i s s o m e p o s i ti v e c o n s t an t , a n d t h e re a re c o n s ta n ts 0 1 t s< ,

c1   > ,0 c 2  > 0, and c3    > 0 such that

1   c1 n, d   c2 ns   , an d 1   c3 nt  . (24)

     Con ditio n 2: Th e true m o de l siz e  T                  i s f i x e d , w h e r e a s t h e s a m p l e s i z e n  . M o r e o v e r, w e a s s u m e t h a t log p c= 4 nh   f o r s o m e c4   > 0 and

    0 1< <h .

    C o n d i ti o n 3 : T h e ra n d o m e rro r                    i n m o d e l ( 2 ) i s n o rm a l ly d i s t ri b u te d w i t h m e a n z e r o a n d s t a n d a rd d e v ia t i o n  a n d i s in d e p e n d e n t o f X .

    Con ditio n 4: Th e trans fo rme d z             in Eq uatio n (4) h as a sp he rically s ym me tric dis tributio n, and th e re e xist so m e c5    > 1 and C 1   > 0 such

that Pr{max (p−1 ZZT   ) > c 5  or min(p−1 ZZT   ) < 1 c 5   }  e −C1n , w h e re max   (·) an d min       (·) a r e t h e l a rg e s t a n d s m a l le s t n o n z e ro

    e i g e n v a lu e s o f a m a tr ix , r e s p e c ti v e l y .

       It is no te w o rthy that (a) in Co nd itio n 1,                      s tan d c o n t ro l t h e m a xi m u m v a l u e o f e i g e n v al u e ra ti o . W h e n s = 1 an d t = 0, t h e s e tt i n g o f e i g e n v a lu e s

                       o f t h e p o p u la ti o n c o v a ria n c e m a t rix i n C o n d it io n 1 d e g e n e ra te s t o a s e tt in g o f a f a c to r m o d e l. C o n d it io n 1 a l lo w s s lo w s p e c tr um d e c a y o f t h e

                       p o p u l a t io n c o v a ri a n c e m a t ri x s o t h a t i t i s w e a k e r t h an a s s u m p t i o n A 2 i n W a n g ( 2 0 1 2 ). C o n d i ti o n 2 i s s i m i la r t o a s s u m p t io  n A 3 i n W a n g ( 2 0 1 2 )

                      in that it allo w s the p redi cto r d ime ns io n to b e mu c h larger th an th e sa mp le siz e. (b) Co nd itio n 3 giv e s the ta il b eh av iou r o f    , and its G auss ian

                           t a il c a n b e b o u n d e d b y E q u a t io n ( 2 3 ). ( c ) C o n d i t i o n 4 i s t h e s a m e a s a s s u m p t io n A 1 i n W a n g a n d L e n g ( 2 0 1 6 ). I t i s s i m i la r t o b u t w e a k e r t h a n

                           t h e c o n c e n t r at i o n p r o p e rt y i n F a n a n d L v (2 0 0 8 ) . T h e p ro o f i n F a n a n d L v ( 2 0 0 8 ) c a n b e d i re c t ly a p p l ie d t o s h o w t h a t C o n d i t io n 4 i s t ru e f o  r t h e

 Gaussian distribution.

      2.5 D e te c ti ng t he b ig g e s t c h an g e p o in t d

     I n e s s e n c e , t h e t ru e v a l u e d 0                       o f t h e b ig g e s t c h a n g e p o i nt d i s u n k n o w n i n re a l p ra c t i c e , a n d i t h a s t o b e e s t i m a te d b a s e d o n d a t a . U n d e r a s p ik e d

                    po p ula tion mo de l, w e p ropo s e a no v el me th od nam ed as ma ximu m m od if ied eig e nv alue ratio criterio n (MM ERC), w h ic h is mo re sta ble th an th e

                c o m m o n l y u s e d M E R C . A n d w e a l s o p r o v i d e a t h e o re t i c a l j u s ti f i c a t io n b y s h o w i n g t h a t t h e c o n s i s t e n t e s t im a t o r o f d0     c a n b e o b t a in e d b y u s i n g

  M M E RC . R e c al l t h at 1   2     … n                   > 0 be the no nze ro singu lar value s o f X f ro m E q ua t io n (9 ). T h e M E R C f i nd s t he e s ti m at o r o f d0 b y
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    d = arg max
1 1 i n−

 2
i

 2
i+1

 . (25)

                Du ring o ur f in ite sam p le simu latio n stu dy , w e f o un d inte resting ly th at fo r a giv e n datas et, the M ERC es timato r d    c o u l d s u b s t a n t ia l ly v a ry w h e n

                    w e repe at the exp e rimen t w ith d if f eren t s ub sam p ling d ata f rom th e sam e d atase t. To illu strate th is ph e no me n on , w e use the g as olin e da tase t

                       i n tr o d u c e d i n S e c t i o n 1 . E a c h t i m e , w e u s e M o n t e C a rlo s a m p li n g ( X u , L i a n g , & D u , 2 0 0 4 ) w i t h o u t r e p la c e m e n t t o s e l e c t s = 48 o b s e rv a ti o ns

            ra n d o ml y f ro m t h e 6 0 s a m p le s o f g a so l in e d a t as e t t o f o r m a d e s ig n m a tr ix X ( )s   Rs p× , an d w e le t 
( )s

1
  

( )s

2
   … 

( )s
s     > 0 b e t h e n o n z e ro

   s i n g u la r v a l u e s o f X( )s . We then use MERC to get d  o f X( )s            . W e r e p e a t t h is p r o c e s s 1 0 0 t i m e s , a n d t h e p o s s i b l e v  a l u e s f o r d      are s olely 1 and 4 w ith

        f r e q u e n c ie s b e i n g 2 6 a n d 7 4 , r e s p e c t iv e l y . H e r e , th e c h o  s e n                 s is 80% o f t he t o ta l n u m b e r o f s a mp l e s, a n d it is la rg e e n o ug h t o re p o rt d i f f er en t d s

  in th is illus tration .

     T o o b ta in a s t a bl e e s t im a to r o f d0         , w e p rop os e th e f o llo w in g M M ERC e stim ato r of d0 :

d M   = arg max
1 1 i n−

i2
i

  ( + )i 1  2
i+1

 . (26)

                   Th e f o llo w ing th eo rem p rov ide s a the o retical ju stif ic atio n fo r ou r prop o se d M M ERC, an d th e p roo f is p rov ide d in th e S u pp o rting In f ormatio n .

                      T o c o m p a re t h e p e r f o r m an c e w i t h M E R C , w e c o n d u c t t h e s a m e f i n i te s a m p le s i m u la t io  n s t u d y o n t h e b a s i s o f t h e g a s o l in e d a ta s e t u s i n g o u r

           pro po s ed M ME RC. Inte restin g ly, a ll the 10 0 repe titio ns y ield the s ame e stim ate (i. e. , d M           ) b e i n g 4 . T h e t h e o re m b e l o w p r o v e s t h a t M M E R C i s a

           c o n s is t en t ra ti o , a n d it s p r o o f c a n b e f o u nd i n t h e S u p p o rti n g I n f o rm at io n .

    T h e o re m 3 . U n d e r C o n d i t i o n s 1 – 4 , Pr{ dM  = d 0       }  1 a s n .

    A c c o rd in g t o T he o re m 3 , d 0                   c a n b e e s t i m at e d c o n s i s t e n t ly b y M M E R C. T h e r e f o re , w e u s e M M E R C t o d e t e c t t h e c h a n g e p o i n t d a n d f o c u s o n

                t h e d e c o rre l a t e d p e r f o rm a n c e o f P P IS v i a a ll th e s i m u l at i o n s t u d ie s a n d re a l e x a m p l e s i n t h e n e x t s e c t io n .

  3 N U M E R I C A L S T U D I E S

                    T o e v a lu a t e t h e f i n it e s am p l e p e rf o r m an c e o f t h e p ro p o s e d m e t h o d , w e c o m p a re t h e p r o p o s e d P P IS w  i t h S I S , PI S , a n d h i g h - d i m e n s i o n a l o rd i n a ry

                     l e as t s q u a re s p r o j e c ti o n (H O L P ) v i a s i x s i m u l a ti o n e x p e ri m e n ts a n d t w o r e al e x a m p l e s . H O L P i s a s c r e e n in g m e t h o d th a t u s e s a p re c o n d i t io n e r t o

                   g u a ra n t e e t h e s u re s c re e n i n g p ro p e r t y a n d g i v e a c o n s i s t e n t v a ri a b le s c re e n i n g w i th o u t s t ro n g c o rr e la t io n a s s u m p t io n s ( W a n g & L e n g , 2 0 1 6 ) . F o  r

                       eac h m eth o d, w e (a) c o mp ute the s o lutio n p ath, (b) u se the s imp le le ast sq ua res estim ato r in Equ atio n (18 ) to e v aluate the e stim atio n ac c urac y of

               v a ri a b le s c re e n i n g , a n d (c ) u s e th e B I C - t y p e c  r i te ri o n i n S e c t io n 2 . 5 t o s e le c  t t h e m o d e l s i z e .

  3.1 S im u lat io n s t ud y

                           I n E x a m p l e s 1 – 3 , w e f o l l o w t h e s e t t i n g s i n F a n a n d L v ( 2 0 0 8 ), W  a n g ( 2 0 1 2 ), a n d T i b s h ir a n i (1 9 9 6 ) a n d s e t n = 100 or 30 0, p = 1, 000. E xamp le

                     4 d i s c u s s e s t h e s i t u a t io n o f c o l l i n e ar a m o n g p r e d i c t o rs . E x a m p l e s 5 a n d 6 d i s c u s s s p i k e d p o p u l a t io n m o d e l s . T h e r e s u l ts a r e e v a l u at e d o  v e r 1 0 0

      replic atio n s in all of th e s ix ex am ple s.

 Example 1
  y x=  ( )1  + x( )2  + x( )3  − 3


x( )4  + ,

    w h ere  , (N 0 I n ), and (xi1    , ,… x i p)
T                 a re g e n e r at e d f r o m a m u l t i v ar ia t e n o  r m a l d i s tr ib u t io  n N(0,) ind e pe nd e n rtly f o i n= …1, , .

    The pop ulation cov ariance matrix  = (i j)
p

j k, =1
 satisfies j j           = ( = … ) 1 j 1, , p an d j k       =  (j k ), ex c ep t 4,k = j,4 =


      ,(j k  4), a n d

c o n s e q u e n t l y , x ( )4                      is m argin ally un c orrelate d w ith y a t t h e p o p u l a t io n l e v e l . H e re ,  = 5 and  . , .= 0 5 0 95 are u se d to in ve stig ate

       t h e p e rf o r m an c e o f t h e f o u r v a ri a b le s c r e e n in g m e t h o d s .

 Example 2
  y x=  ( )1  + x( )2  + x( )3  − 3


x ( )4  + x ( )5  + ,

              with the po pu lation co variance matrix o f X b e ing d es cribe d in Exa mp le 1 exc e pt that 5j = j5       = 0 5f o r a n y j  , that is, x( )5 is

          rele vant in m od el whe reas it is unc orre lated w ith an y other p redicto rs.

   Example 3 We se t        d U= 3, an d the latent f acto r i   R3                (i n= …1, , ) i s g e n e r at e d f ro m a t h re e - d i m e n s io n a l n o rm a l r an d o m v e c  t o r . A s a m p le

 o f p re d i c to rs xi   Rp     is th en s imu late d a s xi  = B Ui + x i  , w h e re B = (bj k )  Rp×3  , bj k    ( )N 0 1, , a n d xi    f ollo w s a p- dime nsio nal no rmal

 distribution w ith E( xi j    ) = 0 and c ov (xi j 1
, xi j 2

) = 0.95j1 −j 2    . H e re , y i     is sim ulate d ac c ordin g to yi  = 3x i1  + 1 5. xi2  + 2xi3  +  i   . F ina lly, i

    is generated ac co rding to  i  = U T
i
0  + i , whe re 0  = 0 8.  (3− 1 2  , 3 − 1 2  , 3 − 1 2) T   R 3      , a n d t h e v a ri a n c e o f i  is  2

  = 0.36 2 . G iv e n

 X = (x 1    , ,… xn)
T  and 0    = (3 1 5 2, . , ),  2          is p articula rly s ele c ted so that th e s ign al- to - n o ise ratio, var (X0 )2 , is 1, 2 , or 5. Fo r th is

               e x a m p le , t h e P IS f a i l s t o s e l e c t t h e t ru e m o d e l , w h e re a s t h e a s s u m p t i o n t h a t t h e c o l u m n s o f X     is un c o rr elated is n ot s atisf ie d.

 Example 4
  y x=  ( )1  + x( )2  + x( )3  − 3


x ( )4  + x ( )5  + ,

              with the po pu lation c o variance matrix of X b ein g de sc ribe d in E xam ple 2 e xc ep t th at x( )6  = 0 8. x( )5  +  x , w h e re x   (N 0,  2
x  ). H e re ,

x( )5  and x ( )6    are collinear, bu t x( )6          is a n ois e v ariable in th is e xam p le. W e se t x             = = =0 0 1 0 2.05, . , . , n 100, p 1, 000, and  .= 0 95.
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                             E x am p l e 5 A s p ik e d p o p u l a ti o n m o d e l i n E q u a ti o n ( 7) i s c o n s id e re d i n t h is s im u l at io n s t ud y . W  e s e t n = 200, , , ,p = 1, 000 d = 3 m = 40

and 2
0

 = 1; an d zj   R n                     ( = … + )j 1, , d m is gene rate d fro m an n- dim ens ional stand ard no rmal random v ec tor. T he d esig n matrix

  X  R n p×    is the n sim ulate d as

 X =

d

j=1

z j bT
j +

d m+

j d= +1

n
−(j d− + )9

m+10 z jb T
j +   x, (27)

w h ere b j = (bj k)  Rp×1  , b j k    ( )N 0 1, ,   x = (x1  , … xn )
T , an d xi        f ollo w s a p- dime nsio nal n ormal d istri bution in that E(xi j  ) = 0 an d

c o v ( xi j 1
, xi j 2

) = I p   . H  e r e , y i     is s imu late d acc o rding to yi  = 3x i1  + 3x i2  + 3xi3  + i   . F inally , i   (N 0, 2  ). Given X = (x1    , ,… xn )
T and

0    = (3 3 3, , ),  2          is p articu larly se lec te d s o th at th e s ign al- to - n o ise ratio var (X0)
2  = 5.

                     Exam p le 6 With a sp iked po p ulatio n mo de l, we co n sid er the en do g en eity prob lem in th is simula tion stu dy , wh ic h m ea ns that th e r esidu al m igh t

                  be co rrelated w ith th e p red icto r. W e u se the sp iked p op u latio n m od e l, w h ic h is de sc ribe d in E xam p le 5 e xc e pt th at  i  is g en erated

 a c c o rd in g t o i =
d m+

j=1 zj  + i  , w he re  i    (N 0 0, .362  ). Giv en X = (x1    , ,… xn)
T  and 0    = (3 3 3, , ),  2     is p articu larly s ele c te d so tha t

  the sig na l- to - no is e ratio  var (X 0 )
2  = 5.

                   F o r e a c h m e t h o d a n d s i m u l at i o n s e t t in g , t h e f o l l o w i n g m e a s u re s a re a d o p t e d t o e v a l u a te t h e p e r f o r ma n c e o f v a r ia b l e s c  r e e n i n g ( Ch o &

                     F ry z l e w i c z , 2 0 1 2 ) : t h e n u m b e r o f f a l se n e g a t i v e s ( F N s ; i . e . , t h e n u m b e r o f r e le v a n t v a ri a b le s i n c o rr e c tl y i d e n t i f ie d a s i rr e le v a n t ), t h e n u m b e r o f f alse

               p o s i t iv e s (F P s ; i . e . , t h e n u m b e r o f i rr e le v a n t v a ri a b l e s i n c o rr e c t ly i de n t i f i e d a s re l e v a n t) , a n d t h e L 2 d i s ta n c e 0 − 2
2

    . Tab les 1- - 4 summ arize the

                      a v e ra g e d F N , a v e ra g e d F P , a v e ra g e d L 2 , a n d t o t a l n u m b e r o f ti m e s t h a t a s p e c i f i c r e le v a n t v a ri a b le i s b e i n g c o r re c t ly s e l e c t e d o v e r 1 0 0 r e p e ti t io n s .

                       Un de r the m ultic o llin ea rity se tting s in Ex amp le 1 (se e T able 1), bo th SIS an d H OL P p erf orm p o o rly w he n th e s am ple size is s ma ll. In p articu lar,

           w e f i n d th a t S I S a l w a y s a n d H O L P o  f t e n m i s s th e r e le v a n t v a ri a b le x( )4          . T h e s e a re n o t s u r p ri s i n g o b s e r v a ti o n s f o r S  I S b e c a u s e x ( )4   h a s n o m a rg i n a l

                     co rrelatio n w ith y, a lt h o ug h S I S i s a m e t h o d b a s e d o n m a rg in a l c o rre l at io n e s ti m at io n . T h e re f o re , i n c re me n t o f t he s a m p le s iz e d o es n o t i m p ro v e

                    t h e p e rf o r m a n c e o f S I S . P e r f o rm a n c e o f H O L P i m p ro v e s w h e n t h e s a m p l e s iz e i n c re a s e s . A m o n g t h e f o u r m e t h o d s u n d e r c o n s i d e ra ti o n , P I S a n d

                     P P IS h a v e s a t is f a c t o r y p e r f o rm a n c e . I n p a rt i c u la r ly , P P IS h a s t h e b e s t p e r f o rm a n c e u n d e r a l l t h e s e t ti n g s b e i n g c o n s i d e re d i n t h e s e n s e t h a t i t

         n  M e th o d s F N F P FN + F P L 2 x( ) x( ) x( ) x ( ) x( )

              Example 1 n = 1 0 0 0.5 SIS 3.04 0. 10 3. 14 168.93 43 22 31 0

        H O L P 2. 0. 2. 35 114.04 31 49 52 58 54 32

        PIS 0.27 0.03 0. 30 15.28 94 94 94 91

        PPIS 0. 0. 0. 30 11.21 09 91 94 98 94 93

         0.95 S IS 3.43 0.48 3. 91 286. 10 18 22 17 0

        H O L P 2. 0. 2. 29 215.25 04 10 49 51 50 25

        PIS 0.45 0.07 0. 52 43.25 91 91 87 86

        PPIS 0. 0. 0. 42 33.34 08 43 92 93 92 89

            n = 3 0 0 0.5 SIS 1. 92 2.49 4. 41 152. 18 73 61 74 0

        H O L P 0. 1. 1. 69 26.26 43 42 99 96 97 82

        PIS 0.06 0.32 0. 38 6.09 100 99 99 96

        PPIS 0. 0. 0. 32 4.05 27 53 100 99 99 97

         0.95 S IS 2.75 1.18 3. 93 276. 75 47 41 37 0

        H O L P 0. 0. 0. 58 40.31 27 99 94 95 95 85

        PIS 0.13 0.20 0. 33 23.70 98 100 98 91

        PPIS 0. 0. 0. 25 19.13 12 00 99 98 97 93

               Example 2 n = 1 0 0 0.5 SIS 3.85 0 3.85 184. 53 5 5 5 0 100

         H O L P 2. 0. 3. 06 125. 7830 76 09 54 54 54 30

         PIS 0.32 0.62 0. 94 16.98 91 92 94 94 97

         PPIS 0. 0. 0. 84 9. 9815 69 65 97 96 98 96

          0.95 S IS 4.00 0 4.00 288.80 0 0 0 0 100

         H O L P 1. 0. 2. 48 205. 10099 49 82 56 55 58 32

         PIS 4.09 0.09 4. 18 313. 11 1 1 0 89 0

         PPIS 0. 0. 1. 23 62. 10081 42 82 76 74 76 93

             n = 3 0 0 0.5 SIS 2. 16 1.83 3. 99 156. 01 66 57 61 0 100

         H O L P 0. 1. 1. 41 29. 10024 17 91 98 100 99 79

         PIS 0.08 0.52 0. 60 9.81 100 100 99 93 100

         PPIS 0. 0. 0. 37 7. 10005 32 12 100 100 100 95

          0.95 S IS 3.98 0.02 4. 00 288. 56 1 0 1 0 100

         H O L P 0. 0. 0. 71 43. 10036 35 88 93 93 94 84

         PIS 0.71 1.05 1. 76 46.67 80 78 73 98 100

         PPIS 0. 0. 0. 27 19. 10015 12 34 97 98 97 93

             A b b re v i a ti o n s : F N , f a ls e n e g a t iv e ; F P , f a ls e p o s i t iv e ; H O L P , h ig h - d i m e n s i o n a l o rd i n a ry l e as t s q u a re s p r o j e c t io n ; P I S ,

         p ro f  i l e d i n d e p e n d e n c e s c re e n i n g ; P P IS , p r e c o n d i ti o n e d P I S ; S  I S , s u re i n d e p e n d e n c e s c r e e n in g .

    TABLE 1 Av e r ag e d F N , F P ,
FN + F P, a nd L 2 and th e to tal

    n u m b e r o f t i m e s f o r e a c h
  re l e v a n t v a ri a b le b e i n g

     se le ct ed f o r E xa mp le s 1 an d 2
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 TABLE 2          A v e ra g e d F N , F P , F N + F P , a n d L 2 a n d t h e
       t o t al n u m b e r o f t i m e s f o r e a c h re l e v a n t v a ri a b le

    b e i n g s e l e c t e d f o r E x am p l e 3

 n Xvar( ) 
        M e th o d s F N F P F N + F P L 2 x( ) x( ) x ( )

           n = 1 0 0 1 SIS 2.45 0. 60 3. 05 30.27 23 15 17

       H O L P 1. 0. 2. 48 25. 44 46 4268 80 66

       PIS 1.76 1.14 2. 90 30. 49 44 45 35

       PPIS 1. 1. 2. 77 27. 41 44 4273 04 37

        2 SIS 2.14 0. 52 2. 66 21.82 38 20 28

       H O L P 1. 1. 2. 26 24. 58 57 6025 01 73

       PIS 1.63 1.60 3. 23 28. 03 48 44 45

       PPIS 1. 1. 2. 53 24. 51 55 5737 16 28

        5 SIS 1.92 0. 57 2. 49 17.09 54 22 32

       H O L P 0. 0. 1. 68 11. 77 77 7175 93 58

       PIS 1.29 1.63 2. 92 16. 41 61 62 48

       PPIS 0. 1. 1. 88 12. 74 75 6883 05 77

           n = 3 0 0 1 SIS 2.23 1. 12 3. 35 22.55 40 18 19

       H O L P 1. 2. 4. 05 23. 59 52 3752 53 99

       PIS 1.38 2.21 3. 59 43. 54 56 51 55

       PPIS 1. 2. 3. 69 21. 61 52 4245 24 88

        2 SIS 1.78 1. 44 3. 22 19.11 59 33 30

       H O L P 0. 1. 2. 03 14. 82 79 7069 34 26

       PIS 1.12 2.45 3. 57 21. 69 72 58 58

       PPIS 0. 1. 2. 00 15. 83 79 7266 34 47

        5 SIS 1.37 1. 97 3. 34 15.55 71 39 53

       H O L P 0. 0. 1. 02 6.77 99 92 9217 85

       PIS 0.91 2.86 3. 77 12. 89 77 66 66

       PPIS 0. 0. 1. 11 6.57 96 95 9118 93

          A b b re v i a ti o n s : F N , f a l s e n e g a ti v e ; F P , f a l s e p o s i t iv e ; H O L P , h i g h - d i m e n s i o n a l o r d in a ry l e a s t

          s q u a re s p ro j e c t i o n ; P I S , p ro f i l e d i n d e p e n d e n c e s c re e n i n g ; P PI S , p re c o n d i t io  n e d P I S ; S  I S , s u re

 i n d e p e n d e n c e s c r e e n in g .

          TABLE 3 Av e r a g e d F N , F P , F N + F P , an d L 2 a n d
       t he t o ta l n u m b er o f t im e s f o r e a c h re le v a n t

     variable and the n oise variable x( )6  b e i n g s e le c t e d
  f o r E xa m p le 4

x        M e th o d s F N F P F N + F P L 2 x( ) x ( ) x( ) x( ) x ( ) x ( )

           0.05 S IS 4.27 0.27 4. 54 305. 67 0 0 0 0 73 27

          HOLP 2. 17 0. 60 2.77 214. 82 57 57 54 33 82 43

          PIS 4.05 0.05 4. 10 313. 07 0 0 1 94 0 0

          PPIS 0. 96 0.73 1. 69 79. 45 77 77 74 93 83 62

           0.1 S IS 4. 05 0.05 4. 10 291. 96 0 0 0 0 95 5

          HOLP 2. 07 0. 42 2.49 218. 49 54 58 59 27 95 28

          PIS 4.03 0.03 4. 06 312. 95 0 1 0 96 0 0

          PPIS 0. 75 0.60 1. 35 65. 66 80 81 78 89 97 52

           0.2 S IS 4. 01 0.01 4. 02 289. 39 0 0 0 0 99 1

          HOLP 2. 12 0. 27 2.39 217. 93 52 54 54 28 100 8

          PIS 4.06 0.06 4. 12 316. 28 1 1 1 91 0 0

          PPIS 0. 80 0.26 1. 06 66. 50 76 74 77 93 100 15

          A b b re v i a ti o n s : F N , f  a l s e n e g a t iv e ; F P , f a l s e p o s i t iv e ; H O L P , h i g h - d i m e n s i o n a l o rd i n a ry l e a s t

          s q u a re s p ro j e c t i o n ; P I S , p ro f i l e d i n d e p e n d e n c e s c re e n i n g ; P P IS , p r e c o n d i ti o n e d P IS ; S I S , s u r e

 i n d e p e n d e n c e s c r e e n in g .

                      ge nerally h as the s mallest ave raged FN s, FPs, and L2 s and the largest hit rates f o r indiv idual relevant variables. This s up po rts o ur the ory that

           P PI S i s m o re s u i ta b le f o r v a ri ab l e s c re e n in g f o r h i g h-  d i m e ns i o n al m o d e l s u n d e r m u lt ic o l li n e ari ty .

         Fo r Ex amp le 2 (s ee T ab le 1), it is n o te d tha t x( )5             i s u n c o rr e la t e d w i t h o t h e r p re d i c t o rs a n d c a n t h e re f o r e b e s u c c e s s f u l ly s e l e c t e d b y S I S .

                   Ho w e v er, S IS s till po o rly mis se s th o se rele v an t v ariab les u nd e r th e mu ltic o lline arity iss ue . S imila r to tho s e o bs e rvatio ns in Ex amp le 1 , HO L P

            still do e s no t p erf o rm s atis fa cto rily e sp ec ially f o r sm all- s am ple se tting s . PIS p erfo rms s atis fa c torily w h en         .= 0 5. H o w e v e r , i t h a s t h e w o r s t

 p e rf  o rm a n c e w h e n                      .= 0 95 a n d t h e s a m p l e s i ze s a r e s m a l l . A g a i n , o u r p  r o p o s e d P P I S y  i e l d s t h e b e s t p  e  r f o r m an c e u n d e r a l l s e t t in g s b e i n g

                         c o n s id e re d i n E x a mp l e 2 . It i s n o t e w o rt hy t h a t P PI S i s a ls o m o re s u i ta b le t o c o p e w i t h s i tu a ti o n s i n w h i c h s o m e o f th e t ru e v a ri ab l e s a re m a rg in a ll y

 unco rrelate d w ith     y in the line ar mod el.

                        For Exam ple 3 (se e Table 2), it sho uld be n oticed that th e pro filed p red ictors prod uce d by PIS are co rrelated. The ref ore, both SIS and PIS are

                    i nf e ri o r t o PP IS a n d H O L P. A s PP IS c a n p ro d u c e u n c o rre la te d p ro f i le d p re d ic t o rs b y th e a ll ia n c e b e tw e e n p re c o n d it io n i n g a n d f a c to r p r o f il in g , i t

                    pe rfo rms s atis fa cto rily. Fo r all the me tho d s b ein g co ns ide red, it is no tew o rthy that th e lar ger the sig na l- to - no is e ratio , the bette r th e perf orman c e .

                            The results o f Examp le 4 are listed in Table 3. It c an b e se en that PPIS has the le ast FN + FP and the be st p erformanc e fo r impo rt ant variable

          sc reen ing in e ve ry situ ation . It is no te w o rthy that PPIS ca n se le ct x ( )5   a n d re j e c t x( )6    m o r e s u c  c e s s f u l l y w h e n x  is large r.
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       M e th o d s F N F P F N + F P L 2 x( ) x( ) x( )

         Example 5 SIS 2. 17 0.58 2. 75 23. 63 26 28 29

       H O L P 0. 0. 0. 53 2. 89 95 9521 32 25

       PIS 1.03 1.29 2. 32 10. 82 65 69 63

       PPIS 0. 0. 0. 62 2. 86 94 9426 36 83

         Example 6 SIS 2. 28 0.48 2. 76 25. 44 21 26 25

       H O L P 0. 0. 0. 85 6. 82 76 7963 22 82

       PIS 1.99 0.95 2. 94 21. 25 30 31 40

       PPIS 0. 0. 1. 00 7. 83 76 7566 34 06

        A b b re v i a ti o n s : F N , f  a l s e n e g a t iv e ; F P , f a l s e p o s i t iv e ; H O L P , h i g h -  d i m e n s i o n a l

        o rd i n a ry l e as t s q u a re s p ro j e c t i o n ; P I S , p r o f i le d i n d e p e n d e n c e s c r e e n in g ; P P IS ,

     p re c o n d i t i o n e d P IS ; S I S , s u re i n d e p e n d e n c e s c r e e n in g .

            TABLE 4 Averaged FN , FP, F N + F P, an d L2 an d the to tal
         n u m b e r o f t i m e s f o r e a c h re l e v a n t v a ri a b le b e i n g s e l e c te d f o r

   Examples 5 and 6

      D atas et M eth o d R M S EP S ele c ted w av ele ng th s (se lec te d time s )

     Corn dataset SIS 0.2916 2,478 (64).

       H O L P 0. 0003 1,906 (37), 1,908 (100), 2, 108 (100)

       PIS 0.2562 1,416 (33), 1,418 (69), 1, 420 (52)

       PPIS 0.0003 1, 906 (38), 1, 908 (100), 2,108 (100)

     Gasoline dataset SIS 0. 6477 1208 (97)

     H O L P 0. 4059 1,218 (84), 1,224 (58)

   PIS 1.0796 1,218 (36)

         PPIS 0.3836 1, 218 (86), 1, 224 (31), 1,414 (35), 1, 416 (56)

            N o t e . Predicto rs that are s elected mo re than 30 time s are listed. Abbre viations: H OLP,

        h i g h - d i m e n s io n a l o  r d i n ar y l e a s t s q u a r e s p ro j e c t i o n ; P I S , p ro f i le d i n d e p e n d e n c e s c re e n -

         i ng ; PP IS , p re c o n di t io n e d P IS ; RM S E P, ro o t-  m e a n - s q ua re p re d ic t i o n e rro r; S I S , s u re

 i n d e p e n d e n c e s c r e e n in g .

      TABLE 5 Av e r ag e R M S E P , s e le c t e d w a v e l e n g t h s , a n d
       t h e ir t o t a l s e l e c t e d t i m e s f o r t w o re a l d at a s e t s

                        F o r E x a m p le s 5 a n d 6 ( s e e T a b l e 4 ) , b o t h S I S a n d P I S p e r f o rm p o o r ly i n t h e t w o e x a m p l e s . U n d e r t h e s p i ke d p o p u l a t io n m o d e l w i th s l o w

                  spec trum dec ay of pop ulation c ov arian ce matrix, PIS c ould no t alw ays gu arante e to ob tain unc orrelated p rof ile d pred ictors, an d theref ore , s ome

                         relev an t variab les are mi ssin g in the mo d el. E ve n w orse , as de sc ribe d in Ex amp le 6, if th ere is an en do g e ne ity p rob lem in the mo d el, an d SIS an d

                 PIS w ill be mis lead ing . Bo th PPIS an d H OLP pe rfo rm bette r than PIS and SIS in th e tw o ex amp les .

    3.2 App lic ation to real d ata

                        In this sec tion, w e app ly SIS , H OLP, PIS, an d PPIS to analys e tw o ne ar-inf rared (NIR) sp ec tral datase ts. NIR spec tra are an imp ortant type o f d ata

                      i n c h e m o m e t ri c s . I t i s o f g r e at c  h a l le n g e t o s e l e c t i m p o rt an t p re d i c t o rs f  o r N I R s p e c t ru m re s e a rc h . It i s w e l l - k n o w n t h a t t h e p r e d ic t o rs o f N I R

                  spe ctral d atasets are alw ays high dime nsio nal an d h igh co rrelated. T his character co inc ides w ith ou r p ropo sed app roach and othe r c o mpared

                  m e th o d s t o d i s ti ng u i s h t he i r d if f e re n t p e rf o rm a n c e a s b ig a s p o s s ib l e . T h e re f o re , t o o b ta in t h e c o m p r eh e n s iv e p e rf o rm a nc e o f o u r p ro p o s e d

                   me tho d, w e us e tw o NIR sp e ctral data se ts to repo rt the s tud y resu lts. B elo w are b rief d es c ription s o f the tw o d atas ets :

             Corn d ataset T h e c o r n d a t as e t c o n s i s t s o  f 8 0 s a m p l e s , d o w n l o a d e d f r o m h t tp : / / s o f t w a re . e i g e n v e c t o r. c  o m / d a ta / i n d e x. h t m l. T h e re s p o n s e

                   variable is th e c o rn m ois ture valu es , an d the p redic to rs are th e w ave le ng th inte ns ities at 70 0 p o ints rang in g fro m 1 , 10 0 to

          2 , 4 9 8 n m a t 2 - n m i n t e rv a l s . T h e d e s i g n m at r ix i s o f d i m e n s i o n   80 700× .

                     G a s o li n e d a t a s e t T h e g a s o l i n e d a t a s e t ( Ka l iv a s , 1 9 9 7 ) i s a N IR s p e c t ra l d a t a s e t w i t h N I R s p  e c t ra a n d o  c t a n e n u m b e r s o f 6 0 g a s o l in e s a m p l e s .

                T h e N I R s p e c t ra w e r e m e a s u re d f ro m 9 0 0 t o 1 , 7 0 0 n m i n 2 - n m i n t e rv a ls , g i v i n g 4 0 1 w a v e l e n g th s ( v ar ia b l e s ).

           For e ach datase t, we use d Monte Carl o sam pling witho ut r eplacem ent to select            80% o f the original sam ples as the training dataset and th e res t

                           20% s ample s as the testing datas et. S IS, HO LP, PIS, and PPIS are used to selec t th e best mode l o n the basis of the training datas et. Th is p roce ss is

                 re p e a t e d i n d e p e n d e n t ly 1 0 0 t i m e s . T h e p r e d ic t i o n a c c u r ac  i e s o f t h e s e m e t h o d s a re m u re d b y t h e ro o t - m e a n - s q u a re p re d i c t io n e rr o r ( RM S E P )e a s

         on the b as is of th e tes ting da ta w ith size , s ay       N. H e r e , t h e R M S E P i s c o m p u t e d a s

N
i=1 (y i −y i)

2 N, w h e re yi      s are the o b se rvation s o f th e

      resp on se v ariable in th e tes ting da tase t, w he reas yi       s are the pre dicted v alu es o f yi             s f o r an y s e l e c t e d m o d e l . I n e s s e n c e , w e d i d n o t k n o w t h e re a l

                         mode l of real data. And w e c ould not say w hic h p red ictor is the true variable. In this pap er, w e u se RMS EP to re pres ent the p erf ormance of

           p re d i c t i o n . A n d w e t h i n k t h e b e s t m o d e l m u s t h a v e t h e s m a l l e s t R M S E P .

                        The results of the tw o real ex amples are summ arized in Tab le 5 . H ere, w e repo rt in Table 5 thos e predic tors that are se lecte d mo re than

                        30 tim es and the ir s ele cte d tim es . It is ob se rved that PPIS prod uc e s the sm alle st RMS E Ps in b oth data se ts. It is inte restin g to no te that th e

                       s e l e c te d p re d i c t o rs a n d R M S E P s a re s i m i la r f o  r P P IS a n d H O L P in b o t h t w o d a ta s e t s . I n p a rt i c u la r, t h e s e l e c t e d p r e d ic t o r s o f PP I S a n d H O L P h a v e

                     i m p o rt a n t c h e m i c a l m e a n i n g in t h e c o  r n d a t a s e t. B r ie f l y , t h e 1 , 9 0 6 - , 1 , 9 0 8 -  , a n d 2 , 1 0 8 - n m w a v e l e n g th s a re in t h e r e g io n o f w a t e r a b s o r p ti o n a n d

                       the c ombination o f the O– H areas, w hich c an be regarde d as an imp ortant p red ictor fo r the respo ns e variab le (i. e., co rn moisture; H uang e t al. ,

                      2 0 1 2 ). F o r t h e g a s o l in e d a t a s e t, 1 , 2 1 8 - a n d 1 , 2 2 4 - n m w a v e l e n g th s a re i n t h e s p  e c t ra l r e g io  n , w h i c h a re t h e m o s t u s e f u l f o r t h e d e t e rm in a t i o n o f
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                   p a ra f f i n a n d i s o p a ra f f i n c o n c e n t r at i o n s , a n d t h e y c o u l d b e c o r re l a te d t o th e re s p o n s e v a ri ab l e ( i.  e  . , o c t a n e n u m b e r; M a g g a rd , 1 9 9 4 ) . I n c o n c l u s io  n ,

                   w e o bs erve th at PPIS is a reliab le v ariable s cree nin g p roc e du re f o r h igh - d ime ns ion al dat ase ts w ith a m ultic o lline arity issu e . M o st im po rtantly , it

               giv e s the sm alle st p redic tio n e rr ors and p rod uc e s mo re reas on ab le resu lts f o r the tw o NIR sp e ctral data se ts.

 4 C O N C L U S I O N

                   In th is article , w e p rop o se a so - c a lled PP IS ap pro ac h f or s ele c ting va riables f o r h igh - d ime ns io na l lin ea r regres sio n m o de ls w ith h igh ly c o rr elated

                p re d ic t o rs . O u r p r o p o se d s im p l e p re c o n d it i o ni n g a n d f a c t o r p ro f i li n g p ro c e d u re s a re s h o w n t o s u c c e s s f ul ly re m o v e t h e m u l ti c o ll in e ar it y a m o n g

                   the (prof iled ) pred icto rs. A cc o rding to o ur s imu latio n s tud ies , altho u gh the f am ou s PIS ma y p erfo rm sa tisf ac to rily fo r situa tion s in w hic h th e

                     co rrelatio ns are lo w am on g the p redic to rs, it m ay n o t be u se fu l f o r h eav y mu ltic ollin e arity situ atio ns , as its p rof ile d p redic to rs ma y s till be

                   c o r re la t e d . C o m p a re d w  i t h P I S a n d o t h e r e x i s t in g a p p ro a c h e s , o  u r p r o p o s e d P P IS p e r f o rm s v e ry w  e l l w h e n t h e p re d i c t o rs a re h i g h l y c o rr e la t e d

                       i n h i g h - d i m e n s i o n a l s e t t in g s . T h e g o o  d p e r f o rm a n c e o f t h e P P IS i n th e t w o re a l d a t a a n a ly s e s a ls o i n d i c a te s t h at o u r p r o p o s e d m e t h o d c o u l d b e a

              very go o d alternative fo r v ariable screening task fo r d atasets w ith hig h- dime nsio nal and h ighly c o rrelated p redictors.

                     O n e m ay b e s c e p ti c a l i f t he p r o f il e d p r e di c to r s f r o m P I S ar e s t il l c o r re la te d a n d p re c o n di ti o n in g i s g o o d e n o u g h t o d e c o rre l at e th e p re d i c to rs :

                    I s i t n e c e s s a ry f o r P P I S t o u s e b o t h t h e f a c t o r p r o f i l in g a n d p re c  o n d i t io n i n g t o a c h i e v e t h e u n c o r re l at e d p r e d ic t o r s a s y m p t o t i c a ll y ? T o i n d i c a te

                         w h y f a c t o r p r o f i li n g i s s t i ll n e c e s s a r y , w e c o n s i d e r i n t h e s i m u l a ti o n s t u d ie s o f E x a m p l e s 1 a n d 2 , w h i c h w e r e a d o p t e d i n F a n a n d L v ( 2 0 0 8 ) a n d

                        C h o a n d F ry z le w i c z (2 0 1 2 ). I t i s n o t e w o r th y t o p o i n t o u t t h at i n b o t h e x a m p l e s , a re l e v a n t v a r ia b l e i n t h e m o d e l h a s n o m a rg i n a l c o rr e la t io n w i t h

                         t h e r e s p o n s e v a ri a b le . A s a r e s u lt , S IS a n d H O L P a re u n a b l e t o s e le c t t h e t ru e v a ri ab l e s c o  r re c t l y , w h e re a s th e s o rt i n g o f S I S o r H O L P d e p e n d s o  n

                    the ma rginal c o rrelation be tw e en e ach p redic to r and the res po n se va riable. T his in terest ing p he no m en o n is du e to the late nt fa cto r struc ture o f

                     the p redic to rs, a nd the f ac to r p rof ilin g c an s uc c es sf ully e limin ate the e ff e c t f rom th e laten t f ac to r s tructu re. T his is in de e d th e main dif f e renc e

      b e t w e e n o u r m e t h o d a n d o t h e r p r e c o n d i ti o n i n g m e t h o d s .

 D A T A A C C E S S I B I L I T Y

                  The c orn dataset is available at http :/ / sof tw are.e igen ve cto r.co m/ d ata/ index. h tml, and the g aso line dataset is available in ‘ ‘p ls’’ R p ackag e at CRA N.
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