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In this article the authors demonstrate two instances where the jackknife can be used to 
enhance hierarchical linear model (HLM) analyses. The jackknife was used to improve the 
HLM estimates of composite measures by jackknifing over items. The first study examined 
fixed-effects and variance component estimation. The jackknife appeared to reduce the bias in 
the estimates both of slopes and of variances by implicitly adjusting for item-by-person and 
item-by-group interactions. The second study examined the utility of the jackknife as a 
multilevel item analysis tool. The results suggest that pseudovalues offer a unique opportu­
nity for isolating item variability in multilevel data. The jackknife seems to offer enhance­
ments and insights to conventional HLM analyses. 

In recent years pract ice i n p s y c h o m e t r i c s has shi f ted f r o m classical approaches 
to m o r e c o m p l i c a t e d analyses . A s the sophis t i ca t ion of o u r techniques i n ­
creases, lessons l earned f r o m classical p r i n c i p l e s m a y be lost. In a d v a n c e d 
analyses s u c h as l i n e a r s t r u c t u r a l e q u a t i o n m o d e l i n g or m u l t i l e v e l m o d e l i n g 
( i n c l u d i n g h i e r a r c h i c a l l i n e a r m o d e l i n g [ H L M ] ) , it is easy to get s ide t racked b y 
the intr icacies of the m o d e l s a n d the complex i t i es of the es t imat ions a n d to 
forget that the o r i g i n a l measures are e r r o r f u l a n d not true scores. A s a result , 
w e m a y f a i l to take i n t o account the b i a s i n g effects that m e a s u r e m e n t error can 
h a v e o n e s t i m a t i o n a n d in terpre ta t ion . F o r e x a m p l e , m u l t i p l e indica tors are 
of ten b u i l t i n t o s t r u c t u r a l e q u a t i o n or H L M m o d e l s i n a n at tempt to separate 
the effects of latent var iab les f r o m those of uncorre la ted m e a s u r e m e n t errors. 
H o w e v e r , the use of these i n d i c a t o r s requires ser ious c o n s i d e r a t i o n of re levant 
m e a s u r e m e n t techniques a n d error s tructures , espec ia l ly the r e l a t i o n s h i p 
a m o n g i tems, constructs , a n d the i t e m s a m p l e s ize . A n y var iab le can i n c l u d e 
error a n d these errors c a n c u m u l a t e a n d correlate, p r o d u c i n g bias. C l a s s i c a l 
approaches are d e s i g n e d spec i f i ca l ly to address error structures at b o t h test 
a n d i t e m leve ls a n d , therefore, c o u l d theoret ical ly be u s e d to i m p r o v e s o p h i s t i ­
cated analyses . 

T h e p u r p o s e of this art icle is to m e l d c lass ical theories a n d m e t h o d s w i t h 
a d v a n c e d m o d e l s a n d e s t i m a t i o n procedures . Spec i f i ca l ly , the u t i l i t y of the 
j a c k k n i f e i n H L M analyses of c o m p o s i t e measures is e x a m i n e d . T h e j ackkni fe is 
u s e d to t ry to i m p r o v e fixed-effects es t imat ion , to f i n d true-score var iance 
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c o m p o n e n t s b y i m p l i c i t l y ad jus t ing for i t e m - b y - p e r s o n a n d i t e m - b y - g r o u p 
interact ions , a n d to q u a n t i f y i t e m v a r i a b i l i t y at b o t h s tudent a n d c lassroom 
levels . S p e c i a l a t tent ion is d i rec ted to the sizes a n d locat ions of the interact ions 
a n d the i m p l i c a t i o n s of these f i n d i n g s for e d u c a t i o n a l measurement . 

Hierarchical Linear Modeling 
T h e h i e r a r c h y i n h e r e n t i n e d u c a t i o n a l data m a k e s s u c h data a p p r o p r i a t e for 
H L M analyses , as H L M analyzes regression equat ions at m u l t i p l e levels s i m u l ­
t a n e o u s l y ( R a u d e n b u s h & B y r k , 2002). F o r e x a m p l e , cons ider a t w o - l e v e l ana l ­
ys is of s t u d e n t a c h i e v e m e n t w i t h s tudents nested w i t h i n c lassrooms. A 
m u l t i p l e regress ion m o d e l relates i n d e p e n d e n t s tudent var iables (e.g., gender , 
i n i t i a l k n o w l e d g e ) a n d the outcome var iab le ( f inal s tudent achievement) . Inde­
p e n d e n t c l a s s r o o m - l e v e l var iab les (e.g., teacher experience , c l a s s r o o m resour­
ces) i n f l u e n c e the expected s tudent ach ievement a n d also m o d i f y the relat ive 
effects of s t u d e n t - l e v e l var iables o n achievement . H L M also estimates the 
o v e r a l l o u t c o m e v a r i a b i l i t y a n d the v a r i a b i l i t y of the effects. 

A l t h o u g h H L M techniques a l l o w for sophis t ica ted m o d e l i n g of e d u c a t i o n a l 
data , the r e s u l t i n g estimates r e m a i n , f r o m a p s y c h o m e t r i c perspect ive , p o i n t 
est imates that are i n f l u e n c e d b y systematic m e a s u r e m e n t error a n d are p r o b a b ­
l y b i a s e d . T h e m e a s u r e m e n t error is c o n c e p t u a l i z e d as a r i s i n g because m o s t 
e d u c a t i o n a l i n d i c a t o r s are composi tes of i n d i v i d u a l var iables : that is, they are 
cons t ruc ted f r o m i t e m samples . Spec i f i ca l ly , the d e p e n d e n t v a r i a b l e s — a n d 
of ten i n d e p e n d e n t var iab les—are test scores based o n responses to m u l t i p l e 
i tems, a n d each i t e m response contains m e a s u r e m e n t error . C o m p u t i n g test 
scores as averages of the i t e m responses reduces the error re lat ive to the error 
of s ing le i tems, b u t is s t i l l d e p e n d e n t o n i t e m heterogeneity a n d o n test length . 
In a n H L M ana lys i s , i t e m - b y - p e r s o n interact ions or i t e m - b y - g r o u p (classroom) 
interact ions are s u b s u m e d i n the var iances of the c o m p o s i t e test scores, b u t are 
c o n f o u n d e d w i t h a n d therefore m a y bias the estimates of s t ruc tura l coefficients 
a n d var iances . 

Jackknife 
T h e j a c k k n i f e o r i g i n a l l y d e v e l o p e d b y Q u e n o u i l l e (1956) a n d later m o d i f i e d b y 
M o s t e l l e r a n d T u k e y (1977) can be u s e d to q u a n t i f y the a m o u n t of bias i n a n 
est imate, r e d u c e the bias i n the estimate, a n d f i n a l l y place conf idence intervals 
a r o u n d the n e w u n b i a s e d est imate. Essent ia l ly , the jackkni fe is a r e - s a m p l i n g 
technique that uses m u l t i p l e estimates based o n subsets of the o r i g i n a l o b s e r v a ­
t ions to correct for the bias . T h e u n k n o w n estimates are first ca lculated u s i n g 
the ent ire s a m p l e a n d then recalculated u s i n g parts of the s a m p l e . W e i g h t e d 
c o m b i n a t i o n s of the s u b s a m p l e estimates a n d the o r i g i n a l estimate are u s e d to 
create a j a c k k n i f e est imate i n w h i c h the m a g n i t u d e of bias w i l l be r e d u c e d 
( M i l l e r , 1964; Q u e n o u i l l e , 1956). The j ackkni fe w o r k s to r e m o v e s a m p l i n g bias 
a n d c a n e x p a n d the a p p l i c a t i o n s of procedures that w o u l d n o r m a l l y be restrict­
e d to large s a m p l e s or samples that meet n o r m a l i t y a s s u m p t i o n s (Rogers, 
1976). 

Jackkni fe m e t h o d s are b e l i e v e d to p r o v i d e direct n u m e r i c a l a p p r o x i m a t i o n s 
of b o t h b ias a n d s t a n d a r d error a n d to g i v e rel iable conf idence l i m i t s . In a 
c o m p r e h e n s i v e r e v i e w of the j ackkni fe , M i l l e r (1974) n o t e d successful a p p l i c a ­
t i o n of the j a c k k n i f e to ra t io est imators , w-statistics, regress ion estimates, 
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v a r i a n c e inferences, a n d m u l t i v a r i a t e analyses. H e w e n t o n to h y p o t h e s i z e 
success ful use of the j ackkni fe i n l i n e a r l y t r a n s f o r m e d order statistics, corre la ­
t i o n coeff ic ients , a n d o u t l i e r analyses . Since that r e v i e w , j ackkni fe p r i n c i p l e s 
h a v e also been a p p l i e d to factor l o a d i n g s , m u l t i p l e m a t r i x s a m p l i n g , re l iab i l i ty , 
a n d m a x i m u m l i k e l i h o o d estimates (Brennan, H a r r i s , & H a n s o n , 1987; 
H u i t e m a , & M c K e a n , 1994; W i l c o x , 1997). In terms of conf idence i n t e r v a l a p ­
p l i c a t i o n s , the j a c k k n i f e has b e e n s h o w n to be robust against n o n - n o r m a l i t y , 
u s e f u l w i t h s m a l l s a m p l e s izes, a n d a v a l u a b l e tool for the in te rna l r e p l i c a t i o n 
of a s t u d y ( P a n d e y & H u b e r t , 1975; W h i t e , 2000). 

Objectives 
M e l d i n g H L M a n d j a c k k n i f i n g techniques offers m u l t i p l e advantages . First , the 
j a c k k n i f e has been p r o v e n s o m e w h a t u s e f u l for r e m o v i n g the bias i n the 
v a r i a n c e of s tudent a c h i e v e m e n t scores (Ki fer , W o l f e , & S c h m i d t , 1993; K i f e r & 
W o l f e , 1986; M i l l e r , 1974). S e c o n d , the jackkni fe has been s h o w n to be a u s e f u l 
p r o c e d u r e for e s t i m a t i n g the true score var iance of a n i n d i v i d u a l i t e m ( S c h m i d t 
& W o l f e , 1983). T h e p s e u d o v a l u e s p r o v i d e a f o r m of i t e m analys is that can h e l p 
to invest igate the in f luence of each i t e m o n the other i tems. In H L M , because 
analyses are b e i n g c o n d u c t e d o n m u l t i p l e levels , the s i tua t ion is fur ther c o m p l i ­
cated. B i a s e d estimates h a v e the potent ia l to arise at each of the levels . W e 
p e r f o r m e d t w o s tudies to invest igate w h e t h e r the jackkni fe can be u s e d (a) to 
r e m o v e the bias , a n d (b) to s u p p o r t i t e m analyses at m u l t i p l e data levels . 

Study 1 
Purpose 
T h e o r e t i c a l l y , b y j a c k k n i f i n g over i tems, the bias i n H L M var iance c o m p o n e n t 
estimates r e s u l t i n g f r o m c o m p o s i t e measurements w i l l be r e d u c e d . In H L M , 
i n d i v i d u a l systemat ic errors c a n also in f luence the accuracy of estimates o n 
m u l t i p l e levels . S p e c i f i c a l l y , w h e n i tems are a d m i n i s t e r e d to m u l t i p l e s tudents 
across m u l t i p l e c lassrooms , the i t e m response systematic errors c a n lead to 
b i a s e d estimates at b o t h s tudent a n d c l a s s r o o m levels . T h e p u r p o s e of the f irst 
s t u d y is to invest igate the feas ib i l i ty of a p p l y i n g the jackkni fe to H L M var iance 
est imates. 

Data Source 
T h e IE A S e c o n d Internat iona l M a t h e m a t i c s S t u d y (SIMS; Burs te in , 1993) w a s 
the f i r s t — a n d is so far the o n l y — m a j o r in ternat iona l e d u c a t i o n a l ach ievement 
s u r v e y to h a v e col lec ted d a t a at m o r e t h a n one p o i n t i n t ime o n the same 
s tudents . I n s ix other countr ies a n d t w o C a n a d i a n prov inces , the same s t u ­
dents , c lass rooms , a n d schools w e r e s a m p l e d at the b e g i n n i n g a n d at the e n d of 
g r a d e 8. T h e s tudents w e r e tested i n mathemat ics k n o w l e d g e a n d s k i l l . These 
a c h i e v e m e n t data , together w i t h a r i c h array of quest ionnaire data f r o m s t u ­
dents , teachers, a n d schools , p r o v i d e a basis for s t u d y i n g cogni t ive g r o w t h a n d 
its correlates . 

T o invest igate the effects of m e a s u r e m e n t errors i n compos i te measures o n 
H L M analyses , a set of i tems, 8 a lgebra a n d 8 geometry , f r o m the " c o r e " S I M S 
test f o r m w a s u s e d . These i tems w e r e a n s w e r e d b y a l l s tudents at the b e g i n n i n g 
a n d the e n d of the s c h o o l year . In a d d i t i o n , at the e n d of the year the c l a s s r o o m 
teachers a n s w e r e d a n o p p o r t u n i t y to l e a r n ( O I L ) q u e s t i o n about the i tems: D i d 
the s tudents i n the c l a s s r o o m h a v e the o p p o r t u n i t y to learn the mathemat ics 
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necessary to a n s w e r the quest ion? O T L w a s i n c o r p o r a t e d in to the m o d e l as a 
c l a s s r o o m - l e v e l var iab le whereas s tudent gender w a s c o n s i d e r e d a s tudent-
l e v e l d e m o g r a p h i c var iab le . The analys is w a s c o n d u c t e d for four of the S I M S 
p o p u l a t i o n s : France (7,226 students i n 335 schools) , O n t a r i o ( C a n a d a , 3,877 
s tudents i n 161 schools) , N e w Z e a l a n d (4,469 students i n 175 schools) , a n d the 
U n i t e d States (4,846 s tudents i n 284 schools) . 

HLM 
A c o n v e n t i o n a l H L M analys i s of these data w o u l d cons ider the end-of -year 
a c h i e v e m e n t (T 2 achievement) as the d e p e n d e n t var iab le a n d the beg inning-o f -
year a c h i e v e m e n t (Tj achievement) a n d s tudent gender (sex; 0 for female , 1 for 
male) as i n d e p e n d e n t s tudent - l eve l var iables . O T L is c o n s i d e r e d a n i n d e ­
p e n d e n t c l a s s r o o m - l e v e l var iab le . T h e intercept a n d s lope coefficients i n the 
regress ion of T 2 a c h i e v e m e n t o n T, ach ievement a n d sex w o u l d be c o n s i d e r e d 
to v a r y f r o m class to class i n par t sys temat ica l ly d e p e n d i n g o n O T L a n d i n part 
r a n d o m l y . T h i s ana lys i s , f o l l o w i n g the n o t a t i o n of B y r k a n d R a u d e n b u s h 
(2002), is as f o l l o w s : 

r2,y = p o y + p v * S E X + p 2 y . * T l i y - r ^ , 

Po; = Yoo + Yoi * O T L + u0j, 

P i , =YlO + 
p2, = Ï20 + »2,-

T h e f irst f o r m u l a is the s t ructure of the regress ion w i t h i n c l a s s r o o m , a n d 
says that s t u d e n t z's a c h i e v e m e n t at t i m e 2 (T2//) is a f u n c t i o n of the average 
a c h i e v e m e n t (p 0 y) i n classroom/', the gender effect (P l y) i n c lassroom; ' , the t i m e 1 
a c h i e v e m e n t effect (P 2 ;) i n c l a s s r o o m ; ' , a n d r a n d o m student error (r,y). T h e next 
f o r m u l a says that the average w i t h i n - c l a s s r o o m ach ievement (P„) d e p e n d s o n 
the g r a n d m e a n a c h i e v e m e n t (y00), the effect of O T L (y 0 ] ) a n d r a n d o m c l a s s r o o m 
error (u 0 ; ) . T h e last t w o f o r m u l a s state that the regress ion coeff icients for SEX 
a n d T, a c h i e v e m e n t are d e p e n d e n t o n the average gender effect (y 1 0) a n d 
average T1 a c h i e v e m e n t effect (y 2 0) a n d r a n d o m v a r i a t i o n (M 1 ; a n d w 2 ) respec­
t i v e l y . A l l the i n d e p e n d e n t var iables w e r e g r o u p centered a n d the c l a s s r o o m 
averages are set at the female l e v e l of 0. A l t h o u g h a l l the i tems w e r e f i t ted w i t h 
the same m o d e l , the a lgebra a n d g e o m e t r y i tems w e r e a n a l y z e d separately. 

Jackknife 
T h e three var iab les T 2 ach ievement , T1 ach ievement , a n d O T L are compos i tes 
o v e r each set (algebra a n d geometry) of e ight i tems. T h e y h a v e m e a s u r e m e n t 
error because those e ight i tems are a s a m p l e f r o m a p o t e n t i a l l y m u c h larger set 
of i t ems , a n d p o t e n t i a l i t e m - b y - s t u d e n t interact ions (some i tems w e r e better 
u n d e r s t o o d b y s o m e s tudents at the b e g i n n i n g of the year or w e r e m o r e 
f requent ly learned) , i t e m - b y - c l a s s r o o m interact ions (some i tems w e r e o n 
average better u n d e r s t o o d , l earned m o r e a n d /or taught m o r e i n cer ta in class­
rooms) , a n d i t e m - b y - v a r i a b l e effect (T1 achievement , sex, a n d O T L ) interac­
t ions . 

T o disaggregate s o m e of these m e a s u r e m e n t effects, w e j a c k k n i f e d over 
items. T h a t is , the H L M m o d e l is a n a l y z e d f irst u s i n g the c o m p o s i t e measures 
for a l l e ight i tems, then , i n t u r n , one at a t ime, each i t e m is d r o p p e d a n d the 
ana lys i s is r e r u n . ( N o t e that the metr ic for the c o m p o s i t e measures is kept 
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constant b y r e s c a l i n g the seven- i t em scores to a n e ight - i tem total.) P s e u d o -
v a l u e s are constructed b y s u b t r a c t i n g the estimates obta ined for each of the 
r e p l i c a t e d analyses (8 analyses of 7 items) f r o m the first analys is estimates (all 
8 i tems) . T h e average of these p s e u d o v a l u e s represents the j a c k k n i f e d ( u n ­
biased) est imate . T h e p s e u d o v a l u e s w e r e also u s e d to c o m p u t e s t a n d a r d errors 
a n d t-statistics for the j a c k k n i f e d estimates as a measure of the p r e c i s i o n a n d 
s igni f i cance . 

T h e ent ire p r o c e d u r e w a s repeated for each test (algebra a n d geometry) a n d 
each of the f o u r countr ies . 

Results 
T h e results for each c o u n t r y are presented i n Table 1. The estimates f r o m the 
c o n v e n t i o n a l H L M analys i s ( i n c l u d i n g a l l 8 i tems) are labe led as ALL. T h e 
j a c k k n i f e results (based o n the average dif ference be tween ALL a n d the 7-item 
analyses) are l a b e l e d JK. T h e y represent estimates of w h a t the H L M parameters 
a n d var iances w o u l d be if w e w e r e able to use a compos i te measure that 
i n c l u d e d the population of i tems f r o m w h i c h o u r eight i tems is a s a m p l e . In 
p s y c h o m e t r i c terms, the estimates are "d isa t tenuated for u n r e l i a b i l i t y . " The 
o r i g i n a l H L M (ALL) a n d j a c k k n i f e d (JK) H L M estimates are p lo t ted i n F i g u r e 1. 

Discussion 
A c r o s s g e o m e t r y a n d algebra a n d across the f o u r countr ies , there is consistent 
e v i d e n c e that a c o n v e n t i o n a l ana lys i s underes t imates the s lope (y 2 0) of Tl 

ach ievement . I n a l l cases, except geometry for the U S , the j a c k k n i f e d s lope is 
h i g h e r t h a n the o r i g i n a l s lope . T h i s means that the errors i n the s tudent scores 
Tj a n d T 2 w e r e a t tenuat ing their corre lat ions . (The U S geometry result is 
a n o m a l o u s , as is c lear i n F i g u r e 1, a n d requires further inves t iga t ion because it 
is p r o d u c i n g negat ive error variances. ) F r o m o u r p s y c h o m e t r i c perspect ive , w e 
are o b t a i n i n g i n f o r m a t i o n that the slopes i n the p o p u l a t i o n of i tems are h i g h e r 
t h a n they seem i n the s a m p l e of i tems. 

T h e var iances i n the s lopes of the i n i t i a l test ing (u2;) are s m a l l , b u t they are 
cons is tent ly larger w h e n es t imated w i t h the jackkni fe . T h i s means that the i t e m 
s lopes v a r y i n di f ferent w a y s a n d that the j ackkni fe has r e m o v e d s o m e bias. 

T h e i n f l u e n c e of O T L (y 0 1) is about the same w i t h the o r i g i n a l a n d the 
j a c k k n i f e e s t i m a t i o n , so i t e m - b y - c l a s s r o o m interact ions i n O T L affect ing 
a c h i e v e m e n t are not p r o n o u n c e d . 

There is o n l y a s ign i f i cant o v e r a l l S E X effect (y 1 0) for geometry i n France. 
There is s ign i f i cant v a r i a b i l i t y o v e r c lassrooms i n the S E X slopes (M 1 ;), for a l l 
countr ies a n d b o t h subjects except g e o m e t r y i n O n t a r i o . N o n e of the gender 
coeff ic ients is v e r y d i f ferent b e t w e e n the o r i g i n a l a n d the j a c k k n i f e d estimates, 
i n d i c a t i n g that the effects are h o m o g e n e o u s o v e r i tems. 

T h e j a c k k n i f e d e r r o r var iances for students (r,y) a n d c lassrooms (u0) are 
a l w a y s l o w e r t h a n i n the o r i g i n a l H L M analys is . T h i s means that for b o t h 
c lass rooms a n d s tudents w i t h i n c lassrooms, the i tem-based measurement error 
w a s i n f l a t i n g the v a r i a n c e estimates. G e n e r a l l y , the i n f l a t i o n w a s greater for 
i n d i v i d u a l s , s u g g e s t i n g that i n d i v i d u a l - b y - i t e m interact ions are re la t ive ly 
greater t h a n c l a s s r o o m - b y - i t e m interact ions. O u r j a c k k n i f e d variances are es­
t imates of the v a r i a b i l i t y if a l o n g test w e r e u s e d . T h e i m p l i c a t i o n is that w i t h 
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Table 1 
S I M S Or ig inal and Jackkni fe H L M Analyses by Country and Topic 

Geometry Algebra 
All JK JKSE JKT All JK JKSE JKT 

France 

Grand Mean 1.26 .69 .182 3.78 2.44 1.74 .441 3.95 
OTL .19 .24 .060 3.97 .14 .16 .047 3.42 
Sex Slope .35 .28 .087 3.20 .24 .20 .133 1.52 
T1 Achievement Slope .44 .63 .063 10.01 .38 .54 .048 11.41 
Classroom variance .62 .51 .082 6.17 .71 .61 .082 7.44 
Sex variance .37 .29 .071 4.14 .33 .28 .083 3.35 
T1 variance .09 .11 .051 2.15 .09 .18 .057 3.07 
Student variance 1.41 .92 .066 13.83 1.43 .92 .085 10.83 

Ontario 

Grand Mean 1.88 1.27 .300 4.23 1.56 .91 .375 2.44 
OTL .21 .23 .044 5.24 .19 .22 .068 3.19 
Sex Slope .08 .03 .097 .27 - .05 - .06 .076 - .83 
T1 Achievement Slope .49 .66 .039 17.00 .45 .63 .044 14.16 
Classroom variance .69 .62 .110 5.68 .70 .73 .177 4.10 
Sex variance .15 .00 .085 .06 .38 .36 .054 6.73 
T i variance .11 .14 .037 3.83 .15 .21 .026 8.03 
Student variance 1.59 1.12 .042 26.43 1.51 1.02 .084 12.12 

New Zealand 

Grand Mean 1.84 1.15 .449 2.57 1.77 1.20 .268 4.46 
OTL .16 .18 .074 2.46 .13 .13 .052 2.43 
Sex Slope - .02 - .09 .073 -1.28 .02 .01 .109 .12 
T i Achievement Slope .54 .74 .044 16.92 .43 .63 .068 9.30 
Classroom variance .84 .70 .137 5.10 .56 .31 .174 1.81 
Sex variance .45 .45 .113 4.00 .27 .20 .137 1.50 
T i variance .08 .09 .026 3.38 .10 .14 .035 4.07 
Student variance 1.52 1.02 .031 32.56 1.47 .95 .075 12.69 

United States 

Grand Mean 1.27 -1 .86 .287 -6 .47 1.25 .79 .351 2.26 
OTL .23 .43 .052 8.23 .28 .28 .038 7.46 
Sex Slope .03 - .04 .036 -1.15 - .04 - .05 .085 - .64 
T i Achievement Slope .39 .15 .042 3.53 .36 .51 .044 11.64 
Classroom variance .85 - .27 .160 -1 .67 .92 .79 .175 4.54 
Sex variance .24 .31 .110 2.85 .25 .25 .090 2.79 
T i variance .15 .16 .022 7.46 .11 .17 .041 4.22 
Student variance 1.37 - .03 .128 - .26 1.48 1.00 .081 12.37 

s u c h a " t r u e s c o r e " the i m p o r t a n c e of the be tween-c lass room var iances i n ­
creases re lat ive to the be tween-s tudent var iances . 

Discussion 
T h e j a c k k n i f e w a s f o u n d consis tent ly to reduce a l l estimates of v a r i a b i l i t y a n d 
a f e w of the s lope est imates. A c c o r d i n g to the results of this s t u d y , the greatest 
a m o u n t of bias occurs i n the l eve l 1 var iance estimates a n d is p r o b a b l y d u e to 
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Figure 1. SIMS original (All) versus jackknife estimates for HLM parameters 
by country and topic. 

i t e m - b y - p e r s o n interact ions . T h e c l a s s r o o m leve l var iance estimates appear 
s l i g h t l y b i a s e d ; h o w e v e r , the a m o u n t of bias is qui te s m a l l . 

Study 2 
T h e f irst s t u d y e x p a n d e d the a p p l i c a t i o n of the jackkni fe to i n c l u d e the q u a n ­
t i f i ca t ion a n d r e m o v a l of bias i n H L M estimates for m u l t i l e v e l data . T h e p s e u -
d o v a l u e s ( p r o d u c e d b y the j a c k k n i f e procedure) have been s h o w n to be a 
u s e f u l i t e m ana lys i s t o o l for e s t i m a t i n g the true score var iance of a n i n d i v i d u a l 
i t e m ( S c h m i d t & W o l f e , 1983). In H L M these i t e m re la t ionships h a v e the p o t e n ­
t ia l to v a r y across m u l t i p l e levels . Theore t i ca l ly a " g o o d " i t e m at the s tudent -
l e v e l m a y be a " p o o r " i t e m at the s c h o o l l e v e l . A l t e r n a t i v e l y , p o o r i tems at the 
s tudent l e v e l m a y f u n c t i o n w e l l at the s c h o o l l e v e l . The p u r p o s e of the second 
i n v e s t i g a t i o n is to d e t e r m i n e the usefulness of c o m b i n i n g the jackkni fe a n d 
H L M for m u l t i l e v e l i t e m analyses . 

Data Source 
T h e T h i r d In ternat iona l M a t h e m a t i c s a n d Science S t u d y (TTMSS) w a s c o n ­
d u c t e d i n 1994-1995 to c o m p a r e s tudent per formance across m o r e t h a n 40 
countr ies . I n a d d i t i o n to a c h i e v e m e n t i tems, the students also r e s p o n d e d to 
quest ions a b o u t c l a s s r o o m practices . T h e quest ions about practices i n m a t h e ­
mat ics c lass rooms w e r e ei ther or iented t o w a r d s tudent behaviors o r teacher 
b e h a v i o r s . F o r e x a m p l e , the s tudents w e r e asked h o w often they c o p i e d notes 
f r o m the b o a r d or d i s c u s s e d c o m p l e t e d h o m e w o r k a n d h o w often the teacher 
e x p l a i n e d the ru les or q u e s t i o n e d s tudents ' k n o w l e d g e . Q u e s t i o n s w e r e 
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Figure 2. The distribution of Level 1 (student) pseudovalues. 

d e s i g n e d o n a 4 - p o i n t L i k e r t - t y p e scale r a n g i n g f r o m a lmost a l w a y s (1) to never 
(4). 

A l t h o u g h S t u d y 1 w a s able to a n a l y z e data f r o m f o u r countr ies , the s a m ­
p l i n g m e t h o d e m p l o y e d i n T I M S S (one c l a s s r o o m per school) resu l ted i n class­
r o o m effects b e i n g c o n f o u n d e d w i t h s c h o o l effects, thereby l i m i t i n g the data 
a p p r o p r i a t e for a n H L M i t e m analys is . S w e d e n w a s one of a f e w countr ies to 
select m u l t i p l e c lassrooms w i t h i n each s c h o o l a n d the o n l y c o u n t r y to select 
m u l t i p l e c lass rooms f r o m the same academic s t ream. T h e responses of 916 
g r a d e 8 s tudents w i t h n o m i s s i n g data f r o m 32 schools i n S w e d e n w e r e u s e d i n 
this s t u d y . A total of 20 o p i n i o n i tems w e r e e x a m i n e d . 

T h e i t e m responses w e r e averaged to f o r m a n o v e r a l l score. In a d d i t i o n , 20 
subscale scores w e r e f o r m e d b y d r o p p i n g one i t e m at a t ime . F o r e x a m p l e , 
Subscale 1 w a s the average of Items 2 t h r o u g h 20; Subscale 2 w a s the average of 
a l l i t ems except I tem 2; Subscale 3 w a s the average of a l l i tems except I tem 3. 

HLM 
A t w o - l e v e l H L M analys i s w a s c o n d u c t e d o n the total scale ( i n c l u d i n g a l l 
i tems) w i t h n o a d d i t i o n a l var iab les . T h e m a i n p u r p o s e of this s t u d y w a s to 
e x a m i n e the feas ib i l i ty of p e r f o r m i n g m u l t i l e v e l i t e m analyses u s i n g the jack-
k n i f e a n d H L M . T h e i n f l u e n c e of a d d i t i o n a l i n d e p e n d e n t var iables w a s not of 
p r i m a r y interest . There fore , a s i m p l e var iance d e c o m p o s i t i o n analys is w a s 
suff ic ient . T h e H L M m o d e l w a s a p p l i e d 20 a d d i t i o n a l t imes u s i n g the di f ferent 
subscale scores as the d e p e n d e n t var iab le . 

Jackknife 
T w o v a r i a n c e c o m p o n e n t est imates w e r e o b t a i n e d for each of the 21 H L M 
analyses : one for the s tudent l e v e l a n d one for the s c h o o l l e v e l . Because 
v a r i a n c e c o m p o n e n t est imates theoret ical ly h a v e a l o w e r b o u n d of zero , b u t 
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Figure 3. The distribution of Level 2 (school) pseudovalues. 

c o m p u t a t i o n a l l y negat ive var iances c a n result , the l o g of the estimates w a s 
t a k e n before i m p l e m e n t i n g the j ackkni fe f o r m u l a . P s e u d o v a l u e s (Pseudo) w e r e 
ca l cu la ted for each i t e m b y t a k i n g the w e i g h t e d dif ference b e t w e e n the l o g of 
the subscale v a r i a n c e estimates ( o 2

0 ; i.e., a 2 es t imated w i t h o u t i t e m i) a n d the 
l o g of the o v e r a l l score var iance est imate: 

Pseudo^ kx l o g (a 2 ) - (k-l)x l o g (a 2 , ) 

T h e average of these p s e u d o v a l u e s is the j a c k k n i f e d estimate of the var iance . 
F i n a l l y , the p s e u d o v a l u e s a n d j a c k k n i f e d estimates w e r e t r a n s f o r m e d back to 
the o r i g i n a l scale b y t a k i n g the a n t i l o g . 

Item-Total Correlations 
I tem-total corre la t ions are c o m m o n l y u s e d to assess i t e m propert ies . H o w e v e r , 
they are l i m i t e d i n a n H L M context because they d o not e x a m i n e i t e m per for ­
m a n c e o n m u l t i p l e levels unless aggregated. H o w e v e r , i n o r d e r to m a k e a d e : 

quate c o m p a r i s o n s , c lass ica l corrected i tem-tota l correlat ions w e r e ca lcula ted 
at the s t u d e n t - l e v e l a n d a n a l o g o u s corrected i tem-tota l correlat ions at the class­
r o o m l e v e l w e r e ca lcu la ted u s i n g c l a s s r o o m i t e m means . These results w e r e 
t h e n c o m p a r e d w i t h the i t e m p s e u d o v a l u e s at each of the t w o levels . 

Results 
T h e r e s u l t i n g v a r i a n c e c o m p o n e n t estimates are g i v e n i n Table 2 a n d i n F i g u r e s 
2 a n d 3. T h e s o l i d h o r i z o n t a l l ine i n each f igure represents the H L M var iance 
est imate , w h e r e a s the d o t t e d l i n e represents the j a c k k n i f e d estimate. The 
largest d i f ference b e t w e e n the H L M estimate a n d the j a c k k n i f e d estimate oc­
c u r r e d at the s t u d e n t l e v e l . A s m a l l a m o u n t of dif ference w a s also e v i d e n t 
b e t w e e n the s c h o o l - l e v e l H L M a n d j a c k k n i f e d estimates. These results s u p p o r t 
the results of S t u d y 1. 
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Figure 4. The relationship between item pseudovalues and corrected item-total correlation at 
Level 1 (student). 

T h e s tudent - a n d schoo l - l eve l i t e m p s e u d o v a l u e s are also d i s p l a y e d i n 
F i g u r e s 2 a n d 3 respec t ive ly . T h e s tudent - leve l p s e u d o v a l u e s are m u c h m o r e 
v a r i a b l e t h a n the s c h o o l - l e v e l var iables . D e s p i t e the increased v a r i a b i l i t y , the 
i t e m p s e u d o v a l u e s a p p e a r to have a f a i r l y e v e n d i s p e r s i o n . 

F u r t h e r analyses of the i t e m p s e u d o v a l u e s were c o n d u c t e d b y c o m p a r i n g 
t h e m w i t h a p p r o p r i a t e corrected i tem-tota l corre lat ions . A robust least squares 
regress ion w a s p l o t t e d for b o t h teacher- a n d school - l eve l data . Spec i f i ca l ly , the 
p s e u d o v a l u e w a s regressed o n the i tem-total corre la t ion . T h e p s e u d o v a l u e s 
a n d the corrected i tem-tota l corre lat ions are d i s p l a y e d i n F igures 4 a n d 5. 
A l t h o u g h b o t h f igures s h o w p o s i t i v e corre lat ions , the r e l a t i o n s h i p at the s t u ­
dent l e v e l is m u c h s t ronger (r = .46) t h a n the r e l a t i o n s h i p at the s c h o o l leve l 
(r=.06). T h e r e d u c e d c o r r e l a t i o n at the school l eve l is a p p r o p r i a t e w h e n one 
cons iders the r e d u c e d i t e m v a r i a b i l i t y that n a t u r a l l y occurs d u r i n g aggrega­
t ion . 

Discussion 
T h e p s e u d o v a l u e s represent the i n d i v i d u a l i t e m var iance . Therefore , theoret i ­
ca l ly p s e u d o v a l u e s can be u s e d for i t e m analyses. The results of the second 

Table 2 
A Compar i son of H L M and Jackkni fe Var iance Componen t Est imates in 

T I M S S 

HLM variance estimate Jackknife variance estimate 

Student (Level 1) 0.2629 (84%) 0.2376 (85%) 
School (Level 2) 0.0592(16%) 0.0587(15%) 
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Figure 5. The relationship between item pseudovalues and corrected item-total correlations at 
Level 2 (school). 

s t u d y s u p p o r t this n o t i o n . If the var iance of the scale w i t h o u t one i t e m is 
s m a l l e r t h a n the o r i g i n a l var iance estimate for the w h o l e scale, then the i t e m 
that w a s r e m o v e d has a large p s e u d o v a l u e . Items w i t h large p s e u d o v a l u e s 
h a v e h i g h v a r i a n c e c o n t r i b u t i o n s a n d therefore h i g h covariances w i t h the other 
i tems o n the scale. A c c o r d i n g to this p r i n c i p l e , Items 1 a n d 12 appear to be g o o d 
i tems at the s tudent l e v e l , whereas Items 3 a n d 9 c o u l d be i m p r o v e d . In 
contrast , I tems 16 a n d 17 a p p e a r to be g o o d i tems at the school l eve l , whereas 
Items 2 a n d 19 a p p e a r to be h a v i n g little in f luence . I tem 1 appears to be 
i n f l u e n c i n g the var iance c o m p o n e n t s o n b o t h s tudent a n d s c h o o l levels . 

I tems w i t h h i g h p s e u d o v a l u e s are expected to h a v e a h i g h i tem-tota l cor­
re la t ion . I n contrast , i tems w i t h l o w p s e u d o v a l u e s h a v e l o w var iance cont r ib ­
u t i o n s , l o w i n t e r - i t e m covar iances , a n d , therefore, l o w i tem-tota l corre lat ions . 
If the i t e m p s e u d o v a l u e is s m a l l , then the i t e m has a l o w a m o u n t of v a r i a t i o n 
a n d does not p r o v i d e m u c h i n f o r m a t i o n . If the p s e u d o v a l u e is h i g h , t h e n the 
i t e m is p r o v i d i n g a lot of i n f o r m a t i o n . E x a m i n i n g the p s e u d o v a l u e s generated 
w h e n u s i n g the j a c k k n i f e o n H L M estimates offers a u n i q u e o p p o r t u n i t y for 
m u l t i l e v e l i t e m ana lys i s . 

Conclusion 
J a c k k n i f i n g o v e r the i tems of c o m p o s i t e measures seems to offer enhancements 
a n d ins ights to c o n v e n t i o n a l H L M analyses . It appears to reduce the bias i n the 
estimates, b o t h of s lopes a n d of var iances . F u t u r e research s h o u l d e x a m i n e the 
cons is tency of these results w i t h larger datasets a n d dif ferent var iance c o m ­
ponents . S p e c i f i c a l l y , the a p p r o a c h s h o u l d be tested w h e n a larger p r o p o r t i o n 
of the v a r i a n c e lies at the s e c o n d l e v e l . T h e s tudies s h o u l d also be e x p a n d e d to 
i n c l u d e m o d e l s w i t h m o r e t h a n t w o levels a n d repeated measure des igns . 
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F i n a l l y , a s i m u l a t i o n s t u d y a i m e d at q u a n t i f y i n g the a m o u n t of bias r e d u c t i o n 
a n d v e r i f y i n g the i t e m analys is results s h o u l d be c o n d u c t e d . 
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