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Introduction

Maryland has been reporting statewide test scores using an artificial scale that was fixed in the initial year of each test series (a series is specific to a content-grade combination, such as grade three reading) with a mean of approximately 400 and a standard deviation of approximately 40. Test scores that distinguish groups of students from each other (cut scores) for various purposes were recommended by committees of professionals in the various contents and grades whose recommendations were reviewed by articulation committees and considered by the Superintendent who made recommendations to the State Board, which approved the final cut scores. For grades 3-8, the primary purpose of the cut scores was to distinguish Basic from Proficient from Advanced; at the high school level, the primary purpose was to make graduation (and for some students, remediation) decisions. 

The cut scores taken together may be thought of as a system.  When the cut scores were originally proposed, they were developed initially with only marginally useful empirical support.  At the time, the Voluntary State Curriculum on which the tests are based was not in place for very long and the students who completed the tests were only completing field test versions, and therefore may have not been as strongly motivated to achieve high results.  Now, the test series have been in place for some time and more stable results are available.  One purpose of this project was to evaluate the consistency of the system across series in the light of new information about statewide student performance and to suggest potential adjustments.  

Although it is a useful and meaningful scale, the 400-40 scale for score reporting has some drawbacks.  The cut scores are different for every test series, making the process of achievement level interpretations cumbersome.  Interpretation of student change over time is complicated by these different cut scores at different grades, even for the same content area.  Finally, a way to interpret scores in any predictive sense from lower grades to each other or to expectations about high school performance has been lacking.  If the system of cut scores can be moderated horizontally (across content areas; see Schafer, 2005) and vertically (across grade levels; see Lissitz & Huynh, 2003), it would seem desirable to represent those cuts in the reported scores as a way to simplify interpretations.  Therefore, another goal of this project was to develop a recommendation for reporting of Maryland statewide test scores that references the achievement level cut scores that resulted from the first goal.  
Evaluation of the Current Cut-Score System

Table 1 displays the percentile ranks of the various cut scores used in Maryland along with the percentile ranks of cut scores on National Assessment of Educational Progress (NAEP) on corresponding tests.  The percentile ranks associated with the Maryland cuts were calculated from actual statewide distributions from the 2008 main assessment; we are grateful to MSDE for sharing these results with us.  The national NAEP percentile ranks were taken from the official NAEP website results; the most recent data were from 2007 for reading and math and 2005 for science. The NAEP results were included as an external reference and since statewide cut scores have been compared with NAEP’s in the literature.  Some observations and suggestions follow the results.

Table 1.  Maryland Percentile Ranks of Maryland and NAEP Cut Scores

2008 Percentile Ranks of Maryland Cut Scores

   Reading

     Math

   Science

Government
Grade
B/P
P/A

B/P
P/A

B/P
P/A

     3
19
88

18
73

     4
14
72

12
59

     5
13
49

20
76

37
92

     6
18
63

24
70

     7
19
57

32
79

     8
27
66

38
72

39
96

    
Min
Avg

Min
Avg

Min
Avg

Min
Avg
  HS
28
40

28
39

25
34

23
29

2007 National Percentile Ranks of NAEP Cut Scores (Science is 2005)

         Reading

           Math

         Science
Grade
Bas
Pro
Adv
Bas
Pro
Adv
Bas
Pro
Adv

     4
33
67
92
18
61
94
32
71
97

     8
26
69
97
29
68
93
41
71
97

Legend for interpreting the cut scores named in the column headings:

B/P =
Cut Score between Maryland Basic and Maryland Proficient

P/A =
Cut Score between Maryland Proficient and Maryland Advanced

Min =
Cut Score for the minimum any test may be for Maryland high school graduation

Avg =
Cut Score for the average of the Maryland high school test scores for graduation

Bas =
Cut Score between NAEP Below Basic and NAEP Basic

Pro =
Cut Score between NAEP Basic and NAEP Proficient

Adv =
Cut Score between NAEP Proficient and NAEP Advanced

We believe that there has been enough time since the cuts were established to fully evaluate their impacts.  We also note that there is considerable variation in impacts across grades and content areas; that is, they are not very well moderated, which is not surprising since moderation is a relatively new way to evaluate state cut score systems and most states show poor moderation; see Schafer, Liu, & Wang (2007).  One effect of the variation is to overemphasize the effects of some grades and contents over others in school evaluations.  For example, it is somewhat more difficult to achieve Proficient in math than in reading, grades 5-8, so more schools are identified for math than for reading, which overemphasizes math in school accountability at those grades; the reverse holds for grades 3-4, however.  At the high school level, math and English are normatively more difficult than biology and government for both cut scores used for graduation decisions.
In order to equalize the impacts of grades and contents for schools, we consider here a proposal that is based on moderated cut scores as a revised statewide system.  In this proposal, the same percentile rank (based on 2008 data) for the same cut would be used for grades 3-8 in all three contents.  The results in Table 2, which shows the average percentile ranks that correspond to the various cut scores in Table 1, were used to provide guidance in the development of the cut scores to be proposed.

Table 2.  Ordered Average Percentile Rank across All Available Grades (3-8; High School) and Contents; 2008 data

Cut Score


PR

Maryland High School Min

26

Maryland 3-8 Basic/Proficient 
27

NAEP Below Basic/Basic

30

Maryland High School Avg

36

NAEP Basic/Proficient


68

Maryland 3-8 Proficient/Advanced
77

NAEP Proficient/Advanced

95

Further, it seems useful to have a relationship between the percentile ranks in grades 3-8 and those in high school so that test scores in grades 3-8 may be interpreted in relation to comparable high school performance.  We consider here, cuts that capitalize on consistencies among the average percentile ranks.  Since we are considering interpretations of score reports at all levels in relation to passing cuts for high school, we found it convenient to express the score ranges in the familiar terms of letter grades, A through F.
Some considerations we used in suggesting which letter grade corresponds to which cut scores include 
· the cut for D at the high school level should be at the minimum score for graduation for any one test

· the cut for C should be at the average cut required for graduation across all tests  
· There should be parallel cuts for the above two letter grades at each of the grade/content combinations in grades 3-8.  
· the cut for A should correspond to the cut for Advanced for NCLB reporting purposes 
· the cut for B should be established to be close to the NAEP cut for Proficient, but also so that it allows a reasonable range on either side for differentiation.
It seems desirable also that the letter grades be associated with a familiar score scale used nationally.  One such scale that seems reasonable, and perhaps is most popular, is to associate 59 and below with F (we suggest that the minimum possible score, called the lowest obtainable scale score, or LOSS on the current scales be set at 50), 60-69 with D, 70-79 with C, 80-89 with B, and 90-100 with A (100 would correspond to the maximum possible on the current scale, called the highest obtainable scale score, or HOSS).  These values would need to be nonlinearly related with the current reporting scale, but once the conversions are fixed, the conversions would be very easy to accomplish in the future through the use of a look-up table at each grade/content combination. The values of 50 and 100 could be set at the LOSS and the HOSS and the rest related through some available nonlinear approach.  
We considered several possibilities to determine the conversion functions, such as polynomial trend, linearity between the points, and weighted averages of the two.  None of these was satisfactory; either the functions were to choppy or they were not monotonic.  The method we settled on was a monotonic cubic Hermite spline function, which produces a smooth function that passes through all the points entered into the procedure and does not change directionality.  See Appendix A for a description of the process.  We developed an independent spline for each grade-content combination.  Graphs of the resulting conversions appear in Appendix B.  An Excel spreadsheet that gives the conversion tables accompanies this paper.  The spreadsheet highlights some interesting values to facilitate interpretation.
These considerations led to the following tentative recommendations:

Cut


Grade
CutPR
Score Range
2008 %
Category Label for NCLB
Below HSA Min.
    F
N/A
50-59

26
Basic (or ?)
Passing HSA

    D
26
60-69

10
Basic
HSA Avg/MD Prof.
    C
36
70-79

20
Proficient
Intermediate

    B
56
80-89

21
Proficient (or ?)
MD Advanced

    A
77
90-100

23
Advanced








(? = possible new name)
In order to graduate, one must obtain a 60 (D) or better on all four high school tests and average at least 70 (C) across them; the current scale cuts corresponding to a score of 70 on each of the high school tests are 409 for algebra, 402 for biology, 393 for English, and 401 for government and the sum is 1605, which compares reasonably well with the current 1602.   Another way to look at comparability is to evaluate the 50-100 scores that correspond to the score on each of the four tests that contributed to the sum of 1602; these are 72 for algebra, 68 for biology, 73 for English, and 62 for government.  The average is 69, which compares reasonably well with 70, the criterion based on the 50-100 proposal.
At lower grades, test performance can be interpreted as predictive of graduation readiness in the sense that comparable high school performance would result in predictable graduation determinations on parallel test content areas for first-time test takers, and instruction/remediation decisions can be made accordingly.  Of course, graduation readiness eventually also depends on remediation opportunities and subsequent assessment attempts.
The resulting 50-100 scale 
· would not need much further explanation in order to be transparent to teachers, students, parents and the public

· would have been set capitalizing on a reasonable history of results as used in practice 
· would be reasonable as suggested by the combined recommendations of, and therefore respect the work of, the original standard-setting judges
· would be based on more appropriate impact data than was available at the time of the original standard setting and articulation studies

· would be directly convertible to and from the current scales, which would continue to be the basis of the psychometric work of the contractors

· would be appropriately coarse to better reflect the lack of precision in the assessment results

· would de-emphasize differences in the tails where the conditional standard errors of measurement are largest
Graphs of the spline functions and the associated look-up tables appear in Appendix B.  The graphs reveal that the conversion is close to linear in regions that do not involve either LOSS or HOSS and flatten as one approaches either extreme, which we view as an advantage.  The look-up tables color-code the current cuts as a basis for comparison.
Conclusions and Recommendations

The moderated system of cut scores appears to have distinct advantages over the current system:  
· they cuts do not over- or under-emphasize any content area or grade, defined normatively, a clear drawback in the current system 
· The transformation is nearly linear for approximately half the students in the central regions of each of the distributions
· differences among scores at the extremes are minimized (note that the curves in Appendix B flatten out at either end), precisely where the standard errors of measurement are greatest (see any of Maryland’s technical manuals) and thus where interpretations of score differences should be made most cautiously

· they facilitate a notion of expected growth, in that, normatively speaking; one would expect one year’s growth in any content area should place a student in the same place, relative to the cut scores, as he or she was the prior year (similar, but not identical to the recommendation in Schafer, 2006) 
· they are easily translated into letter grades (achievement levels) that have meaning in terms of graduation decisions or comparable levels of performance.  

· they are expressed in terms that facilitate reasonable interpretations on the part of anyone at all familiar with American education  

· they allow computation of grade-point-averages across students and across schools, which have been used popularly for educational decision making  

· there is no change in the technical properties of the assessments since they would continue to be developed using the present scale scores; the conversions to the reporting scale would always be done as a last step  

· they are informed by actual student results on tests taken under the conditions for which the tests are to be used in the future
· they facilitate interpretation of achievement levels using released items, which could be associated with their RP67 positions [locations where two-thirds of examinees would be expected to respond correctly; see Huynh (1998)]; that would allow interpretation of achievement levels (e.g., achievement level descriptions) directly in terms of actual items to which students responded

· The look-up tables facilitate historical calculation of NCLB criteria for school-level, district-level, and state-level decision-making, so that historical trends can be expressed on the 50-100 metric; although we would not recommend that schools be identified as in-need-of-improvement historically based on the new data, it seems reasonable to remove schools if they no longer would have been identified
There are disadvantages, too:

· the new cuts are not the same as has been used in the past, making it necessary to begin (or revise) new data series for evaluation of school change over time.  That disadvantage is mitigated somewhat since it is always possible to apply the current cuts for specialized purposes  
· they are different from the cuts recommended by the educator committees involved in standard setting, but that disadvantage is also mitigated somewhat since the committee recommendations were themselves adjusted before approval within set ranges (there are estimable standard errors in the standard-development process and they could be compared with the proposed cuts in the standard-setting study reports using the criterion recommended by the National Psychometric Council of two combined standard errors, measurement and judges), but based on poorer quality impact data than are now available
What is presented here is a complete system that could be implemented immediately.  In order to develop a rich example, we made several decisions that might not be best from the point of view of the state and we therefore view as tentative.  Modifications are certainly possible and most can be accomplished easily, such as setting different percentiles than we used for the fixed scores on the 50-100 scale.  If the latter were done, it would be straightforward to develop revised splines and look-up tables.
We feel the underlying goals we have had in our work, a moderated cut-score system and a method of score reporting that is referenced to the moderated cuts, are desirable and attainable outcomes.  It is recommended that Maryland initiate a process by which this proposal can be considered and perhaps modified if desired to be more suitable for use in the state.  Consideration by both technical experts and user constituencies is certainly appropriate.  
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Appendix A:  Operational Detail of the Monotone Cubic Hermite Spline Function Process (two entries were taken from Wikipedia on January 1, 2009; minimally edited)
ENTRY 1

Monotone cubic interpolation

In the mathematical subfield of numerical analysis, monotone cubic interpolation is a variant of cubic interpolation that preserves monotonicity of the data set being interpolated.

Monotonicity is preserved by linear interpolation but not guaranteed by cubic interpolation.

	


[image: image1.png]


[edit] Monotone cubic Hermite interpolation



Example showing cubic and monotone cubic interpolation of a monotone data set. Note that the red line is not monotone.

Monotone interpolation can be accomplished using cubic Hermite spline with the tangents mi modified to ensure the monotonicity of the resulting Hermite spline.

Data preprocessing
Let the data points be (xk,yk) for k = 1,...,n
1. Initialize tangents at every data point, 

[image: image3.png]



for k = 2,...,n − 1. For the endpoints, use one-sided differences: 
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2. Initialize Δk = (yk + 1 − yk) / (xk + 1 − xk) for k = 1,...,n − 1.

3. For k = 1,...,n − 1, if Δk = 0, then set mk = mk + 1 = 0. Ignore step 4 and 5 for those k.

4. Let αk = mk / Δk and βk = mk + 1 / Δk.

5. Now, since we are trying to restrict the position vector (αk,βk) to a circle of radius 3, if [image: image5.png]ar + 3 > 9



, then set mk = τkαkΔk and mk + 1 = τkβkΔk where [image: image6.png]


.

Note that only one pass of the algorithm is required.

Cubic interpolation
After the preprocessing, evaluation of the interpolated spline is equivalent to cubic Hermite spline, using the data xk, yk, and mk for k = 1,...,n.

To evaluate at x, find the largest xlower and smallest xupper among xk such that [image: image7.png]Tiower S T < Tupper



. Calculate

h = xupper − xlower and [image: image8.png]Z — Tiower





then the interpolant is

finterpolated(x) = ylowerh00(t) + hmlowerh10(t) + yupperh01(t) + hmupperh11(t)
where hii are the basis functions for the cubic Hermite spline.

References
· Fritsch, F. N.; Carlson, R. E. (1980). "Monotone Piecewise Cubic Interpolation". SIAM Journal on Numerical Analysis (SIAM) 17 (2): 238–246. doi:10.1137/0717021
ENTRY 2

Cubic Hermite spline

In the mathematical subfield of numerical analysis a cubic Hermite spline (also called cspline), named in honor of Charles Hermite, is a third-degree spline with each polynomial of the spline in Hermite form. The Hermite form consists of two control points and two control tangents for each polynomial.

For interpolation on a grid with points xk for k = 1,...,n, interpolation is performed on one subinterval (xk,xk + 1) at a time (given that tangent values are predetermined). The subinterval (xk,xk + 1) is normalized to (0,1) via t = (x − xk) / (xk + 1 − xk).

	


[image: image9.png]


Interpolation on a single interval
Unit interval (0,1)
On the unit interval (0,1), given a starting point p0 at t = 0 and an ending point p1 at t = 1 with starting tangent m0 at t = 0 and ending tangent m1 at t = 1, the polynomial can be defined by
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The four Hermite basis functions. The interpolant in each subinterval is a linear combination of these four functions.

where t ∈ [0, 1].

The four Hermite basis functions can be defined as
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to give the polynomial as
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Interpolation on (xk,xk + 1)
Interpolating x in the interval (xk,xk + 1) can now be done with the formula

[image: image18.png]



with h = xk + 1 − xk and t = (x − xk) / h. Note that the tangent values have been scaled by h compared to the equation on the unit interval.

Uniqueness
The two control points and the tangents specify a third degree polynomial, that can be obtained by the procedure outlined above. Two distinct third-degree polynomials satisfying the given boundary conditions, would differ by only a third-degree polynomial which is zero and with zero derivative at two distinct points, and the only such third-degree polynomial is zero.

Interpolating a data set
A data set, [image: image19.png](T, Prc )



for k = 1,...,n, can be interpolated by applying the above procedure on each interval, where the tangents are chosen in a sensible manner, meaning that the tangents for intervals sharing endpoints are equal. The interpolated curve then consists of piecewise cubic Hermite splines, and is globally continuously differentiable in (x1,xn).

The choice of tangents is non-unique, and there are several options available.

Finite difference
The simplest choice is the three-point difference, not requiring constant interval lengths,

[image: image20.png]



for internal points k = 2,...,n − 1, and one-sided difference at the endpoints of the data set.

Cardinal spline






Cardinal spline example in 2D. The line represents the curve, and the squares represent the control points [image: image23.png]f L4



. Notice that the curve does not reach the first and last points, these points do however affect the shape of the curve. The tension parameter used is 0.1

A cardinal spline is obtained[1] if

[image: image24.png]my, = (1 — ¢) Tkt




is used to calculate the tangents. The parameter c is a tension parameter that must be in the interval (0,1). In some sense, this can be interpreted as the "length" of the tangent. c = 1 will yield all zero tangents, and c = 0 yields a Catmull-Rom spline.

Catmull–Rom spline
For tangents chosen to be

[image: image25.png]



a Catmull–Rom spline is obtained, being a special case of a cardinal spline.

The curve is named after Edwin Catmull and Raphie Rom. In computer graphics, Catmull–Rom splines are frequently used to get smooth interpolated motion between key frames. For example, most camera path animations generated from discrete key-frames are handled using Catmull–Rom splines. They are popular mainly for being relatively easy to compute, guaranteeing that each key frame position will be hit exactly, and also guaranteeing that the tangents of the generated curve are continuous over multiple segments.

Kochanek–Bartels spline
A Kochanek–Bartels spline is a further generalization on how to choose the tangents given the data points [image: image26.png]Pr—1



, [image: image27.png]f L4



and [image: image28.png]P41



, with three parameters possible, tension, bias and a continuity parameter.

Monotone cubic interpolation
If a cubic Hermite spline of any of the above listed types is used for interpolation of a monotonic data set, the interpolated function will not necessarily be monotonic, but monotonicity can be preserved by adjusting the tangents.

Interpolation on the unit interval without derivatives
Given p-1, p0, p1 and p2 as the values that the function should take on at -1, 0, 1 and 2, we can use the Lagrange polynomial to write

[image: image29.png]—z(r—1)(z-2) P-1
L3+ D)@-@=2)| [p
CINT, (p1, P P1,P2) = § 3+ (e —2) n

(z+1)z(z—1)




where the left-hand vector is independent of the p.

To derive this, recall the uniqueness argument, and observe that the entries in the left-hand vector are cubic polynomials which are zero at three of the sampling points and equal to +1 at the fourth.

This simplification is relevant for tricubic interpolation, where one optimization requires you to compute CINTx sixteen times with the same x and different p.

See also
· Bicubic interpolation, a generalization to two dimensions

· Tricubic interpolation, a generalization to three dimensions

· Hermite interpolation
References
1. ^ Cardinal Splines at Microsoft Developer Network
External links
· Introduction to Catmull-Rom Splines, MVPs.org

· Catmull-Rom spline - Indopedia, the Indological Encyclopedia
· Interpolating Cardinal and Catmull-Rom splines
· Interpolation methods: linear, cosine, cubic and hermite (with C sources)
Appendix B:  Graphical Representations of the Transformations for Each Test Series
The left axis is number of students.

The right axis is the reporting scale score (50-100).
The horizontal axis is the current score scale (mean = 400 & SD = 40 originally).

The histogram is from the 2008 statewide data.

The line is the spline function that can convert the 400-40 scale to the 50-100 scale.

The points on the line are the fixed values that were used to generate the spline.

Each graph is preceded by the coordinate values of the points.

Each spline was generated conforms to (percentile ranks 0 & 100 used for convenience):

Cut

Percentile Rank
50-100 Score


LOSS


0


50

D/F


26


60


C/D


36


70


B/C


56


80


A/B


77


90


HOSS


100


100
MSA Reading
Grade 3
According to the proposed cut percentile ranks, the corresponding cut percentiles for MSA Reading grade 3 are as follows. The Cubic Hermite Spline Function is fit based on the following 6 points.

	Points
	Cut  Percentiles
	Cut Score

	LOSS
	240
	50

	D/F
	396
	60

	C/D
	407
	70

	B/C
	425
	80

	A/B
	443
	90

	HOSS
	650
	100
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Grade 4
According to the proposed cut percentile ranks, the corresponding cut percentiles for MSA Reading grade 4 are as follows. The Cubic Hermite Spline Function is fit based on the following 6 points.

	Points
	Cut  Percentiles
	Cut Score

	LOSS
	240
	50

	D/F
	387
	60

	C/D
	397
	70

	B/C
	416
	80

	A/B
	437
	90

	HOSS
	650
	100
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Grade 5
According to the proposed cut percentile ranks, the corresponding cut percentiles for MSA Reading grade 5 are as follows. The Cubic Hermite Spline Function is fit based on the following 6 points.

	Points
	Cut  Percentiles
	Cut Score

	LOSS
	240
	50

	D/F
	400
	60

	C/D
	411
	70

	B/C
	430
	80

	A/B
	451
	90

	HOSS
	650
	100
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Grade 6
According to the proposed cut percentile ranks, the corresponding cut percentiles for MSA Reading grade 6 are as follows. The Cubic Hermite Spline Function is fit based on the following 6 points.

	Points
	Cut  Percentiles
	Cut Score

	LOSS
	240
	50

	D/F
	387
	60

	C/D
	397
	70

	B/C
	415
	80

	A/B
	437
	90

	HOSS
	650
	100
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Grade 7
According to the proposed cut percentile ranks, the corresponding cut percentiles for MSA Reading grade 7 are as follows. The Cubic Hermite Spline Function is fit based on the following 6 points.

	Points
	Cut  Percentiles
	Cut Score

	LOSS
	240
	50

	D/F
	392
	60

	C/D
	401
	70

	B/C
	419
	80

	A/B
	440
	90

	HOSS
	650
	100
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Grade 8
According to the proposed cut percentile ranks, the corresponding cut percentiles for MSA Reading grade 8 are as follows. The Cubic Hermite Spline Function is fit based on the following 6 points.

	Points
	Cut  Percentiles
	Cut Score

	LOSS
	240
	50

	D/F
	389
	60

	C/D
	399
	70

	B/C
	416
	80

	A/B
	436
	90

	HOSS
	650
	100
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MSA Math
Grade 3
According to the proposed cut percentile ranks, the corresponding cut percentiles for MSA Math grade 3 are as follows. The Cubic Hermite Spline Function is fit based on the following 6 points.

	Points
	Cut  Percentiles
	Cut Score

	LOSS
	240
	50

	D/F
	390
	60

	C/D
	402
	70

	B/C
	421
	80

	A/B
	445
	90

	HOSS
	650
	100
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Grade 4
According to the proposed cut percentile ranks, the corresponding cut percentiles for MSA Math grade 4 are as follows. The Cubic Hermite Spline Function is fit based on the following 6 points.

	Points
	Cut  Percentiles
	Cut Score

	LOSS
	240
	50

	D/F
	396
	60

	C/D
	408
	70

	B/C
	430
	80

	A/B
	454
	90

	HOSS
	650
	100
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Grade 5
According to the proposed cut percentile ranks, the corresponding cut percentiles for MSA Math grade 5 are as follows. The Cubic Hermite Spline Function is fit based on the following 6 points.

	Points
	Cut  Percentiles
	Cut Score

	LOSS
	240
	50

	D/F
	399
	60

	C/D
	410
	70

	B/C
	431
	80

	A/B
	455
	90

	HOSS
	650
	100
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Grade 6
According to the proposed cut percentile ranks, the corresponding cut percentiles for MSA Math grade 6 are as follows. The Cubic Hermite Spline Function is fit based on the following 6 points.

	Points
	Cut  Percentiles
	Cut Score

	LOSS
	240
	50

	D/F
	397
	60

	C/D
	408
	70

	B/C
	431
	80

	A/B
	456
	90

	HOSS
	650
	100
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Grade 7
According to the proposed cut percentile ranks, the corresponding cut percentiles for MSA Math grade 7 are as follows. The Cubic Hermite Spline Function is fit based on the following 6 points.

	Points
	Cut  Percentiles
	Cut Score

	LOSS
	240
	50

	D/F
	388
	60

	C/D
	400
	70

	B/C
	421
	80

	A/B
	448
	90

	HOSS
	650
	100
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Grade 8
According to the proposed cut percentile ranks, the corresponding cut percentiles for MSA Math grade 8 are as follows. The Cubic Hermite Spline Function is fit based on the following 6 points.

	Points
	Cut  Percentiles
	Cut Score

	LOSS
	240
	50

	D/F
	394
	60

	C/D
	404
	70

	B/C
	425
	80

	A/B
	451
	90

	HOSS
	650
	100
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MSA Science
Grade 5

According to your proposed cut percentile ranks, the corresponding cut percentiles for MSA Science grade 5 are as follows. The Cubic Hermite Spline Function is fit based on the following 6 points.

	Points
	Cut  Percentiles
	Cut Score

	LOSS
	240
	50

	D/F
	377
	60

	C/D
	390
	70

	B/C
	413
	80

	A/B
	439
	90

	HOSS
	650
	100



[image: image42]
Grade 8

According to your proposed cut percentile ranks, the corresponding cut percentiles for MSA Science grade 8 are as follows. The Cubic Hermite Spline Function is fit based on the following 6 points.

	Points
	Cut  Percentiles
	Cut Score

	LOSS
	240
	50

	D/F
	367
	60

	C/D
	382
	70

	B/C
	408
	80

	A/B
	437
	90

	HOSS
	650
	100



[image: image43]
HSA
Biology
According to the proposed cut percentile ranks, the corresponding cut percentiles for HSA Biology are as follows. The Cubic Hermite Spline Function is fit based on the following 6 points.

	Points
	Cut  Percentiles
	Cut Score

	LOSS
	240
	50

	D/F
	392
	60

	C/D
	402
	70

	B/C
	421
	80

	A/B
	442
	90

	HOSS
	650
	100
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Government
According to the proposed cut percentile ranks, the corresponding cut percentiles for HSA Government are as follows. The Cubic Hermite Spline Function is fit based on the following 6 points.

	Points
	Cut  Percentiles
	Cut Score

	LOSS
	240
	50

	D/F
	391
	60

	C/D
	401
	70

	B/C
	423
	80

	A/B
	447
	90

	HOSS
	650
	100
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Algebra
According to the proposed cut percentile ranks, the corresponding cut percentiles for HSA Algebra are as follows. The Cubic Hermite Spline Function is fit based on the following 6 points.

	Points
	Cut  Percentiles
	Cut Score

	LOSS
	240
	50

	D/F
	400
	60

	C/D
	409
	70

	B/C
	427
	80

	A/B
	448
	90

	HOSS
	650
	100
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English
According to the proposed cut percentile ranks, the corresponding cut percentiles for HSA English are as follows. The Cubic Hermite Spline Function is fit based on the following 6 points.

	Points
	Cut  Percentiles
	Cut Score

	LOSS
	240
	50

	D/F
	385
	60

	C/D
	393
	70

	B/C
	408
	80

	A/B
	428
	90

	HOSS
	650
	100
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