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An Iterative Procedure for Linking
Metrics and Assessing Item Bias
in Item Response TheoryGregory L. Candell and Fritz Drasgow
University of Illinois at Urbana-Champaign

The presence of biased items may seriously affect
methods used to link metrics in item response theory.
An iterative procedure designed to minimize this
methodological problem was examined in a monte
carlo investigation using the two-parameter item re-
sponse model. The iterative procedure links the scales
of independently calibrated parameter estimates using
only those items identified as unbiased. Two methods
for transforming parameter estimates to a common
metric were incorporated into the iterative procedure.
The first method links scales by equating the first two
moments of the distributions of estimated item diffi-
culties. The second method determines the linking
transformation by minimizing differences across IRT
characteristic curve estimates. Results indicate that it-
erative linking provides a substantial improvement in
item bias detection over the noniterative approach.
Index terms: Item bias, Item response theory, Iterative
method, Linking, Metric linking, Two-parameter item
response model.

Applications of item response theory (IRT) re-
quiring a common metric for parameter estimates
may be seriously affected by the presence of biased
items. Examinations of item bias, for example,
compare item parameter estimates across groups
and therefore may be susceptible to this method-
ological artifact. Accurate linking of item param-
eters is required for meaningful comparisons. Er-
rors in the linking transformation may result in

spurious instances of item bias (Shepard, Camilli,
& Williams, 1984). Items truly containing sub-
stantial bias may lead to such errors, degrading the
transformation of scale and adversely affecting
subsequent item bias analyses.

Lord (1980, pp. 220-221) outlined a &dquo;purifi-
cation&dquo; strategy, first suggested by Marco (1977), 9
for reducing the potential effects of biased items
on parameter estimation and subsequent item bias
analyses. The procedure involves initial item pa-
raneter estimation, identification of item bias, es-
timation of abilities based on those items identified

as unbiased, and reestimation of item parameters
by fixing ability estimates at those values obtained
with the unbiased items. The rationale for this ap-

proach is that biased items will degrade ability es-
timation, which in turn may adversely affect item
bias identification (I~c~~a~iey ~ Mendoza, 1985).

This article uses an alternative procedure first

suggested by Segall (1983). It is easier to imple-
ment than Marco’s method in that reestimation of

ability and item parameters is not required. The
procedure involves the following steps: (t) initial
linking of metrics across independently calibrated
groups, (2) calculating a bias index for each item,
(3) relinking group metrics using only those items
identified as unbiased in step 2, and (4) recalcu-

lating bias indices for all items. Steps 3 and 4 are
repeated until the same items are identified as biased
for two successive iterations. The final assessment
of item bias is based on a transformation that uses
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only items previously identified as unbiased. This
approach to item bias detection is similar in spirit
to the iterative logit method used by van der Flier
and associates (Kok, ~eii~~b~r~h9 ~ van der ~ii~r9
1985; van der Flier, I~e~i~~b~~° h9 Ad~r, ~ ~ a~9
1984) in that items identified as biased at each
iteration are excluded from the initial computations
in the subsequent iteration.

iterative linking has been used in studies of mea-
surement bias (Drasgow, 1987) and translation bias
(Candell & Hulin, 1986; Hu!in & Mayer, 1986)
and may offer a substantial improvement in IRT
linking and item bias detection over the conven-
tional noniterative approach. An examination of
the relative contributions of iterative and noniter-

ative linking to the detection of item bias is needed
to determine the efficacy of the iterative approach.
The present study addresses this need, using monte
carlo methods to compare the recovery of simulated

item bias across iterative and noniterative proce-
dures.

Method

Latent Trfait Distributions

The latent trait (6) distributions for the simulated
examinee groups remained constant throughout the
study. Os were sampled from a normal (0,1 ) dis-
tribution for the &dquo;b~s~99 group (Linn, Levine, Has-

tings, & ~J~rdr&reg;py 1981), while &dquo;comparison&dquo;
group parameters were also sampled from a normal
(0,1) distribution and transformed to have a mean
of - 1.00 and variance of 1.00. This discrepancy
across 0 distributions would appear to be a good
test for the linking procedures used in this study,
representing neither a trivial nor an extreme situ-
ation, but rather one with potentially serious con-
sequences that may often be encountered in prac-
tice.

~~~~r~3~9~~

item responses were generated using the two-
parameter logistic item response model. In this

model, the probability of a simulated examinee
giving the keyed response to the ith item, given

unidimensional trait 0, is given as

where the values ai and b; are the item discrimi-
nation and item difficulty parameters, respectively,
and D is a scaling constant equal to - ~.‘~02.

Dichotomous item responses were generated by
computing the probability of a correct response for
each item and each examinee using Equation 1.

The probability of a correct response was compared
to a number sampled from the (0,1) uniform dis-
tribution. If the probability was less than the ran-
dom the item response was scored 0;
otherwise, the item response was scored 1.

Items

Item parameters used to generate responses were
selected in a way that would make simulation re-
sults more generalizable to &dquo;real&dquo; data. The se-

lection procedure involved plotting pairs of a and
b estimates obtained from a previous study (Can-
deli & ~l~lir~9 1986) that used the two-parameter
normal ogive model, and then selecting 30 points
that clustered in the most densely populated region
of the An additional 10 points located outside
this region were also selected to represent moderate
to extreme values. Table 1 lists the 40 pairs of a
and b estimates used in generating item responses.

Test and Sample Size

Three test lengths were examined: n = 10, 20,
and 40. Items I through 10 were used for the 10-
item tests; items 1 through 20 were used for the
20-item tests. Sample sizes of N = 300 and 500
were used in conjunction with the three test lengths.
These sample sizes were chosen because they span
the range that could be expected for large attitude
surveys and, in the case of l~ _ 500, include the
minimum sample size recommended for estimating
two-parameter logistic models (Hulin, Lissak, &

Drasgow, 1982). It was considered important in
the present study to determine how well the pro-
cedures used to detect biased items performed when
sample sizes fell below the recommended mini-
mum for parameter estimation.
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Table 1
Item Parameters Used

to Generate
Response Data

~~~s Generation

Two levels of item bias were examined. In each

test, either 1&reg;~7&reg; or 3&reg;~/&reg; of the items were biased.

Items were made to be biased by their
difficulty parameters by .75 to item
responses for the comparison group examinees. Ta-
ble 2 provides a summary of the 12 datasets gen-
erated.

Estimation of Item Parameters

Drasgow’s (in press) program for computing
marginal maximum likelihood estimates (Bock &~~r~ir~~l ~~~ir~a~~ iike~i~&reg;&reg;d ~stim~t~s ~~&reg;c~C ~
Lieberman, 1970) was used to estimate item pa-
rameters for the two-parameter normal ogive model,

where (~(t) is the normal probability density at t
and gi is the upper limit of the integral

Two-parameter normal ogives and logistic ogives
are nearly identical (Birnbaum, 1968) and were
used interchangeably.

Linking Methods

Many methods exist for transforming IRT param-
eter estimates from independent calibrations to a
common scale. These methods, though differing
in detail, allow for the equations

6(base) = A~(c&reg;~paris&reg;~) +~ , (4)

&(b~s~) = £(comparison)/A , 9 (5)
and

I(base) = ~(comparison)+j8 , 9 (6)
where A and B are the coefficients of the linear

transformation that maps the metric of the com-

parison group to that of the base group.

Table 2

Summary of Dataset Conditions
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Current linking methods can be classified into
two groups. One class focuses on the first two

moments of the distribution of bs or is in each
group (~~~~r ~ ~ir~~erslcy, 198 1; Linn et al., 1981; 9
Vale, ~~~arelli~ Gialluca, Weiss, ~ Ree, 1981).
These methods determine the linking transforma-
tion that will equate the means and standard de-
viations of the bs or is. Poorly estimated bs or Os
are handled by giving less weight to these values
during estimation of the moments. Linn et al. (1981),
for example, computed sample moments after

weighting each b by the inverse of its estimated
standard error.

A second class of methods links metrics by de-
termining the transformation that minimizes dif-
ferences between item response functions, or in-
dices obtained from these functions, across groups
(Divgi, 1985; Haebara, 1980; Stocking & Lord,
1983). The Stocking and Lord (1983) &dquo;character-
istic curve&dquo; method, for example, determines the
transformation of scale by minimizing differences
for true score estimates (the sum of the item re-

sponse probabilities for all test items) across groups.
The characteristic curve linking method would

seem to represent an improvement over methods
that focus only on estimated item difficulties, be-
cause the former uses more information contained

in the item response function. To investigate this
proposition, both the Linn et al. ( 1 ~~ 1 ) weighted
b linking and Stocking and Lord (1983) character-
istic curve linking were used within iterative and
noniterative procedures. Because the marginal item
parameter estimation procedure used in this study
does not provide 6 estimates, the 99 centile points
of the standard normal distribution were used in

place of estimated Os when performing character-
istic curve linking.

Item Bias Index

Item bias was assessed using Lord’s (1980, chap.
14) X2 index, a statistic that simultaneously tests
the hypothesis that a and b are identical across
groups. Standard errors and sampling covariance
estimates required to compute the X2 index were
provided by Drasgow’s (in press) program. An al-

level of .005 (X2 = 10. ~0) was used to classify
items as biased during the iterative linking proce-
dure.

Results

Hem Bias Recovery

The relative efficacy of iterative and noniterative
linking procedures in distinguishing biased items
from unbiased items was evaluated by computing
the median and largest ~2 values for biased and
unbiased items for each of the 12 conditions. Each

condition contained 5 independent replications to
reduce the effect of sampling variability and ensure
more stable results. Table 3 lists the results for

each linking method, averaged across the five rep-
lications, for both noniterative and iterative pro-
cedures. These results are meaningful only when
evaluated within conditions, because the same set
of items was not tampered with across conditions;
aggregate values obtained for different sets of items
are not comparable. The number of iterations re-
quired for iterative solutions ranged from 2 to 6.

Table 3 shows that, for each of the 12 conditions
and both the characteristic curve and weighted
linking methods, iterative linking provided im-
proved bias detection when applied to the same
item parameter estimates used with the noniterative

approach. Iterative linking increased the median
and largest X2 values for truly biased items, while
these values decreased for unbiased items. For

sample sizes of 500 (conditions 7 through 12) the
improvement was substantial. For example, me-
dian and largest ~2 values for condition 12 (~c =
40, ~ = 500, 30% biased items), using nonitera-
tive characteristic curve linking, were 20.72 and
45.71, respectively. Application of iterative char-
acteristic curve linking increased the median and
largest values to 38.86 and 83.20, respectively. At
the same time, the median x2 for unbiased items
decreased from 6.29 to 1.68, and the largest x2
among unbiased items decreased from 24.07 to

13.51, when the iterative procedure was used.
Results for conditions 1 through 6 are similar to

those of conditions 7 through 12, though not as
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Table 3
Median and Largest x2 Values for Noniterative (N) and Iterative (I)

Procedures, for the Weighted b and Characteristic Curve Linking Methods
- 

(Means Over 5 Replications)

’Three of the 5 replications for this condition did not yield any initial
X2 values above the critical value of 10.60, and the iterative procedure
was not invoked. The iterative results reported here are means over the
other 2 replications. 

2&reg;f the 5 replications for this condition did not yield any initial X
values above the critical value of 10.60, and the iterative procedure was
not invoked. The iterative results reported here are means over the other
3 replications. 

2’One of the 5 replications for this condition did not yield any initial X
values above the critical value of 10.60, and the iterative procedure was
not invoked. The iterative results reported here are means over the other
4 replications.

impressive. Samples of 300 were insufficient to
generate the necessary statistical power to detect
several of the biased items in this study. The in-
ability to identify these items decreased the effec-
tiveness of the iterative procedure, though iterative
linking still improved item bias recovery when
compared to the noniterative approach.

Figure 1 demonstrates graphically the improved
scale transformation resulting from iterative link-
ing. Estimated item difficulty parameters for the

base group, obtained from one replication of con-
dition 12 using wei~ht~d b li~cin~, are plotted against
corresponding comparison group estimates. The di-
agonal line in Figures la and lb represents the
transformation A = 1.00 and i? == &horbar; 1.00 in Equa-
tions 4 through 6 that places the comparison group
estimates on the base group metric. Items simulated
to be biased are indicated by open circles. After
iterative linking, the increased clustering of un-
biased items along the diagonal is evident.
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Figure 1
Group Estimated Item Difficulties Plotted Against

Comparison Group Estimated Item Difficulties

Item Bias ~hss~~~~ti~~

Improved differentiation of biased and unbiased
items provided by iterative linking should also re-
sult in differences in final bias classification when

using a specified critical value for the bias index. e
x2 values for some truly biased items initially iden-
tified as unbiased may exceed the critical value for

significance after it~~°~ti~~9 &dquo;hit&dquo; rates will in-

crease. Conversely, unbiased items with X2 values
initially exceeding the critical value may be re-
classified as unbiased; &dquo;false alarm&dquo; rates will de-
crease. Table 4 shows the mean hit and false al

rates for noniterative and iterative linking, using a
critical x2 Of 10e~ (p < .005). Conditions 4 through
6 and 10 through 12 were chosen for this analysis
because they contain sufficient numbers of biased
to provide meaningful comparisons. The same
warning for interpreting Table 3 applies to Table
4; only comparisons within conditions are appro-
priate. e

The results reported in Table 4 demonstrate the
significant impact of biased items on metric linking
and bias classification. Condition 12 (N = 500,
n = 40, and 30%&reg; biased items), using the char-
acteristic curve linking method, provides the most
dramatic example. Noniterative linking yielded a
mean hit rate of .78 and a mean false alarm rate
of ~6. That is an average of 9 of the 12 truly
biased items were correctly identified while an av-
erage of 7 of the 28 unbiased items were incorrectly
classified as biased. Iterative linking increased the
mean hit rate to 88 and reduced the mean false

alarm rate to .03. Thus, the linking transformation
obtained after iterating decreased the incidence of
false alarms from an average of 7 items to an av-

of 1 item among the 28 unbiased items.

Discussion

For IRT applications such as item bias analyses,
the utility of a linking procedure rests in its ability
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Table 4
Mean Hit and False Alarm (FA) Rates
for Item Bias Identification, for

Noniterative and Iterative Procedures

Using the Weighted b and the
Characteristic Curve Linking Methods

to provide the linking transformation resulting in
the most accurate assessment of item bias. The

findings reported in this study indicate that iterative
linking provides improved bias detection over the
conventional noniterative approach. Application of
the iterative procedure resulted in increased x2 val-
ues for truly biased items and decreased X2 values
for unbiased items. More importantly, increased
differentiation of x2 values between biased and un-
biased items improved the final classifications of
biased and unbiased items.

For the conditions used in this study, weighted
~ linking consistently provided the more accurate
linking transformation, for both noniterative and
iterative conditions, as reflected in item bias re-
covery. These results are surprising, because char-
acteristic curve linking uses more information from
the item response function and because the bias
simulation in this study involved tampering with
the b parameter for each item designated as biased.
One possible explanation for these findings would
be that the small samples used in this study did not
allow for adequate estimation of a parameters. The
inclusion of these poorly estimated as in the de-
termination of the linking transformation would de-
grade rather than improve the accuracy of the trans-
formation. Divgi (1985) has suggested a linking

method, based on Lord’s X2 item bias statistic, that
takes into account the standard errors of the a and
~ parameters in determining the transformation.
Such an approach may be desirable when small
samples are used.
The results reported here suggest that, in terms

of the presence of biased items, the accuracy of
the linking transformation is a function of the num-
ber of biased items in the test rather than the num-
ber of unbiased items or the percentage of items
that are biased. While some minimum number of
unbiased items is needed to determine the linking
transformation, the findings of this study indicate
that it is the size of the minority of biased items
rather than the size of the majority of unbiased
items that has the most profound effect on the link-
ing transformation.
The presence of large numbers of biased items

appears to increase false alarm rates more than it

towers hit rates. h4cCauIey and Mendoza (1985)
have reported similar findings from their simulation
study of item bias. Therefore, the primary concern
with using a noniterative procedure for linking met-
rics and identifying item bias would be that many
of the items labeled as biased by the noniterative
approach may in fact be unbiased, rather than the
concern that truly biased items will not be identi-
ned.

Finally, it should be emphasized that the results
reported here may not generalize to one-parameter
(Rasch) or three-parameter item response models
Further research is needed to determine the effec-
tiveness of the iterative linking procedure when
one- or three-parameter models are used

Conclusions

Investigators of item bias using the two-param-
eter IRT model are encouraged to use iterative link-
ing. The iterative procedure improved item bias
detection and classification over the noniterative

approach in each of the conditions examined in this
study. The improvement was most significant when
numbers of biased items were present. Im-
plementation of the iterative procedure is relatively
simple and the resulting gains in item bias assess-
ment may be substantial.
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