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Chapter V

Summary and Implications

Summary.

The purpose of this study was to examine the calibration efficacy of the
one-, two- and three-parameter logistic models to the DRP through descriptive
methods and using residual analysis to corroborate results. This involved testing
the underlying assumptions of the three models to the DRP.

Both principal components and common factor analysis were used to
evaluate the unidimensionality assumption. The number of components
extracted from the matrix of phi correlations provided the most stringent evidence
of unidimensionality. Approximately 20% of the variance is accounted for by the
first component. This result satisfies the traditionally used criterion of
unidimensionality (Reckase, 1979).

The degree of speededness was based using the Swineford/ETS
measures of speededness. Virtually all examinees reached at least three-
guarters of the items and all of the items are reached by more than 90% of the
examinees. The DRP may be considered essentially unspeeded. Although no
major problem of speededness was uncovered, the ETS criteria are general and
do not account for some examinees who might rapidly answer items in the hopes

of getting some answers right by chance. As expected, low ability students
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tended to guess on harder items. However, this behavior was not prevalent
enough to consider the DRP speeded.

If items are truly uniform in discrimination, two and three-parameter
BILOG calibrations can expect to find leptokurtic distributions of discrimination
indices. Histograms of these parameters reveal distributions failing to be
leptokurtic to the degree sufficient to demonstrate uniformity in discrimination.
The two-parameter BILOG calibration resulted in 34% of the items whose upper
and lower discrimination parameters fell outside the Keifer limits of .8 and 1.2,
while 70% of the three-parameter calibrated discrimination indices drew
confidence intervals inconsistent with the assumption that respective
discrimination indices are one. In addition, the use of residual analysis aids in
accentuating the failure of the Rasch model to fit low and highly discriminating
items. The curvilinear relationship existing between item discrimination and the
one-parameter model averaged absolute-value standardized residuals suggests
that a model that takes varying discriminations into account better fits the test
data. Equal discrimination was also evaluated through the examination of the
item-total score biserial correlations. Finding more than 36% of discrimination
indices as measured by the biserial correlations falling outside of the mean
biserial correlation contradicts the Hambleton index of equal discrimination
indices.

If the difference between mean item difficulty and difficulty adjusted for
guessing is zero, examinees are obtaining correct answers through appropriately

considering each item. This difference which ranged from .019 for the most able
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students to .142 for the least able students provides the first indication that a
lower asymptote may not be zero for all items. If the lower asymptote values
obtained from the three-parameter BILOG calibration are close to zero, then
there is no need for a lower asymptote. The probability correctly responding to an
item on the DRP is .2 as each item consists of five alternatives. The three-
parameter BILOG calibration estimated more than 30% of the items to have
lower asymptotes greater than .2 indicating that it is likely that an examinee
would provide a correct response to some items by guessing. Lower asymptote
values ranged from .11 to .35 and have relatively small standard errors.
Considering this and the large range of these values, it is likely that lower
asymptotes are appropriate. Based on the D'Costa Index, inconsistent response
patterns, which can be thought of as guessing, is prevalent among one-third of
the examinee population.

Using CTT it is difficult to estimate an examinee’s ability when a test is
extremely difficult or very easy. When test data fits an IRT model, estimates of
ability are comparable no matter what set of test items are administered. To
assess the equivalency of one-, two-, and three-parameter estimates of ability,
ability was estimated for each examinee twice, on the easiest 38 and the hardest
38 items. After extensive sample elimination, the correlation of ability estimates
obtained between these halves of the DRP ranged from .82 for the one-
parameter model to approximately .85 for the two- and three-parameter models.
This result means that there is evidence to suggest that the estimate of ability

does not depend on the set of items chosen for calibration. The test standard
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error function can be used to determine the accuracy of the ability estimate
across its distribution. The comparison of error functions for the one-, two- and
three-parameter models found the three-parameter model to make the most
error-free in that it provides the best estimates of ability across the distribution of
ability.

A feature of IRT models is the ability to provide consistent estimates of
item parameters regardless of the population of examinees tested. |If the
correlation between the item parameters obtained from groups of examinees
expected to perform much differently is high and the correlation of their difference
is zero, invariance is established. To be able to compare all three models, b-
values of randomly equivalent groups of low and high achieving examinees are
correlated. All models had very high correlations between b-values. No
significant differences were found between these correlations. However, only the
two- and three-parameter models had near zero correlations of b-value
differences establishing the notion that test items are being calibrated at similar
difficulty levels for these models. The correlation of b-value differences for the
one-parameter model was close to one indicating the invariance of item
parameter estimates to be implausible for this model.

The frequency of misfit items and the analysis of residuals was used to
assess the relative fit of the three models to the DRP. Both these approaches
provided evidence of the lack of fit of the Rasch model to the DRP. The
difference between theoretically obtained proportions correct to the observed

proportion correct were so vast that the great majority of one-parameter residuals
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are considered outliers. The number of misfitting items is, as expected,
overwhelming for this model. The plots of standardized residuals against ability
reveal that the one-parameter model provides the least precise estimates of
performance, especially for the endpoints of the ability distribution. The two- and
three-parameter models provided better estimates across the ability continuum.
Plots of one-parameter standardized residuals against classical item difficulty
discrimination found hard items to be associated with high residuals. This
phenomenon, possibly due to guessing, does not occur when the two- and three-
parameter models are fit to the data.

The two- and three-parameter models fit the test data equally as well,
suggesting that with the DRP, varying item discriminations are more important
than guessing when it comes to model fit. However, since the TIF for these two
models are not identical, only one of these models provides an adequate fit. It
has been shown that 95% of the three-parameter model predictions are
reasonable whereas 84% of predictions are reasonable for the two-parameter
model. Target test information functions should be flat if the need is to produce
a test that will provide approximately equally precise ability estimates across the
range of ability. Based on the overwhelming number of excellent predictions
and a TIF that fulfills the test developer's intent to produce a wide-range ability
test, the least restrictive three-parameter logistic model provides the most

appropriate fit to DRP test data.
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Practical Implications of Results.

The results of the present study have raised an important question. The
first and foremost conclusion is that direct test on model assumptions, features
and predictions have led to doubts about the fit of the Rasch model to DRP test
data. Given the acceptance of the results, then what does one make of the
assessments being made from DRP test results?

State and local governments of education are responsible for providing
assessments of student performance across several grades as well as within a
particular grade at selected times throughout the school year. Tests that meet
these needs are built using vertical and horizontal equating. Horizontal equating
is appropriate when multiple forms of a test are being used. It is generally
assumed that the forms are parallel and the ability distribution of the examinees
for whom these forms are administered are approximately equal. Vertical
equating consists of constructing a single scale that allows one to compare
examinee ability across different levels, such as grade level. Different
populations are administered different tests of varying difficulty and the ability
distribution of the examinees at the various levels will not be the same. While
the horizontal equating of tests have shown a great deal of promise for all latent
trait models, the current psychometric literature indicates approaching the vertical
equating of tests calibrated by the Rasch model with extreme caution. Several

factors may account for the lack of suitability of the Rasch model for vertical
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equating. Model misfit due to the violation of an assumption has frequently been
cited for poor vertical equating results. This lack of fit is generally associated
with systematic linking errors. Systematic errors are serious because these
types of errors compound over successive equatings. The results of this study
indicated that the Rasch model does not provide a satisfactory fit to the DRP.
The presumption is that as the number of test forms in the equating chain
increases, an increasing amount of scale drift (equating error) is likely to result.
For the DRP, the attempt to investigate that amount of scale drift when equating
across forms is thereby a subject that requires intense review.

Limiting our definition of achievement in a subject to items that fit a
unidimensional IRT model is a mistake which inevitably leads to detriments in the
measurement of achievement. Model utility is not necessarily defined in terms of
whether items fit a particular model because this is not the only nor is it the best
indicator of model appropriateness. The attainment of the assumptions and
features of the IRT model must be validated as well. Through the verification of
the attainment of model features, assumptions and predictions, the results of the
present study suggest that the publisher of the DRP should consider the
calibration of the three-parameter model to the DRP. The assessment of ability
scores with the one-parameter model when the three-parameter model seems to
fit the data better is inadvisable in such a high-stakes environment. Better
estimates of ability are clearly obtained through the use of the three-parameter

model.
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The 1995-96 school year was the first year students were penalized for
failing the LPT. The Virginia State Department of Education should in turn take
appropriate measures to amend ability scores of those individuals who were not
eligible for passage to the next grade and/or graduation from high school based
on DRP results. In addition, measures should be taken by the publisher of the
DRP to ensure the validity of vertical equating so that school officials can

accurately compare student performance across grades.
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APPENDIX |

Item Analysis of the 77 item DRP

Item Response (%) # Difficulty Item index item*test
Item 1 2 4 Omit p reliab. disc. Pearson
1 98.0+ .2 1.1 3 3 1 .98 .03 .04 21
2 8 13 968+ 5 4 1 .96 .05 .07 .26
3 1.3 13 1.1 952+ 1.0 0 .95 .09 A2 .40
4 1.7 34 4 .8 93.2+ 0 .93 .10 .16. 40
5 53 84.1+ 54 16 3.3 5 .84 A1 21 31
6 98.0+ .6 4 4 .5 0 .98 .04 .05 .25
7 4 A4 3 97.7+ 5 0 .97 .03 .04 22
8 b5 923+ 16 4.6 4 3 .92 .10 .18 .39
9 13 20 941+ 8 15 3 .94 .08 A3 .36
10 6.0 10.2 3.4 4.4 757+ 3 .75 22 .46 .52
11 95.2+ 9 9 1.2 1.6 1 .95 .08 .13 .39
12 31 4 1.3 94.5+ .6 0 .95 A1 16 A7
13 1.6 3 972+ 6 2 0 .97 .05 .08 .32
14 50 905+ 1.7 1.3 1.3 1 91 .09 .15 31
15 945+ .8 4 37 .5 0 .95 .08 14 37
16 19 928+ 19 14 17 4 .93 A2 19 .45
17 1.2 973+ 6 5 2 1 .97 .05 .07 31
18 11.9 6 29 .5 83.8+ 2 .84 15 .32 42
19 89.7+ 27 19 16 4.0 0 .90 14 24 .45
20 13 6.9 25 875+ 16 1 .88 .16 .28 A7
21 893+ 36 12 14 41 6 .89 14 .25 .45
22 73 24 98 786+ 1.7 3 .79 .18 .38 .45
23 64 6.0 700+ 9.0 83 4 .70 .23 .52 .50
24 35 21 96 10 73.7+ 0 74 .23 51 .52
25 28 12 140 3.0 786+ 4 79 19 .39 A7
26 927+ 22 20 17 12 0 .93 A2 A9 .46
27 7.0 878+ 12 3.0 .8 2 .88 .16 .30 49
28 29 23 883+ 50 1.3 2 .88 .16 27 .48
29 14 21 49 904+ 1.0 1 .90 A2 21 .40
30 89.2+ 53 12 23 19 1 .89 14 .25 44
31 33 761+ 26 7.4 10.2 4 76 A7 .36 41
32 20 13 822+ 14 1238 2 .82 19 .39 .49
33 93.2+ 23 8 23 1.2 2 .93 A2 .18 .48




Item Response (%) Difficulty index item*test
ltem 1 2 3 4 5 Omit p reliab. disc. Pearson
34 1.8 810+ 46 46 7.6 6 .81 19 .39 .48
35 28 772+ 88 36 75 1 a7 .20 43 A7
36 29 6.6 819+ 6.9 15 1 .82 .20 .40 .52
37 116 819+ 15 30 1.8 2 .82 A7 .35 43
38 31.8 522+ 91 31 31 9 .52 27 .67 .53
39 76 23 810+ 6.9 1.9 5 .81 21 41 .54
40 54 120 54 69.6+ 7.0 9 .70 .25 .59 .55
41 915+ 1.9 2.8 1.4 2.1 3 .92 14 .24 .50
42 19 4.2 7.1 19 84.5+ 4 .85 .20 .38 .55
43 8.6 10.7 479+ 23.0 94 8 .48 .25 .66 51
44 6.5 11.3 76.7+ 1.1 3.9 7 g7 .18 .38 43
45 6.8 35 177 26 69.0+ 5 .69 21 44 A4
46 140 7.6 16.9 56.0+ 5.0 8 .56 .25 .61 .51
47 179 24 29 748+ 1.6 6 .75 .20 44 .46
48 131 24 56 29 757+ 5 .75 .23 48 .53
49 174 118 53 62.0+ 3.1 6 .62 .26 .62 .53
50 21 75 86.2+ 1.7 21 7 .86 A7 .33 .50
51 725+ 3.5 8.7 7.1 7.5 12 .73 .22 49 .49
52 849+ 7.0 3.3 3.0 1.3 7 .85 17 .35 A7
53 20.7 2.9 535+ 9.0 133 9 .54 19 46 .38
54 3.4 79 105 57.2+ 204 9 57 27 .69 .55
55 149 15.7 8.9 55 541+ 15 .54 .23 .56 A7
56 134 58 105 9.1 60.5+ 12 .61 .23 .52 A7
57 19.7 10.8 7.8 48.3+ 125 14 .48 .26 .64 .52
58 204 8.2 153 39.6+152 23 .40 .18 .45 37
59 26.2 313+ 182 172 6.1 17 31 .15 .34 31
60 30.2+ 20.0 83 13.0 27.1 25 .30 A2 .30 .26
61 19.1 477+ 9.8 105 114 29 .48 22 .55 49
62 44 99 425+ 6.0 359 22 43 .15 .35 .30
63 82.3+ 3.9 46 41 40 21 .82 .18 .36 .46
64 73 61.7+ 131 84 83 22 .62 .26 .63 .53
65 67.7+ 7.4 9.4 7.7 4.5 22 .70 .25 .59 .55
66 26.6+ 106 354 78 8.1 22 27 .09 24 21
67 26.6 10.0 14.1 11.1 37.0+ 22 .37 .16 .36 .34
68 6.4 445+ 17.1 8.2 225 23 .45 A7 41 .34
69 6.6 95 27.1 429+ 12.6 24 43 19 46 .39
70 137 536+ 51 3.2 231 23 .54 .20 A7 41
71 244 16.7 44.1+ 59 7.7 22 44 .15 .36 31
72 46 351+ 16.1 10.7 323 23 .35 .16 .39 .34
73 53.1+ 50 139 7.9 184 32 .53 14 .35 .28
74 142 299 140 33.6+ 6.8 28 .34 14 .33 .29
75 13.5+ 348 153 255 93 29 14 -.05 -.13 -.15
76 281 111 16.7 11.7 30.7+ 30 31 .16 42 .36
77 159 10.2 30.8+ 16.2 25.2 31 31 .07 A3 .16
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Note. +: the keyed response, _: a poorly discriminating item
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Appendix Il

D'Costa B Indicee for Low Performing Examinees

Id Number Tatal Caorrect B Index*
555 34 .98
751 32 .93
565 34 .92
562 28 .90
1751 25 .89
1754 19 .88
1957 34 .87
172 39 .86
1604 19 .86
578 34 .85
418 29 .84
568 28 .83
575 32 .81
412 28 .81
841 23 .81
1753 29 .81
759 22 .80
1557 37 .80
1567 37 .80
1560 32 .80
1823 38 .80
619 38 .79
1776 29 .79
1971 34 .79
364 39 .78
165 37 g7
159 31 g7
1806 31 .76
158 34 .75
1413 36 .75
1807 35 .75
580 39 .74
1841 31 74
15 38 .73
954 17 73

9 32 72
1954 36 72
1565 34 71
1770 39 71
1821 35 71
769 37 .70
1415 35 .70
1620 39 .70

8 35 .69
1575 17 .69
1777 33 .69
1804 37 .69

* B indices calculated using D'costa (1994) BSWINDEX program



D'Costa B Indices for Low Performing Examinees

ld-Number— Total Correct—— B Index*
.68
.68
.68
.68
.67
.67
67
67
.66
.65
.65
.64
.63
.62
.62
.60
.56
54
52
51
.50

47
4

179
609
991
1410
1578
1571
1778
1956
1603
1040
1596
621
1394
1588
1599
1439
1589
1918
1628
1945
771

177Q
=7

37
23
22
32
36
31
17
30
30
37
23
38
28
25
25
38
37
13
18
27
38

29

* B indices calculated using D'costa (1994) BSWINDEX program

o0
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