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1. Scaling of the 1999 Operational Grade 8 English/Language Arts (G8 ELA) Test

1.1 Test design
The G8 ELA test has the following configuration:

Session 1
4 passages accompanied by 25 multiple-choice (MC) items:
* 15 MC itemson Standard 1 (informational)
* 7 MCitemson Standard 2 (literary)
* 3 MCitemson Standard 3 (critical analysis)
- A short informational passage for listening, followed by three short-response (SR) and
one extended-response (ER) items. The four responses are scored as a cluster
(listening cluster). Standard 1.

Session 2
Linked literary and information stimuli, accompanied by three SR and one ER
items which are scored as a cluster (reading cluster). Standard 3 : Reading and
writing for critical analysis.
An independent writing prompt. The response to the prompt is scored as an ER item
(independent writing). Standard 1.

Additionally, as part of the G8 ELA test, the three ER responses across sessions 1 and 2
are scored as a cluster (writing mechanics). Although the writing mechanicsis not
linked to any of the New Y ork State standards, it contributes to the overall G8 ELA
score.

The table below shows the numbers of score points by the item type or cluster, and the
total numbers of items and clusters for each grade.

Item type/ cluster Grade 8 ELA
MC 25 pts
Listening cluster 6 pts
Reading cluster 6 pts
Independent writing 3 pts
Writing mechanics cluster 3 pts
Total # points 43 pts
Total # of items/ clusters 29 items




The following condition codes were used in scoring the responses to the CR items:

Condition Code Meaning
A Blank
B Refusal
C Insufficient to score
D lllegible
E Other language

Aswith G4 ELA, each of the clustersistreated as a constructed-response (CR) item in
the scaling. Therefore, in the sections below, the clusters and the independent writing
item are also referred to as follows:

Listening cluster © CR #1

Independent writing © CR #2

Writing mechanics® CR #3

Reading cluster © CR #4

1.2 A scaling sample

Previoudly, the G4 ELA scaling has demonstrated that the results are very comparable
between the two samples of approximately 2,000 students, rending the use of two
samples unnecessary. For the scaling of the G8 ELA test, only one sample was drawn.
However, the sample size was considerably raised from approximately 2,000 to
approximately 7,000.

A samplefor the G8 ELA scaling was randomly drawn from the state data that met the
following requirements pre-specified by the NY SED:

At least 85% of the estimated number of studentsin the state,

Includes New Y ork City and Buffalo,

Includes at least one of Rochester, Syracuse, or Y onkers, and

Includes at |east two of Mount Vernon, Albany, Binghamton, Schenectady, or New
Rochelle.

At the time of sampling, the available state data contained 213,506 students.

1.2.1 Exclusion rules

Aswith G4 ELA, some rules were applied to the available state data prior to sample
selection in an attempt to exclude students who were absent from any of the MC and CR
sections. Only those students who attempted all three sections --- the MC section, the CR
section of Session 1, and Session 2 --- eventually obtained ELA scores.



Based on the G4 ELA experience, a new condition code was added to the G8 ELA
answer sheet. Condition code “F’ was used to indicate that a student was absent from a
particular CR section.

Utilizing the absent marks for the CR sections, students were eliminated from the state
data before a sample was drawn if they:

(1) did not have valid responses on all of thefirst five MC items, and
(2) had an absent mark for any of the four CR items/ clusters.

Invalid responses are blanks and unknown or doubly-marked responses. The assumption
for the first rule was that if any of thefirst five MC itemswas invalid, it was likely that
all or many of the remaining responses were also invalid.

1.2.2 State data available for the scaling

After step 1.2.1 above, the available state data contained 207,035 students. It was
ensured that no out-of-range scores for either multiple-choice (MC) or constructed-
response (CR) items existed in this state dataset.

Table 1 shows the frequency distribution (FD) of total G8 ELA raw score (RS) after the
exclusion rules were applied. Table 2 presents unadjusted p-values and item-total
correlations based on the 207,035 students. Aswith G4 ELA, “unadjusted” p-values are
computed while treating students who omitted the item asif they got the item wrong. “P-
value” for an MC item is the percentage of students who correctly responded to the item,
and the p-value for a CR item is the mean RS divided by the maximum number of score
points for the item.

1.2.3 Selection of ascaling sample

After afractional random number between 0 and 1 was assigned to each of the 207,035
students, the students were sorted by their random numbers. Next, a sample of
approximately 7,000 students was selected by choosing every Xth students from the
207,035 students, where X was found by dividing 207,035 by 7,000.

The sample RS means and standard deviations (SDs), presented in a table below, indicate
the close comparability of the scaling sample and the state.

N RS mean RS SD
Sample 6,905 | 30.13 (70%) 7.38
State 207,035 | 30.18 (70%) 7.34

Table 3 presents the FDs of G8 ELA total raw-score points for the sample.



1.2.4 Item analysis on the scaling sample

Table 4 shows the results of item analyses conducted using the scaling samples for the
G8 ELA test. Aswith G4 ELA, thelabelsfor the variables denote the following:

ITEM [tem number.
N Number of students that responded to the item
ADJPVAL Item difficulty while excluding students who failed to respond to the

item (PCTNA). For MC items, thisis the percentage of students who
responded correctly. For CR items, it is the mean item score divided by
maximum item score.

PVALUE Item difficulty after omitted responses are converted to Os (wrong).
COR Item-total correlation when the total score includes the studied item.
COR2 Item-total correlation when the total score excludes the studied item.
PCTO Percentage of students who received score 0. For CR itemsonly.

PCT1, 2, etc. For MC items, thisis the percentage of students who chose the first (or
second, etc.) answer option. For CR items, it is the percentage of
students who received score 1 (or 2, etc.).

PCTNA Percentage of students who failed to respond to the item.

The p-values indicate that some items are very easy, while others are harder. The item-
total correlations without the studied item (COR2) are reasonable. The omit rates
(PCTNA; blanksfor MC, and condition code A for CR) do not indicate speededness.

1.2.5 Reliability

The reliability of measurement refers to the “ extent of variation in an individual’s scores
over aseries of parallel tests” (Ghiselli et al., p.205). The two most frequently reported
indices of reliability are the standard error of measurement and the reliability coefficient.

The standard error of measurement (SEM) is a measure of the extent to which an
individual’ s scores vary over numerous parallel tests. It isthe standard deviation of an
individual’ s scores if he or she took numerous parallel tests. The standard error of
measurement (SEM) is estimated using the following formula:

SEM =S8D\/1- r

where SD is the standard deviation of observed scoresfor asingle test, and r« is the
reliability coefficient for the test. The scale-score SEM for G8 ELA isreported in alater
section 1.6.

Thereliability coefficient is the correlation coefficient between scores on parallel tests
and is an index of how well scores on one parallel test predict scores from another
parallel test. Among several waysto estimate the reliability of atest, Cronbach’s alpha
probably isthe most frequently used. It isameasure of internal consistency (i.e., how
homogeneous test items are) appropriate for atest containing only MC items. Since the
G8 ELA test contains MC and CR items, Cronbach’ s alpha would underestimate
reliability because of the effect of variance attributable to item types. A more appropriate



index of internal consistency, the Feldt-Raju index, was used to estimate the reliability of
the G8 ELA test. The F-R reliability of the G8 ELA test was .90.

1.3 Scaling and equating
1.3.1 Item calibration models

The G8 ELA items were calibrated using item response theory (IRT) models. Item
response theory is a statistical procedure that takes into account the fact that not all test
items are alike and that al items need not be given equal weight in determining how
much students really know and can do. Teachers have typically given differing values
(weights) to questions on tests they devise, depending on how much they think each
guestion contributes to areal understanding of the student’ s knowledge of the subject
being tested. Computer programs that implement IRT models use actual students datato
estimate the characteristics of the items on atest --- called “parameters.” The parameter
estimation processis also called “item calibration.”

IRT modelstypically vary according to the number of parameters estimated. For the
New York State tests, three parameters are estimated: the discrimination parameter, the
difficulty parameter(s), and, for multiple-choice items, the guessing parameter. The
discrimination parameter is an index of how well an item differentiates between high-
performing and low-performing students. An item that low-performing students cannot
answer correctly, but high-performing students can will have a high discrimination value.
The difficulty parameter is an index of how easy or difficult anitemis. The higher the
difficulty parameter, the harder the item. The guessing parameter is the probability that a
student with very low ability will answer the item correctly.

The estimated parameters are then used to determine weights for the items in computing
student scale scores. The scale score (SS) is the basic score for the New Y ork State tests.
It is used to derive other scores that describe test performance, such as the four
performance levels and the standard-based index scores (SPIs). Scale scores can be
obtained by one of two scoring methods: IRT item-pattern scoring, or number-correct
scoring. See section 1.4 for more about IRT item-pattern scoring.

Because the characteristics of MC and CR items are different, two IRT models were used
initem calibration. The three-parameter logistic model (3PL) (Lord & Novick, 1968;
Lord, 1980) was used in the analysis of MC items. In this model, the probability that a
student with abilityq responds correctly to itemi is

M1, ,, _ 25.7860
M1, .  29.6117

where g; isthe item discrimination, b; isthe item difficulty, and ¢; is the probability of a
correct response by avery low-scoring student.

=.8708044



For analysis of the constructed-response items, the two-parameter partial credit model
(2PPC) (Muraki, 1992; Y en, 1993) was used. The 2PPC model is a special case of Bock’s
(1972) nominal model. Bock’s model states that the probability of an examinee with
ability g having ascore (k-1) at the k-th level of the j-th itemis

expZ, -
Pfk (q) :P(Xj =k- ]_lq) = m/—fk ,k 1...mj,
n
a expZ;
i=1
where

Z,= Ajkq + Cjk'

The m; denotes the number of score levelsfor thej-th item, and typically, the highest
score level isassigned (m; — 1) score points. For the special case of the 2PPC model used
here, the following constraints were used:

Ay =a;(k-1),
and
kd 1
Cy =- a9, Where a.=inef,
i=0

where a; and g; are the free parameters to be estimated from the data. Each item has

(m; —1) independent g; parameters and one a; parameter; atotal of m; parameters are
estimated for each item.

1.3.2 Item calibration program used

The IRT model parameters were estimated using CTB’s PARDUX software (Burket,
1991). PARDUX estimates parameters simultaneously for MC and CR items using
marginal maximum likelihood procedures implemented viathe EM (expectation-
maximization) algorithm (Bock & Aitkin, 1981; Thissen, 1982).

Simulation studies have compared PARDUX with MULTILOG (Thissen, 1991),
PARSCALE (Muraki & Bock, 1991), and BIGSTEPS (Wright & Linacre, 1992).
PARSCALE, MULTILOG, and BIGSTEPS are among the most widely known and used
IRT programs. PARDUX was found to perform at least as well as these other programs.

1.3.3 Item calibration results : model-to-data fit

A procedure and a statistic (Q,) developed by Yen (1981) were used to measure model-
to-datafit for the items. The procedure divides the sample into ten groups according to
thelir ability estimates. For agiven item, it then compares the expected and observed
proportions of the students for each of the ten ability groups and computes an index (Q)
pooled over the ability groups. The Q; is distributed approximately as a chi-square with
the following degrees of freedom:



df =I(m,-1)-m,,

where / isthe total number of ability groups, and m; is the possible number of score levels
foritemj.

To adjust for differencesin degrees of freedom among items, Q; istransformed to aZ
using the following formula:

_O-df

Z :
o= Jadf

Based on our research, the Z critical value has been established as a function of sample
size (N):

_ 4N
crit 1 500 )

The lower the Zq, the better the item fit.

All theitemsin the G8 ELA test reached the convergence criterion of a maximum
difference of .001 in the difficulty parameter after 17 iterations. None of the items was
flagged for poor model-to-data fit. Table 5 showsthefit Z valuesfor the items.

1.3.4 Equating method and results

After the item calibration, all the G8 ELA items were placed on CTB’s TerraNova scale
using the TerraNova MC items as anchors. The equating was performed using the test
characteristic curve method (Stocking & Lord, 1983) implemented by PARDUX. Of 25
MC items, 15 items contributed to the equating.

Figure 1 shows a plot of the test characteristic curves (TCCs) for the anchor items. The
lightest line denoted “ Anch est” isthe TCC based on the new G8 ELA estimates, while
the medium-dark line denoted “Anch input” in the plot is the TCC based on the
TerraNova anchor (criterion) estimates. The plot shows the quality of the equating
conducted. The closer the two TCC curves, the tighter the equating.

1.3.5 Differential item functioning (DIF)

As part of the testing, the students reported their gender and ethnic background
information. Using this self-reported information, a statistical differential item
functioning (DIF) analyses were conducted for gender groups and such ethnic groups as
African-American and Hispanic-American. The numbers of cases for the groups are
reported in atable on the following page.



African- | Hispanic- Asian-
Test Mae Female | American | American | American
G8 ELA 3,519 3,349 1,200 982 329

An IRT-based DIF procedure (Linn & Harnisch, 1981) was used to measure DIF. In
short, on each item on the test, the method compares the actual performance of agiven
group against their expected performance predicted from the IRT parameter estimates. |If
the group’ s actual performance is statistically and consistently better than their expected
performance on a given item, the item will be flagged in favor of the group. If the
group’ s observed performanceis statistically and consistently worse than their predicted
performance, the item will be flagged against the group.

To determine the expected-observed differenceis “ statistically and consistently” large,
two DIF indices are used: a standardized difference (Z), and an overall difference (D).
The difference needs to be sufficiently large by both measures for an item to be flagged.
For example, even if the statistical measure (Z) indicates that an item has a significant
amount of DIF, perhaps due to large sample size, the item will not be flagged unless the
overall expected-observed difference (D) indicates that the difference is more or less
consistent throughout a range of ability.

More specifically, in the DIF procedure for MC items, students in a given gender or
ethnic group are divided into ten “equal”-size groups based on their ability estimates. For
each ability group g, the difference between the expected and observed proportion correct
scoresis computed. The D isthe mean score difference averaged over the ten ability
groups. Consider two situations. when the differences are consistently positive for most
of the ability groups, versus when the differences are positive for about half of the ability
groups and negative for the remaining ability groups. For the former, the average
difference across all the ability groups would likely be positive and relatively large, while
that would likely be relatively small for the latter. In other words, the D in absolute value
is expected to be above a criterion value when the predicted-actual performance
differences are relatively large in the same direction (negative or positive) consistently
across the ability groups.

The standardized difference score for ability group g is computed as follows:

where U;; = 1 when person j answersitem i correctly and Uj; = O otherwise. The
standardized difference over all the ability groupsis:

o
angZ[g
Z =-£

i [e) 2 :
an,

g




A generalization of this procedure was used to measure DIF for constructed-response
items. Anitemisflagged for negative DIF when D < -.10 and Z < -2.58 and for positive
DIFwhen D >.10and Z > 2.58. Asan aid for interpretation in the case of aCR item, a
D of +.10 means that the group would have a mean score of 2.6 on the item when their
expected mean score is 2.5.

The numbers of items flagged for DIF in the G8 ELA test are summarized below.

Focal Group Direction of DIF GBELA
Male In favor of 0
Against 0
Female In favor of 0
Against 0
African-American | Infavor of 0
Against 0
Hispanic In favor of 0
Against 0
Asian In favor of 1t
Against 0

1 7=267andD = .14.

Asindicated in the table, only oneitem in the G8 ELA test was found to have significant
DIF in favor of one of the focal ethnic groups.

1.4 IRT pattern-scoring

Aswith G4 ELA, IRT pattern scoring, as opposed to number-correct (NC) scoring, was
used in computing student scale scores (SSs) for the G8 ELA test. The former method
produces scores for individual students that are more accurate than those produced by the
latter procedure. Theincrease in accuracy is approximately equivalent to a 15 to 20%
increase in test length.

Number-correct scoring considers only how many questions a student answered correctly
in determining his or her score. In contrast, the IRT pattern-scoring method takes into
account not only hisor her total raw score, but also which questions he or she got right
and the psychometric characteristics of these items. The IRT pattern scoring gains
accuracy by considering the fact that the items are not equal in their characteristics. For
example, low-ability students are more likely to guess correctly on some items than on
others, and some are more discriminating than others. Two students with exactly the
same raw score total will get the same SS in number-correct scoring. However, itisvery
possible that even though they have the same raw score total, they answered different
items correctly, and that the items differ considerably with regard to their characteristics.
In such a case, they will likely get different SSsin item-pattern scoring even though they
have the same raw score total .



To give amore or less concrete example, assume students A and B each got 15 items
right on a20-MC-item test. Their NC scores are the same, 15 points each. As noted
above, by NC scoring, they would get exactly the same SSs. By pattern scoring, their
scale scores could differ. For example, let's assume that the 3PL model described earlier
isused and that the pattern of right and wrong responses is exactly the same for both
students for 18 of the 20 items (14 rights and 4 wrongs), but student A got item X right
and item Y wrong, while student B got item X wrong and item Y right. Based on the 18
items on which both students got an identical pattern of right and wrong responses, their
“provisional” ability estimates must be exactly the same, which may be referred to as

q,. Ifitem X anditem Y are equally difficult at q ,,, but if item X ismore
discriminating than item Y at q ,,, student A's SSwould be higher that that of student B.

In another scenario where item X is more difficult thanitem Y at q 15, but both items are

of equal discrimination and guessing, it is difficult to predict their SSs, because student A
would get credit for getting the more difficult item X, but simultaneously get penalized
for responding incorrectly to the easier item Y, while student B would be credited for
getting the easier item right.

For groups of 25 or more students, item-pattern and number-correct scoring methods
produce equivalent aggregate scores for the group. See Yen (1991) for more details.

1.5 Highest and lowest obtainable scale score (HOSS, LOSS)

After the scaling was completed, a range of possible scale scores (SSs) for the G8 ELA
test was determined. Sincethisisthefirst operational year, the range of SSs set this year
will remain unchanged for a number of yearsto come. The procedure for determining the
final HOSS (830) and LOSS (527) is described below.

First, the students in the sample were scored using the G8 ELA parameter estimates and
the IRT pattern-scoring algorithm. The student scores were plotted to determine a
reasonable range of SSs. Figures 2 and 3 show the score distributions, respectively, with
the TerraNova HOSS of 820 and the TerraNova LOSS of 507, and a higher HOSS of 830
and ahigher LOSS of 527. The score distributions identified the 99 percentile point to be
an SS of 776, while the 1 percentile point was identified as an SS of 618. Either set of
HOSS / LOSS seemed appropriate in that they both covered at least 98% of the students
and would leave some room for growth. The NY SED adopted a HOSS of 830 and a
LOSS of 527 to avoid ceiling effects in the future.

Additionally, Figure 3 (the test characteristic and standard error curves with the sample
score distribution superimposed) shows that measurement error is the lowest in the SS
ranges defined by the 99 percentile (SS= 776) and 1 percentile (SS = 618) points.
Namely, the measurement is the most precise where virtually all the students are located.
Each little circle along the SE curve denotes araw score point. The raw-score-to-scale-
score (RS-SS) tableisincluded in Table 6 as areference.

10



1.6 G8 ELA Scae Score Means and Standard Deviations. State and the Sample

After the HOSS and L OSS were established for the G8 ELA test, the sample was
compared against the state in terms of their scale-score (SS) means and standard
deviations (SDs). The state data came from the final state data file (N = 214,735), and all
students with missing SSs (coded “999”) were excluded from the computation of the state
G8 ELA SSmean and SD. The number of studentsin the final state dataset is greater
than the number of students reported in section 1.2.2 under scaling, because the scaling
sample was drawn when most, but not al, of the state data were available. The SS means
and SDs as well asthe SS SEMs are shown in atable below.

SS Mean SS SD SS SEM
Sample 698.6 317 10.0
State 700.4 30.1 9.5

1.7 Scale-score frequency distributions for the state and subgroups

Tables 7 — 13 show the scale-score frequency distributions for the state and the subgroups
of students in public schools, students in non-public schools, two groups of limited-
English-proficient (LEP) students, non-disabled students, and students with disabilities.
While students with score “999” (no score) were included in the table for the state, they
were eliminated from the remaining tables.

The public vs. non-public distinction was identified by the 9" character of the BEDs LEA
code for each school. The non-disabled vs. disabled distinction was identified by column
84 of thefinal state dataset. Additionally, two groups of LEP students are defined as
those who have either “2” or “3” in column 98 of the final state dataset. The“LEP2"
group is defined as those with “2s” in column 98, indicating that they are identified as
having limited English proficiency and scored at or above either the 30" percentileon a
norm-referenced English reading test or the publisher’s recommended score on an
approved measure of English as a Second Language (ESL) inreading. Similarly, the
“LEP3” group is defined as those with “3s” in column 98, meaning that they are
identified as having limited English proficiency and scored below either the 30"
percentile on a norm-referenced English reading test or the publisher’ s recommended
score on an approved measure of English as a Second Language (ESL) in reading.

The SS frequency distributions for the groups, excluding students with score “999,” are
plotted in Figure 4.

As asummary table of the SS frequency distributions, the SSs at the 10", 25™, 50", 75™,

and 90" percentiles are listed in the following table. Scores“999s” were also excluded
from the percentile calculations.

11



Group 10th 25th 50th 75th 90th
State 663 681 700 718 736
Public 662 680 699 717 735
Non-public 675 690 707 724 741
LEP2 631 646 662 679 702
LEP3 631 644 658 674 689
Sw/D* 642 658 676 695 716

* Students with disabilities

1.8 Correlation between G8 ELA and G8 Mathematics scale scores
The correlation between G8 English/L anguage Arts and Mathematics scal e scores based

on the state datais .73, identical to the grade 4 counterpart. This correlation isvery
comparable to those found in the past with other assessment projects.

12
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112
219
310
391
521
670
836
990
1175
1326
1580
1872
2176
2392
2795
3202
3668
4192
4629
5468
6018
6797
7685
8439
9234
10201
10969
11703
12593
13206
13290
13227
12650
11611
10017
8218
6423
4412
2547
960

TABLE 1
NYS OPERATIONAL TEST 1999, GRADE 8 ELA
FD of total raw scores, after exclusion rules

0.1
0.1
0.1
0.2
0.2
0.3
0.4
0.5
0.5
0.6
0.7
0.9
1.0
11
13
15
17
19
21
25
2.8
3.1
3.5
3.9
4.2
4.7
5.0
5.3
5.8
6.0
6.1
6.0
5.8
5.3
4.6
3.8
2.9
2.0
1.2
0.4

11
38
105
217
436
746
1137
1658
2328
3164
4154
5329
6655
8235
10107
12283
14675
17470
20672
24340
28532
33161
38629
44647
51444
59129
67568
76802
87003
97972
109675
122268
135474
148764
161991
174641
186252
196269
204487
210910
215322
217869
218829

0.0
0.0
0.1
0.2
0.3
0.5
0.8
1.1
1.4
1.9
2.4
3.0
3.8
4.6
5.6
6.7
8.0
9.4
11.1
13.0
15.2
17.7
20.4
23.5
27.0
30.9
35.1
39.8
44.8
50.1
55.9
61.9
68.0
74.0
79.8
85.1
89.7
93.4
96.4
98.4
99.6
100.0




TABLE 2
NYS OPERATIONAL TEST 1999, GRADE 8 ELA
The number of students: 218829

item# max score mean p-value Corr with
RS
MCO1 1 0.75 0.75 0.397
MCO02 1 0.67 0.67 0.279
MCO03 1 0.81 0.81 0.419
MCO04 1 0.86 0.86 0.520
MCO05 1 0.72 0.72 0.411
MCO06 1 0.89 0.89 0.350
MCQ7 1 0.78 0.78 0.225
MCO08 1 0.66 0.66 0.361
MC09 1 0.87 0.87 0.424
MC10 1 0.80 0.80 0.328
MC11 1 0.91 0.91 0.270
MC12 1 0.89 0.89 0.410
MC13 1 0.70 0.70 0.464
MC14 1 0.94 0.94 0.407
MC15 1 0.95 0.95 0.321
MC16 1 0.65 0.65 0.518
MC17 1 0.90 0.90 0.436
MC18 1 0.70 0.70 0.510
MC19 1 0.91 0.91 0.445
MC20 1 0.85 0.85 0.504
MC21 1 0.61 0.61 0.299
MC22 1 0.79 0.79 0.470
MC23 1 0.43 0.43 0.394
MC24 1 0.67 0.67 0.521
MC25 1 0.80 0.80 0.467
CR26! 6 3.53 0.59 0.783
CR27? 6 3.59 0.60 0.770
CR28? 3 1.95 0.65 0.652
CR29* 3 1.94 0.65 0.677

! ELA CR #1 (listenining cluster)

2 ELA CR #2 (reading cluster)

® ELACR#3 (independent writing)
* ELA CR #4 (writing mechanics)



