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The ACT College Tertiary Course Scaling Procedures 

Edition 1 

A Canberra Mathematical Association initiative 

(Ed Staples, CMA February 2013) 

 

Rationale 
On reading Professor Rob Hyndman’s report Review of the impact of correlations in the ACT scaling 
process, published 15 February 2011, and drawing on much of his material relating to the formulation 
of the scaling procedures, I have endeavoured to produce a pedagogically targeted document for 
interested teachers, students and other practitioners that endeavours to explain the theoretical 
underpinnings and most technical aspects of the model. I have also created an Excel spread sheet to 
assist with the understanding of the various elements of the scaling procedure, and for this I am 
indebted to Paul Turner in this for not only his interest, advice and help in this regard, but for his 
thoughtful contribution at appendix 3. 

I am very much indebted to Rob Hyndman’s paper and note that he points out his surprise that, prior 
to his paper, there was very little written down about the procedure and the evolving technical 
aspects that have occurred and are still occurring over the past decade. I would also like to 
acknowledge Erin Gallagher for her interest, feedback and editorial skills, and for the invaluable 
feedback given by John Carty. 

This paper will go some way to develop the basic understandings, particularly for teachers who, 
among other things, are required from time to time to address questions raised by students.  

Ed Staples, May 2013 

 

Presidents Note 

There has for some time in the college sector, been a void of professionals who fully understand the 
complexity surrounding how the ACT College Tertiary Course Scaling procedures work.  Of great 
importance to me is the need for all college teachers to understand the fundamentals with regards 
to our system scaling procedures as the nuances surrounding their operation can indeed be used to 
construct assessment items that either unwittingly or unfairly skew score distributions.  Only with 
full operational understanding can the teaching profession in the ACT ensure equity across the 
system and be further critical and reflective of the processes we use to scale students.  A question 
that should be asked is, “Does it validly and reliably reflect the learning differences?”, as opposed to 
“Does it advantage our best and brightest?”.  Being a small system can no longer be an excuse for 
failing to adequately ensure that a single assessment item, could see the undoing of a student’s final 
score.   

Erin Gallagher, May 2013  
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Section 1: An explanation of the OCS process  

 

The BSSS 
The ACT Office of the Board of Secondary Studies is responsible for the scaling of college tertiary course 

scores. Broadly speaking, these course scores derive from an averaging of a two year series of standardised 

subject based unit scores. In every college, the course scores (more accurately named moderation group 

scores) are standardised to a mean of 70 and a standard deviation of 12 in preparation for OCS (Other 

Course Score) scaling. 

In years gone by, the course scores from within and across all of the participating schools and colleges were 

moderated simply by re-standardising to the mean and standard deviation of each group’s AST scores. 

However since the year 2000, a different improved method of scaling has been implemented.  

These notes give a brief explanation of how the scaling method works: 

The basic assumption underpinning the current scaling method is that the scaled scores that are developed 

on tertiary bound students (specifically the course scores and the AST score) are considered as different 

estimates of the same thing – a one-dimensional notion called ability. The scaling procedure derives for each 

student an unbiased estimate of this notion in the form of an ability index called 𝜇𝑖.  

 

A simple example of the method of moments 1 
Suppose, in a dance competition, 5 dance students are being assessed by a team of three expert judges who 

independently score each dancer a mark out of 10. We might end up with a results in Table 1: 

 

TABLE 1 - DANCER SCORES 

We could determine row and column averages and the standard deviation (a measure of the spread of 

scores) on each judge, so that our Table 1 might become Table 2. 

                                                           
1 The Method of Moments is in fact a procedure used for estimating certain unknowns in the equations that arise in the 

linear scaling 

Student Judge 1 Judge 2 Judge 3

A 2 6 3

B 10 9 6

C 4 6 4

D 8 9 5

E 6 8 4
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TABLE 2 - AVERAGES AND STANDARD DEVIATIONS 

A ranking could be developed on the basis of the average of the three judges’ scores for each dancer, and we 

could announce B as the clear winner.  

The problem with this approach though is that there are clearly different judging patterns happening within 

the three columns. The judges have differing ideas about what an average score should be, and how to 

spread them, and this may have affected the overall ranking outcome. One way to approach the problem is 

to rescale each of the judges score sets so that all three of them have scores with the same mean and 

standard deviation. The choice of mean and standard deviation is arbitrary, because we are only interested 

in the overall rankings, so for the purposes of this example, suppose we chose the average to be 5 and the 

standard deviation to be 2.  In this case, we would end up with Table 3 given as: 

 

TABLE 3 - STANDARDISED SCORES 

The column next to the rankings is required because when we averaged the standardised column marks, the 

standard deviation decreased slightly simply because we expect slightly less spread in the averages. You can 

see how the judges’ marks look more uniform, but you may also notice that there was no change in the 

rankings. This is certainly not always the case, and the rankings can be disturbed by the standardisation 

process, particularly with low quality input. 

Now there is a third method available to us, known as the Method of Moments procedure. The basic idea is 

that there is some true dancing value that each dancer possesses, irrespective of the assessment given by a 

judge. These values are generally unobtainable. However, very good unbiased estimates, known as ability 

indices can be made on them by applying this technique. In fact a judge’s mark can be thought of as the sum 

of a dancer’s ability index and an error term.  The indices are often called the 𝜇𝑖𝑠 and so in our example 

there are 5  𝜇𝑖𝑠 to be determined called  𝜇1, 𝜇2, 𝜇3, 𝜇4, and  𝜇5  respectively for students A, B, C, D and E. We 

can state that the reason that the judges’ marks are different for any one student is that there are un-

correlated error terms in every mark given.  

At the heart of this new method is a procedure to adjust, in a uniform way, each of the three judges score 

sets. For each set, we determine numbers called b and a, that change the five student scores by multiplying 

Student Judge 1 Judge 2 Judge 3 Average rank

A 2 6 3 3.67 5

B 10 9 6 8.33 1

C 4 6 4 4.67 4

D 8 9 5 7.33 2

E 6 8 4 6.00 3

Average 6.0 7.6 4.4 6.0

SD 2.8 1.4 1.0 1.7

STANDARDIZED

student Judge 1 Judge 2 Judge 3 Average rank

A 2.17 2.64 2.25 2.36 2.28 5

B 7.83 7.06 8.14 7.68 7.76 1

C 3.59 2.64 4.22 3.48 3.44 4

D 6.41 7.06 6.18 6.55 6.60 2

E 5.00 5.59 4.22 4.94 4.93 3

Average 5.0 5.0 5.0 5.0 5.0

SD 2.0 2.0 2.0 1.9 2.0
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each one of them by b and then adding on a. This is known as a linear transformation on the five scores, and 

can be written as five mathematical equations. So for example, for Judge 1 we have: 

Judge 1’s Score Linear transformation 

2 𝑏 × 2 +   𝑎 
10 𝑏 × 10 + 𝑎 
4 𝑏 × 4 +   𝑎 
8 𝑏 × 8 +   𝑎 
6 𝑏 × 6 +   𝑎 

TABLE 4 - JUDGE 1 SCORE TRANSFORMATIONS 

So we might say, that for student 1 for example, that there are 3 sets of b and a values, called (𝑏1, 𝑎1) 

, (𝑏2, 𝑎2) and (𝑏3, 𝑎3) and three corresponding transformed scores given by 

Judge 1’s transformed score Judge 2’s transformed score Judge 3’s transformed score 

𝑦1 = 𝑏1(2) + 𝑎1 𝑦2 = 𝑏2(6) + 𝑎2 𝑦3 = 𝑏3(3) + 𝑎3 

TABLE 5 - STUDENT 1 SCORE TRANSFORMATIONS 

Each of the three transformed scores will be equal to the sum of the ability index  𝜇1 and an error term 

associated with each judgement, say 𝑒1, 𝑒2 and 𝑒3.  Now if we average the three transformed scores, we can 

say that: 

𝐴𝑣𝑒[𝑦1, 𝑦2, 𝑦3] = 𝐴𝑣𝑒[ 𝜇1,  𝜇1,  𝜇1] + 𝐴𝑣𝑒[𝑒1, 𝑒2, 𝑒3]  

This simplifies to  

𝐴𝑣𝑒[𝑦1, 𝑦2, 𝑦3] =  𝜇1 + 𝐴𝑣𝑒[𝑒1, 𝑒2, 𝑒3] (1) 

Suppose we now make the assumption that the average of the three error terms on Student 1 is zero. Then 

our Equation (1) on student 1 further simplifies to: 

𝐴𝑣𝑒[𝑦1, 𝑦2, 𝑦3] =  𝜇1 (2) 

We could do the same for the other 4 students and arrive at a set of 5 equations, with each student 

identified with a leading subscript: 

𝐴𝑣𝑒1[𝑦1,1, 𝑦1,2, 𝑦1,3] =  𝜇1 

𝐴𝑣𝑒2[𝑦2,1, 𝑦2,2, 𝑦2,3] =  𝜇2 

𝐴𝑣𝑒3[𝑦3,1, 𝑦3,2, 𝑦3,3] =  𝜇3 

𝐴𝑣𝑒4[𝑦4,1, 𝑦4,2, 𝑦4,3] =  𝜇4 

𝐴𝑣𝑒5[𝑦5,1, 𝑦5,2, 𝑦5,3] =  𝜇5 

(3) 
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So what we need now is formulae for the three sets of b and a values so that we can determine the y values, 

so that in turn we can determine the ability indices by averaging those transformed scores.   

Firstly, our b values can be found only if we make the assumption that the average of the vertical error terms 

against any particular judge will disappear as well.  The mathematics need not concern us here but, given 

that there are no error terms in the average, the b value for judge 1 turns out to be:  

𝑏1 =
𝑆𝑡𝑑 𝐷𝑒𝑣( 𝜇1,  𝜇2,  𝜇3,  𝜇4,  𝜇5)

𝑆𝑡𝑑 𝐷𝑒𝑣(2,10,4,8,6) × 𝑟 
 (4) 

The symbol 𝑟 refers to the correlation between the two sets in the formula – the set  ( 𝜇1,  𝜇2,  𝜇3,  𝜇4,  𝜇5) 

and Judge 1’s set (2, 10, 4, 8, 6) . The value of 𝑟 can range from -1 to +1, but since each judge is 

endeavouring to measure the same ability index, we would expect 𝑟  to be a positive value fairly close to 1. 

The other two b values are worked out similarly. 

𝑏2 =
𝑆𝑡𝑑 𝐷𝑒𝑣( 𝜇1,  𝜇2,  𝜇3,  𝜇4,  𝜇5)

𝑆𝑡𝑑 𝐷𝑒𝑣(6, 9, 6, 9, 8) × 𝑟 
 

𝑏3 =
𝑆𝑡𝑑 𝐷𝑒𝑣( 𝜇1,  𝜇2,  𝜇3,  𝜇4,  𝜇5)

𝑆𝑡𝑑 𝐷𝑒𝑣(3, 6, 4, 5, 4) × 𝑟 
 

(5) 

 

 

The a values are found only after the b values are determined. For Judge 1, the a value is given by: 

𝑎1 = 𝑎𝑣𝑒( 𝜇1,  𝜇2,  𝜇3,  𝜇4,  𝜇5) − 𝑏1 × 𝑎𝑣𝑒(2,10,4,8,6) (6) 

Again, the a values for the other sets are found in the same way. 

𝑎2 = 𝑎𝑣𝑒( 𝜇1,  𝜇2,  𝜇3,  𝜇4,  𝜇5) − 𝑏2 × 𝑎𝑣𝑒(6, 9, 6, 9, 8) 

𝑎3 = 𝑎𝑣𝑒( 𝜇1,  𝜇2,  𝜇3,  𝜇4,  𝜇5) − 𝑏3 × 𝑎𝑣𝑒(3, 6, 4, 5, 4) 
(7) 

 

There is only one more problem to solve before we’re done. The standard deviations and correlations 

present no problem at all with someone with a scientific calculator or an Excel spread sheet. However, 

unless we know the values of the  𝜇𝑖𝑠  to begin with, it seems we can’t determine the b values. Remember 

that all we can obtain at the beginning are the student averages, each of which contain two parts – the  𝜇𝑖𝑠  

and the 𝑒𝑖𝑠 and our b formulae was created on the assumption that the average of the 𝑒𝑖𝑠 was zero. Initially, 

however, this wasn’t guaranteed, and so we have to perform a convergence trick to progressively eliminate 

the error terms.  

Specifically, we make a guess at the 𝑏 values, work the 𝑎 values out from our guess, and then adjust the 

judge’s marks accordingly. This produces averages on each dancer, and these averages become our first 

estimates of the  𝜇𝑖𝑠 .  From these we find improved b and a values and these in turn lead to new averages 
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and then on to better b and a values. Continuing this way, the averages converge to the 𝜇𝑖𝑠 . The whole 

process stops when the b and a values stop changing. It is only then that we know we have arrived.  

To start the whole process, a sensible first guess at the b and a values might be to make all three pairs equal 

to 1 and 0 as shown at the top of Table 6. This means in effect that “adjusted” scores are identical to the raw 

scores.  

 

TABLE 6 

We now have averages on the right hand side, and we use these along with the Judges’ columns to produce 

Table 7 below. Note that the values of a and b have changed according to the new averages. Scores are 

adjusted according to the new values of a and b. For example, student A Judge 1, changes from 2 to 2 ×

0.601852 + 2.38889 =  3.593 

 

TABLE 7 

Again, Table 8 shows new adjustment values, and new averages, but these, at least to two decimal places, 

look identical to Table 7. 

Table 1a

Start

b 1 1 1

a 0 0 0

student Judge 1 Judge 2 Judge 3 Average

A 2.000 6.000 3.000 3.67

B 10.000 9.000 6.000 8.33

C 4.000 6.000 4.000 4.67

D 8.000 9.000 5.000 7.33

E 6.000 8.000 4.000 6.00

Average 6.0 7.6 4.4 6.0

SD 2.8 1.4 1.0 1.7

Table 2

1st

b 0.601852 1.313131 1.733333

a 2.388889 -3.9798 -1.62667

student Judge 1 Judge 2 Judge 3 Average

A 3.593 3.899 3.573 3.69

B 8.407 7.838 8.773 8.34

C 4.796 3.899 5.307 4.67

D 7.204 7.838 7.040 7.36

E 6.000 6.525 5.307 5.94

Average 6.0 6.0 6.0 6.0

SD 1.7 1.8 1.8 1.7
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TABLE 8 - 2ND ITERATION 

Finally Table 9 is listed with b and a values close enough to consider that the set of averages have converged.  

 

TABLE 9 - 3RD ITERATION 

Table 9 shows the student averages essentially free of error with the adjusting numbers almost at 1 and 0. 

This means that these averages represent the best available estimators of the true ability components of the 

original unadjusted scores made by the Judges.  

So for example, Judge 1 originally scored 2 on Dancer A and that score was iteratively adjusted to 3.59 

shown in Table 9. But we now know that Dancer A has an ability index of 3.69 as shown by the average in 

that table. So the error remaining in the adjusted score is a mere -0.1 correct to 1 decimal place. We could 

find these errors for all judgements, and these are listed in Table 10.   

Table 3

2nd

b 1.000623 1.001291 0.998092

a -0.00374 -0.00775 0.011449

student Judge 1 Judge 2 Judge 3 Average

A 3.591 3.896 3.578 3.69

B 8.409 7.841 8.768 8.34

C 4.796 3.896 5.308 4.67

D 7.204 7.841 7.038 7.36

E 6.000 6.526 5.308 5.94

Average 6.0 6.0 6.0 6.0

SD 1.7 1.8 1.8 1.7

Table 4a

3rd

b 1.000011 0.999904 1.000085

a -6.7E-05 0.000575 -0.00051

student Judge 1 Judge 2 Judge 3 Average Rank

A 3.590 3.894 3.583 3.69 5

B 8.410 7.843 8.763 8.34 1

C 4.795 3.894 5.309 4.67 4

D 7.205 7.843 7.036 7.36 2

E 6.000 6.527 5.309 5.95 3

Average 6.0 6.0 6.0 6.0

SD 1.7 1.8 1.8 1.7
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TABLE 10 - ERRORS 

Notice that the average error both along any row and down any column is zero. This is not surprising if you 

think about it. But what is more interesting is looking at the errors that were in the original scores. We have 

the true abilities listed to the far right in Table 11, and you can see firstly that the errors formed a much 

larger component of the raw scores than they do in the adjusted scores, and secondly that the average of 

these errors is not zero.  

 

TABLE 11 - UNADJUSTED ERRORS 

Interesting to note that once again, with these numbers, the rank has not changed, but with much larger 

sets and more judges, this is very possible.  

What is nice about this method is that we arrive at an error free ability index for each dancer. The number of 

dancers and judges are usually much larger than this simplified model. Furthermore there are often gaps in 

the table, where certain judges have not rated certain dancers – the same general procedure applies in 

these instances.   

 

  

Table 4b

Errors

b 1.000011 0.999904 1.000085

a -6.7E-05 0.000575 -0.00051

student Judge 1 Judge 2 Judge 3 Average Rank

A -0.099 0.205 -0.106 0.00 5

B 0.072 -0.496 0.424 0.00 1

C 0.129 -0.772 0.643 0.00 4

D -0.156 0.482 -0.325 0.00 2

E 0.055 0.581 -0.636 0.00 3

Average 0.0 0.0 0.0 0.0

SD 0.1 0.5 0.5 0.0

Table 1b

Unadjusted errors

b 1.000011 0.999904 1.000085

a -6.7E-05 0.000575 -0.00051 Difference from 

student Judge 1 Judge 2 Judge 3 True Ability True Ability

A -1.688 2.312 -0.688 -0.02 3.69

B 1.661 0.661 -2.339 -0.01 8.34

C -0.667 1.333 -0.667 0.00 4.67

D 0.639 1.639 -2.361 -0.03 7.36

E 0.055 2.055 -1.945 0.06 5.94

Average 0.00 1.60 -1.60 0.0

SD 1.1 0.6 0.8 0.0
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Developing a model for colleges 
We now turn to reality, and discuss how the Method of Moments (MoM) scaling technique is applied to the 

OCS scaling regime. The detail gets fairly complicated, but the fundamental ideas can be understood readily. 

There are moderation groups within the participating institutions, and there are around 30 institutions in the 

system. Groups can be large (greater than 20) or small (less than 11) or in between, but the simple 

descriptions to follow pertain to large groups. There are all sorts of adjustments to other groups, but they 

need not concern us here. 

Let’s now put down the basic procedure.  

The “judges” scores become the moderation group scores, and the “dancers” become the students. The 

ability indices 𝜇𝑖  , which were simple row averages in the pure Method of Moments strategy, change to the 

scaling scores 𝑉𝑖,𝑘  which are an average of a student’s best 3.6 course scores AND 0.8 of an AST score, in 

institution 𝑘.  

Not every “student” is assessed by every “judge”. That is to say not every student does every course. 

However, the AST scores themselves become an extra “Judge” (as if the set of AST scores became a course 

itself). The two important differences between the AST scores, and other group scores in the institution, is 

that firstly every student in the institution has an AST score, and secondly, that score is a system-wide 

moderated score.  

So here’s what happens. All course scores undergo a preliminary scaling simply to equate the means and 

standard deviations. Then each moderation group undergoes a MoM scaling using 𝑉𝑖,𝑗,𝑘 to produce scaling 

parameters (𝑏𝑗,𝑘, 𝑎𝑗,𝑘) unique to that group (note the need to identify the college in the subscripts). These 

linear transformations will ultimately distinguish the groups within the institution, because the only scores 

compared in any particular group are the 𝑛 matched pairings (𝑥𝑖,𝑗, 𝑉𝑖,𝑗,𝑘) corresponding to the 𝑛 students in 

the moderation group under consideration. This means essentially that a clever group, as shown by 𝐶𝑖,𝑗 , will 

produce better scaling parameters than one which is not so clever.  This part of the process is generally 

known as in-school scaling.  

In addition to this, the complete set of AST scores in any one institution, which we could call  𝐶𝑖,𝑘 is MoM 

scaled against the scaling score 𝑉𝑖,𝑘  to produce a set of institution scaling parameters 𝐵𝑘 and 𝐴𝑘. These are 

the across-school parameters and they will be used to distinguish the results across different institutions. 

Theoretically at least, we scale the AST results themselves using 𝐵𝑘 and 𝐴𝑘.   

In practise, the in-school and across-school scaling features are combined into the one scaling formula, which 

performs both jobs at once! The “new” 𝑏 terms are constructed by taking each one of the 𝑏𝑗,𝑘 s for an 

institution and dividing them by the single institution parameter 𝐵𝑘 . We also construct “new” 𝑎𝑗,𝑘 terms so 

that in the end the course scaling lines are reflecting both the in-school and across school differences. In the 

process, we have to de-scale the AST scores back to their original form using parameters (1, 0). In simple 

terms, we perform the two scaling manoeuvres on the course scores and leave the AST scores alone! 

The iteration processes that need to occur to find the 𝑉𝑖,𝑘s is essentially the same as for our simple dance 

student example. Student averages are formed using the best 3.6 major scores and 0.8 of the AST score. 

These are our first estimates of the 𝑉𝑖,𝑘s. From these, the course scaling parameters (𝑏𝑗,𝑘, 𝑎𝑗,𝑘)  and 

institution parameters (𝐵𝑘 , 𝐴𝑘)  are found, and combined in a way that makes the “new” 𝑏 term 
𝑏𝑗,𝑘

𝐵𝑘
 and the 
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“new” 𝑎 term given by 
𝐴𝑣𝑒(𝑉𝑖,𝑘)−𝐴𝑘

𝐵𝑘
−

𝑏𝑗,𝑘

𝐵𝑘
∙ 𝐴𝑣𝑒(𝑥𝑖,𝑗,𝑘)  . While the “new” 𝑎 term looks a little complicated, 

just think of it as the translation required on the original parameters (𝑏𝑗,𝑘 , 𝑎𝑗,𝑘)  to return the AST scaling 

parameters back to (1, 0). 

After applying the “new” parameters to the course scores and leaving the AST alone, the second iteration 

commences. Then the third, the fourth etc. until the 𝑉𝑖,𝑘s converge. 

At this point two observations can be made. Firstly, because AST remains fixed, it acts as an anchor on the 

course means. Different course means converge toward their corresponding AST means. Secondly, the 

2/11th mix of AST in the average implies that the spread of the course scores would in a small way reflect the 

spread of the AST scores.  

Some comment has been expressed as to the effect of the weighting of AST in the 𝑉𝑖,𝑘s. It is clear that the 

larger the weighting the more the 𝑉𝑖,𝑘s will look like the AST scores. Suppose hypothetically we were to 

consider increasing the weighting of AST in the 𝑉𝑖,𝑘s ten-fold.  Then the parameters (𝐵𝑘 , 𝐴𝑘) would not differ 

much from (1, 0), and the course parameters (𝑏𝑗,𝑘 , 𝑎𝑗,𝑘)  would force the spread of the course scores to be 

much more like the spread of the AST scores. The lesson is that the higher the mix, the more similar the 

course spreads will be to the AST spreads on each course. 

The following page outlines this process diagrammatically. 
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Schematic diagram of the OCS process 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Scaling lines 

𝑆𝑐𝑎𝑙𝑖𝑛𝑔 𝑆𝑐𝑜𝑟𝑒𝑠: 𝑉𝑗,𝑘  

𝐴𝑆𝑇: 𝐶𝑘  𝐶𝑜𝑢𝑟𝑠𝑒 𝑆𝑐𝑜𝑟𝑒𝑠: 𝑋𝑗,𝑘  

𝑌 = 𝑏 ∙ 𝑋𝑖,𝑗,𝑘 + 𝑎 𝑌 = 𝐵 ∙ 𝐶𝑘 + 𝐴 

 

Adjusted Scaling Lines 

𝑌 = (
𝑏

𝐵
) ∙ 𝑋𝑖,𝑗,𝑘 + "𝑛𝑒𝑤 𝑎" 

𝑌 = 1 ∙ 𝐶𝑘 + 0 

 

𝑏, 𝑎   𝐵, 𝐴 
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The need for correlation and authentic assessment 
The AST scores are thus used in two separate ways. In the first instance they contribute to, with a maximum 

weighting of approximately 18%, the scaling score  (
0.8

4.4
=

2

11
) , and in the second instance act as the sole 

moderating device between all of the different schools and colleges. While the correlation between the AST 

and any particular course is not directly used in the scaling process, it nevertheless could be argued that the 

assumption underpinning the method of moments (that all of the separate measures are measurements of 

the same thing) is challenged whenever poor correlations between courses and AST occur.  

The other often neglected consideration in the whole procedure is that method of moments scaling is linear 

scaling. The ratio of gaps between course scores and hence the school based rankings within any particular 

course remains absolutely fixed through the entire procedure. The moderator can alter the location and 

spread of the course scores, but cannot change the relative displacements between scores and their means. 

These relative displacements are fixed by the various college assessment regimes, and final Australian 

Tertiary Admissions Rank indices (ATAR’s), to some extent, are dependent on them.  Poor assessment 

regimes contribute to compromised ATAR’s and it is important that practitioners are made aware of this.    

As a final note, prior to a mathematical development of the scaling formulae, there has been some 

consideration over the years given to the weighting applied to the AST component of the scaling score. 

Currently, it contributes to 
2

11
𝑡ℎ𝑠 of the 𝑉𝑖,𝑘  but in 2011 it contributed about 70% less than this. Does the 

level of contribution make a difference?  

Rob Hyndman, in his review, notes that the larger the AST weighting is in 𝑉𝑖,𝑘 the more representative of the 

ability index the aggregate becomes (see page 30 of his paper).  However, the effect is far less severe than 

you might think. The course 𝑏 values, initially determined by the method of moments scaling procedure, 

would still be moderated by the division of the AST 𝐵 values. For example, suppose the AST had, say, a 

hundred fold weighting in 𝑉𝑖,𝑘.  In such an extreme case, the AST 𝐵 values would be close to 1, but the 

course 𝑏 values would in effect be individually moderated by the AST burdened  𝑉𝑖,𝑘s . In other words, the 

moderation effect will occur whether or not the AST weighting is small or large in 𝑉𝑖,𝑘 . The effects of course, 

across the continuum of possible weightings, are similar but not identical.  

What follows is the mathematical development of the scaling equations. 
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The equations 
Reiterating, we use the method of moment’s procedure to develop scaled scores of the form  𝑌 = 𝑏𝑋 + 𝑎    

and we have to introduce subscripts (that at first can be quite off putting) to identify different students, 

courses and colleges.  

Let’s suppose that 𝑌𝑖,𝑗,𝑘 are the adjusted marks of 𝑛 students (labelled from 𝑖 = 1  to 𝑛) with a score in 

course 𝑗 and attending college. If we call 𝑒𝑖,𝑗 the error term on student 𝑖 in course 𝑗  then, for college  𝑘 ,we 

can make the general statement: 

𝑎𝑗,𝑘 + 𝑏𝑗,𝑘 ∙ 𝑋𝑖𝑗 = 𝜇𝑖,𝑘 + 𝑒𝑖,𝑗 (8) 

It is important that you understand that equation (8) is in fact a general statement about many equations. 

Each set of course scores 𝑋𝑖𝑗  will have two distinct scaling constants 𝑎𝑗,𝑘 and 𝑏𝑗,𝑘.  In the scaling procedure, 

we simply multiply each of the 𝑛 course scores by 𝑏𝑗,𝑘 and then add 𝑎𝑗,𝑘.  

Note that taking row averages on each student’s adjusted raw course scores will eliminate the error terms in 

those averages. That is to say,  

𝐴𝑣𝑒𝑖(𝑎𝑗,𝑘 + 𝑏𝑗,𝑘 ∙ 𝑋𝑖𝑗) = 𝐴𝑣𝑒𝑖(𝜇𝑖,𝑘 + 𝑒𝑖,𝑗) = 𝜇𝑖,𝑘  + 𝐴𝑣𝑒𝑖(𝑒𝑖,𝑗) = 𝜇𝑖,𝑘   (9) 

The next step is to consider the ACT Scaling Test (AST) that all ACT tertiary students must sit. We denote this 

measure as 𝐶𝑖 and, as a set of scaled scores they become effective estimates of 𝜇𝑖   . They have the added 

feature that every student across all colleges sits the same test, and so they provide the single and essential 

moderating element between colleges as well.  Just as we did in equation (8) we can write: 

𝐴𝑘 + 𝐵𝑘 ∙ 𝐶𝑖 = 𝜇𝑖,𝑘 + 𝑒𝑖
∗       (10) 

The subscript 𝑘 on the upper case A’s and B’s and on the ability index 𝜇 is there to distinguish the different 

colleges, so there will be a set of A’s and B’s for each college and a set of 𝜇′𝑠 for each student within each 

college. An asterisk has been put on the errors to distinguish them from course score errors.  As before we 

note that: 

𝐴𝑣𝑒𝑖(𝐴𝑘 + 𝐵𝑘 ∙ 𝐶𝑖) = 𝜇𝑖,𝑘 (11) 

We now develop a third estimate of 𝜇𝑖,𝑘 with the scaling score 𝑉𝑖,𝑘. Its two basic components are a within-

college component of the best four course scores and an across-college component designed to rank, in a 

collective way, the relative abilities of each college, one against the other.   

We write: 

𝑉𝑖,𝑘 = 𝜇𝑖,𝑘 + 휀𝑖
∗     (12) 
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Equations (8), (10) and (12) are the keystones to the scaling. We form two pairs of simultaneous equations, 

specifically equations (10) with (12) and (8) with (12), to solve for the unknown scaling parameters. All we 

have to do is eliminate 𝜇𝑖,𝑘  from each pair to form two new equations.  

Thus:  

Pair 1: 

𝐴𝑘 + 𝐵𝑘 ∙ 𝐶𝑖 = 𝜇𝑖,𝑘 + 𝑒𝑖
∗ 

𝑉𝑖,𝑘 = 𝜇𝑖,𝑘 + 휀𝑖
∗ 

(10) 

(12) 

and, 

Pair 2: 

𝑎𝑗,𝑘 + 𝑏𝑗,𝑘 ∙ 𝑋𝑖𝑗 = 𝜇𝑖,𝑘 + 𝑒𝑖,𝑗 

𝑉𝑖,𝑘 = 𝜇𝑖,𝑘 + 휀𝑖
∗ 

(8) 

(12) 

From which we conclude: 

𝐴𝑘 + 𝐵𝑘 ∙ 𝐶𝑖 =    𝑉𝑖,𝑘+  𝑒𝑖,𝑘
∗ − 휀𝑖,𝑘

∗  

𝑎𝑗,𝑘 + 𝑏𝑗,𝑘𝑋𝑖𝑗    =      𝑉𝑖,𝑘 + 𝑒𝑖,𝑗 − 휀𝑖,𝑘
∗  

(13) 

(14) 

We then solve these for the AST parameters 𝐴𝑘and 𝐵𝑘 and each of the course parameters  𝑎𝑗,𝑘 and 𝑏𝑗,𝑘 .  

In doing this we assume that the average of all the separate error terms in both sets of equations is zero. 

Appendix 1 shows the algebra required to arrive at the four values required, given as: 

𝐵𝑘 =
𝑉𝑎𝑟[𝑉𝑖,𝑘]

𝐶𝑜𝑣[𝑉𝑖,𝑘, 𝐶𝑖,𝑘]
=

𝑠𝑑[𝑉𝑖,𝑘]

𝑠𝑑[𝐶𝑖,𝑘] ∙ 𝑟𝐶𝑖,𝑘,𝑉𝑖,𝑘

 
(29) 

𝐴𝑘 = 𝐴𝑣𝑒𝑉𝑖,𝑘
− 𝐵𝑘 ∙ 𝐴𝑣𝑒𝐶𝑖,𝑘

 
(32) 

𝑏𝑗,𝑘 =
𝑉𝑎𝑟[𝑉𝑖,𝑘]

𝐶𝑜𝑣[𝑉𝑖,𝑘, 𝑋𝑖,𝑗,𝑘]
=

𝑠𝑑[𝑉𝑖,𝑗,𝑘]

𝑠𝑑[𝑋𝑗,𝑘] ∙ 𝑟,𝑋𝑖,𝑗,𝑘, 𝑉𝑖,𝑗,𝑘

 

 

(34) 

𝑎𝑗,𝑘 = 𝐴𝑣𝑒𝑉𝑖,𝑗,𝑘
− 𝑏𝑗,𝑘 ∙ 𝐴𝑣𝑒𝑋𝑖,𝑗,𝑘

 
(35) 

BOX 1 : THE FOUR SCALING EQUATIONS 
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Section 2 Technical Aspects 
From the pure mathematical development of the scaling equations we now turn to the reality of fine tunings 

and ad hoc adjustments and improvements that have evolved over the past decade or so from experiential 

knowledge and analysis. It’s now a fairly robust scaling model, but of course no one could call it perfect, and 

thus changes will continue to occur as long as we need to keep using it. Indeed we have to use something like 

it if we are going to continue with independent assessment regimes across the colleges and a moderating test 

near the end of the two years.   

Aspect 1: Just how does the AST score get compiled before scaling? 
All T students across all colleges attract four component AST scores (each standardised to 150/27.5) which 

are averaged and standardised again to 150/27.5. Note that it is not a simple average, but rather each 

component is weighted so as to achieve the highest possible correlation with the matching set of aggregate 

scores (A student’s aggregate score is simply the sum of their best 3.6 course scores). See Appendix 3 for 

more information on this. The college AST data is compiled for each college, so Fiction College has done well 

against the ACT mean of 150. 

 

Aspect 2: How are course scores prepared for scaling by the BSSS? 
The executive team post scores for the five course score sets at a mean of 70 and a standard deviation of 12. 

The very first thing that happens to the raw course scores is that they are re-standardised to 150/25. Each 

college develops moderation group scores standardised to a mean of 70 and a standard deviation of 12 (70/12 

for short). From these we set b0,j = 
25

12
 and a0,j =

25

4
, for all moderation groups. We do this because if we re-

standardise scores from 70/12 to 150/25 we proceed as follows: 

𝑌𝑖,𝑗 =
(𝑋𝑖,𝑗 − 70)

12
∙ 25 + 150 

(15) 
 

This rearranges to 𝑌𝑖,𝑗 =
25

12
𝑋𝑖,𝑗 +

25

4
 and the initial constants reveal themselves. 

 

 

Aspect 3: How is the 𝐕𝐢,𝐤 score determined and what is an aberrant factor? 
In general terms, the 𝑉𝑖,𝑘 entries are determined as the average of each student’s best 3.6 scores and 80% of 

their AST score.  However, for some students, their AST score may either not be used at all, or only partially 

used, depending on how much it differs from their averaged aggregate score (that is, their aggregate score 

divided by 3.6) .  

The formula used to establish Vi,k is precisely: 

𝑍𝑖,𝑘+𝑑𝑖,𝑘∙80%∙𝐶𝑖,𝑘

3.6+𝑑𝑖,𝑘∙80%
        

(16) 
 

course score

70/12

OBSSS

150/25

OCS

Scaling
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where the aggregate Zi,kis the sum of the best 3.6 course scores and di,kis a number called the aberrant 

factor with the range 0 ≤ di,k ≤ 1 . 

For the majority of students, di,k = 1 and so has no reducing effect on the weighting of the AST score in Vi,k. 

However, should a student’s AST score Ci,k differ sufficiently from their average aggregate score Zi,k/3.6 , 

then the weighting of the AST score either partially reduces, or disappears completely. The mechanism is 

summarised in Figure 1, where the x axis represents the gap between the student’s average aggregate score 

and their AST score (called δi  for short) and the y axis is the value of di,k . 

 

FIGURE 1 - SCALING SCORE FACTOR VARIATION 

To understand exactly how it works, call  𝛿𝑖 =
𝑍𝑖,𝑘

3.6
− 𝐶𝑖,𝑘 the signed difference between a student’s average 

aggregate and their AST score. It may be positive, occurring when the AST score is the lower number or 

negative when it is the higher number.  

Suppose that the difference is so negative that it becomes less than some specified number L determined by 

the technical officer (currently for most students, = −57 ). Then 𝑑𝑖,𝑘 = 0 and the AST is not included in Vi,k 

at all. Suppose that the difference is so positive that it becomes more than some other specified number U 

determined by the technical officer (currently for most students, = 40 ). Then 𝑑𝑖,𝑘 = 0 and the AST is once 

again not included in Vi,k at all. So the AST can be taken out at out at both extremes. 

Suppose 𝐿 + 10 ≤ δi ≤ 𝑈 − 10. Then 𝑑𝑖,𝑘 = 1 and the 80% component of AST is fully represented in Vi,k 

Of course there are two cases left to deal with - the case where 𝐿 ≤ δi < 𝐿 + 10 and the case where 𝑈 −

10 < δi ≤ 𝑈. In both of these instances, di,kwill be some value between 0 and 1 depending on how close δi 

is to the respective interval endpoints.  

These interval distances are both 10 marks (on a scale of 150/25), so there is not that much space available 

for di,k to become fractional. When it does happen di,k falls off linearly. So for example, if δi = −54 (a 

signed difference between 𝐿 = −57 and 𝐿 + 10 = −47) then di,k = 0.3 because it’s 3/10ths along the 

lower interval.  

 

0
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0.4
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Aspect 4: Are all students treated the same as far as the AST and the Aberrant 

Factor? 
No, all students are not treated the same. For culturally and linguistically diverse students (CLD students), 𝐿 

and 𝑈 have different values (currently -32 and 40). For international fee paying students, di,k = 0. 

 

Aspect 5: What are tapers, and how do they affect the means, standard deviations 

and correlations? 
The first thing to understand about taper adjustments is that they only affect the values of the course 

means, the course standard deviations and the course correlations. 

If you look back at Box 1, you will note that some of the component measures refer to course score sets and 

others refer to the entire college population. For example,  𝐴𝑣𝑒𝑉𝑖,𝑗,𝑘
 𝑠𝑑[𝑉𝑖,𝑗,𝑘] and the correlation 𝑟,𝑋𝑖,𝑗,𝑘, 𝑉𝑖,𝑗,𝑘

  

are all course parameters and so the value of n in each measure is very much smaller than that of the whole 

college tertiary population.   

Indeed it is the value of n on each of the three course parameters that is affected by the taper strategies.  

To understand how tapers work, consider a student whose 5th highest course score (assuming the scores on 

the scale 150/25) is very close to their 4th highest score. In fact, say the gap is exactly 10 marks, which is less 

than τ = 40, the maximum gap determined by the technical officer. Suppose further that this 5th highest 

score occurs in the course labelled, say,  X3 (it could have been in any course – I just chose one as an 

example).  Then this 5th highest score will partially contribute to the  X3 parameters viz  𝐴𝑣𝑒𝑉𝑖,3,𝑘
 𝑠𝑑[𝑉𝑖,3,𝑘] 

and the correlation 𝑟,𝑋𝑖,3,𝑘, 𝑉𝑖,3,𝑘
 . In fact the 5th score will contribute with a taper weighting of ωi,3 = 0.25 

because it is (
10

40
)

th
  of the τ interval away from the 4th highest score.  

The same will apply to the 6th, 7th, or even 8th highest score, so long as any or all of them are within the 

maximum gap.  

Hence every score within every course can be thought of as having an associated taper weighting ωi,j. A 

student’s highest four scores will have ωi,j set to 1. Any score that is outside the tau gap of 40 will 

have   ωi,j = 0. All other scores will have   0 < ωi,j < 1 .  

 

Aspect 6: How are the 4 scaling equations in Box 1 actually used? 
Because we require the AST scores to “anchor” the college course scores, we combine the scaling equations 

shown on page 13 in such a way as to cause the average of each college’s scaling scores to iteratively 

converge toward their respective college’s AST average.  

To do this we adjust bj,k and aj,k to ensure that that Ak and Bk remain close to 0 and 1, so that the new form 

of bj,k is given by 
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𝑁𝑒𝑤 𝑏𝑗,𝑘 =
𝑂𝑙𝑑 𝑏𝑗,𝑘

𝐵𝑘
=

𝑠𝑑[𝑉𝑖,𝑗,𝑘]

𝐵𝑘𝑠𝑑[𝑋𝑗,𝑘]∙𝑟,𝑋𝑖,𝑗,𝑘, 𝑉𝑖,𝑗,𝑘

         (17)   

And so 
 

𝑁𝑒𝑤 𝑎𝑗,𝑘 =
[𝐴𝑣𝑒(𝑉𝑖,𝑗,𝑘) − 𝐴𝑘]

𝐵𝑘
− 𝑁𝑒𝑤 𝑏𝑗,𝑘 ∙ 𝐴𝑣𝑒(𝑋𝑖,𝑗,𝑘) 

 

(18) 

BOX 2: THE COMBINED SCALING EQUATIONS 

What is actually happening in equations (17) and (18) in Box 2 requires a little explanation.  

Defining  𝑁𝑒𝑤 𝑏𝑗,𝑘 =
𝑂𝑙𝑑 𝑏𝑗,𝑘

𝐵𝑘
 , means that the 𝑂𝑙𝑑 𝑏𝑗,𝑘 has been redefined in terms of the number of AST 𝐵𝑘 

units in it. Therefore, with respect to the scaled AST scores 𝐴𝑘 + 𝐵𝑘 ∙ 𝐶𝑖, the scaling gradient 𝐵𝑘 must also be 

divided by itself leaving a new Bj,k (if we can call it that) exactly 1. The 𝑎𝑗,𝑘 and  𝐴𝑘 terms are also adjusted to 

map the new Ak to zero, so that at each iteration, the AST scores remain unchanged and the course 

adjustments are scaled to reflect the quality of the AST.  

The way these new scaling terms are used is now clear. All the necessary statistical components are 

determined, taking into account aberrant and taper adjustments, and simply substituted into equations (17) 

and (18). Once the scaling terms are found, the course scores are adjusted using: 

𝑌𝑖,𝑗,𝑘 = 𝑁𝑒𝑤 𝑏𝑗,𝑘 ∙ 𝑋𝑖,𝑗,𝑘 + 𝑁𝑒𝑤 𝑎𝑗,𝑘       (19) 

 

Aspect 7: Are there any special group types where the scaling terms require 

adjustments? 
The answer to this is yes!  

Firstly when the correlation between the course scores and  𝑉𝑖,𝑗,𝑘 is below 0.5, equation (17) changes to  

𝑁𝑒𝑤 𝑏𝑗,𝑘 =
𝑂𝑙𝑑 𝑏𝑗,𝑘

𝐵𝑘
=

𝑠𝑑[𝑉𝑖,𝑗,𝑘]

𝐵𝑘𝑠𝑑[𝑋𝑗,𝑘]∙0.5
     (20) 

Secondly, when the number of students in the course (technically what mean here is the number of course 

scores with taper weightings  ωi,j ≥ 0.5) is less than 20, New bj,k is adjusted to: 

𝑀𝑜𝑑𝑖𝑓𝑖𝑒𝑑  𝑏𝑗,𝑘 = 𝑝( 𝑏𝑗,𝑘) + (1 − 𝑝) ( 
25

12
)   , where 𝑝 =

𝑛−10

10
 and 11 ≤ 𝑛∗ ≤ 20 

 
(21) 

See appendix 2, step 4 for explanation of n*.  

That is, the modified   bj,k is essentially a cocktail of two quantities viz – the constant 
25

12
 and the derived 

value of equation (17).  The closer the group size is to 11, the more the fraction 
25

12
  flavours the mix.  
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So, for example, if the group is of size 11, 𝑝 = 0.1 and (1 − 𝑝) = 0.9 and the modified  bj,k 

is mostly the fraction  
25

12
  with a small amount of the standard  bj,k. Note that a group of size 20 will 

eliminate the term (1 − 𝑝).  

Again using another example, if the gap size is 18, 𝑝 = 0.8 and (1 − 𝑝)  =  0.2 and the weighting of 
25

12
 is 

reduced to a mere 20% 

Also groups of 10 or less are considered too small for OCS scaling. 

 

Aspect 8: What actually happens through the iterative process? 
In practise, we start by bringing a number of independently constructed ability measures together, made on 

each student (either moderation group scores or AST scores) and then average these to form a first estimate 

of scaling scores.  These are not the true values of  𝑉𝑖,𝑗,𝑘 because at this point in the procedure, we have 

not guaranteed that average of the errors around  𝑉𝑖,𝑗,𝑘 is zero. We have to produce estimates of 

𝑁𝑒𝑤 𝑏𝑗,𝑘 and 𝑎𝑗,𝑘 to begin adjusting 𝑋𝑖,𝑗,𝑘.  

So if you like the first time around we finish with what might be called 𝑌𝑖,𝑗,𝑘 = 𝑏𝑗,𝑘
1 𝑋𝑖,𝑗,𝑘 + 𝑎𝑗,𝑘

1   . We repeat 

the process over and over again until  𝑉𝑖,𝑗,𝑘 converges. This can take up to 30 iterations. 

The scaled course scores then become the basis for the aggregate score 𝑍𝑖,𝑘 for each student, which in turn 

becomes the basis for the ATAR ranking. 

 

Aspect 9: What about students studying abridged packages or older student 

packages? 
The only difference with mature age students is that their aggregate is given by 120% of their best three 

minor scores. For students defined as having an older student package, their aggregate is given by the sum 

of their best two scaled major scores and their next best scaled score, all multiplied by  
3.6

2.6
. 

 

Aspect 10: How would you summarize the entire procedure? 
The entire procedure is summarized at appendix 2 
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Section 3: An Example: Fiction College 

 

 

To illustrate the scaling procedure, I have developed a dynamic Excel spreadsheet that runs through the 

various technical processes involved. In order to make some sense of these elements, a balance had to be 

struck between realities on the one hand, where student numbers and courses are quite variable and 

pedagogical effectiveness on the other.    

Accordingly the sheet records the scaling procedures for a small college we could call Fiction College that has 

25 tertiary bound students that can access at most 5 distinct subject-specific major courses only. There are 

no CLD students, however the technical adjustments required to deal with such instances are shown in 

section 2 – put simply, the aberrant value L (see Aspect 3 of Section 2) is the only thing that will be different.  

The Excel sheet allows the user to create up to 25 fictitious raw course scores for each course and the 

associated raw AST results and examine various consequent effects on the scaling and scaled scores. It also 

demonstrates the convergence principle of the scaling procedure.  

In the next few pages, we will step through the various elements with explanation, and readers are urged to 

familiarise and review the aspects covered in section 2 prior to examining this example.  

 

  



<top>  Page 24 of 43 

1. The Raw scores 
Sheet 1Sheet 1 shows the raw course scores collected on the 25 students. Not all students do 5 subjects, but 

all must do a minimum of 4. Note that two groups have 18 students, and so a modified OCS procedure is 

automatically invoked for those groups. 

 

SHEET 1 

 

2. Standardised to 70/12 and to 150/25 
These scores are posted in colleges with a mean of 70 and a standard deviation of 12 (70/12), as shown in 

Sheet 2. Note that the scores shown in Sheet 2 are hidden from view on the Excel spreadsheet, simply 

because the very first procedure involves re-standardising to 150/25 shown at Sheet 3. 

ST X1 X2 X3 X4 X5

1 100 102 98 95

2 97 90 85 76

3 96 45 93 97 67

4 89 82 65 84

5 86 42 63 70 83

6 80 51 62 67

7 72 60 67 74 20

8 70 63 82 84

9 64 85 42 81 54

10 60 72 61 73

11 58 35 53 70

12 58 68 52 63 56

13 57 80 58 65

14 56 78 56 45

15 60 82 43 68

16 54 55 60 54

17 51 90 50 45

18 50 69 80 68

19 49 62 75 35

20 48 55 48 51

21 48 80 77 54

22 48 81 43 60

23 47 82 52 52

24 46 83 53 45

25 43 90 61 44

Me a n 6 3 7 1 6 3 6 7 6 1

SD 18 17 16 16 19

c ount 2 5 2 2 2 2 18 18
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SHEET 2 - RAW SCORES STANDARDISED TO 70/12 AT THE COLLEGE 

sx1 sx2 sx3 sx4 sx5

94.6 98.6 93.9 91.2

92.6 83.7 86.0 79.3

91.9 51.2 91.9 93.1 73.7

87.2 78.0 71.2 84.3

85.2 49.0 69.8 72.3 83.7

81.1 55.5 69.0 73.7

75.7 62.0 72.7 75.4 44.2

74.4 69.8 81.6 84.3

70.4 80.1 54.3 80.8 65.5

67.7 70.7 68.3 74.6

66.3 44.0 62.4 75.6

66.3 67.8 61.6 66.9 66.8

65.6 76.5 66.1 68.5

65.0 75.1 64.6 53.1

67.7 78.0 55.0 70.8

63.6 63.9 64.6 65.5

61.6 83.7 60.2 53.1

60.9 68.6 82.3 70.8

60.2 63.5 78.6 53.6

59.6 58.4 58.7 57.7

59.6 76.5 80.1 65.5

59.6 77.2 55.0 69.3

58.9 78.0 58.4 64.3

58.2 78.7 59.2 59.9

56.2 83.7 65.4 59.3

7 0 7 0 7 0 7 0 7 0

12 12 12 12 12

2 5 2 2 2 2 18 18
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SHEET 3 - RAW SCORES RE-STANDARDISED TO 150/25 

 

  

stX1 stX2 stX3 stX4 stX5

2 0 1.3 2 0 9 .5 19 9 .7 19 4 .3

19 7 .1 17 8 .6 18 3 .3 16 9 .4

19 5 .7 110 .8 19 5 .6 19 8 .1 15 7 .7

18 5 .9 16 6 .6 15 2 .6 17 9 .9

18 1.6 10 6 .3 14 9 .5 15 4 .8 17 8 .6

17 3 .2 119 .9 14 8 .0 15 7 .7

16 2 .0 13 3 .4 15 5 .7 16 1.2 9 6 .3

15 9 .2 14 9 .5 17 4 .1 17 9 .9

15 0 .7 17 1.1 117 .2 17 2 .5 14 0 .7

14 5 .1 15 1.5 14 6 .4 15 9 .6

14 2 .3 9 5 .8 13 4 .1 16 1.6

14 2 .3 14 5 .5 13 2 .6 14 3 .6 14 3 .3

14 0 .9 16 3 .6 14 1.8 14 6 .8

13 9 .5 16 0 .5 13 8 .7 114 .7

14 5 .1 16 6 .6 118 .8 15 1.6

13 6 .7 13 7 .2 13 8 .8 14 0 .7

13 2 .5 17 8 .6 12 9 .5 114 .7

13 1.1 14 7 .0 17 5 .7 15 1.6

12 9 .7 13 6 .4 16 8 .0 115 .9

12 8 .2 12 5 .9 12 6 .4 12 4 .3

12 8 .2 16 3 .6 17 1.0 14 0 .7

12 8 .2 16 5 .1 118 .8 14 8 .5

12 6 .8 16 6 .6 12 5 .9 13 8 .1

12 5 .4 16 8 .1 12 7 .5 12 9 .0

12 1.2 17 8 .6 14 0 .4 12 7 .7

15 0 15 0 15 0 15 0 15 0

2 5 2 5 2 5 2 5 2 5

2 5 2 2 2 2 18 18
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3.  AST results, Aberrant values and the Scaling Score 
Sheet 4 shows the AST results for the first listed 12 students: 

 

SHEET 4 - AST RESULTS TO THE RIGHT FOR THE FIRST LISTED 12 STUDENTS 

One of the features of the dynamic Excel sheet is that the user can insert raw AST values into the column 

headed rast. The user can then choose any mean and standard deviation for those AST scores and that 

standardisation appears in the column headed sast. The user does this by simply inserting the parameters 

into the cells shown as: 

 

Currently they are set to the system parameters, so that Fiction College is assumed to be representative of 

the entire set of ACT colleges. However this can be easily changed. Being able to create raw AST scores 

under rast allows for experimentation with skewing of AST results. The column headed zast gives the AST Z 

scores for the college and should assist with the experimentation. 

The column headed dik contains the aberrant values used for the creation of the scaling scores on each 

student. Recall that the formula for the scaling score is given by: 

𝑉𝑖,𝑘 =
𝑍𝑖,𝑘 + 𝑑𝑖,𝑘 ∙ 80% ∙ 𝐶𝑖,𝑘

3.6 + 𝑑𝑖,𝑘 ∙ 80%
 

  

ST stX1 stX2 stX3 stX4 stX5 rast sast zast dik

1 2 0 1.3 2 0 9 .5 19 9 .7 19 4 .3 210 212 2 .2 7 1.0

2 19 7 .1 17 8 .6 18 3 .3 16 9 .4 213 216 2 .3 9 0 .0

3 19 5 .7 110 .8 19 5 .6 19 8 .1 15 7 .7 190 190 1.4 4 1.0

4 18 5 .9 16 6 .6 15 2 .6 17 9 .9 176 174 0 .8 7 1.0

5 18 1.6 10 6 .3 14 9 .5 15 4 .8 17 8 .6 143 136 - 0 .4 9 0 .8

6 17 3 .2 119 .9 14 8 .0 15 7 .7 182 181 1.11 0 .4

7 16 2 .0 13 3 .4 15 5 .7 16 1.2 9 6 .3 136 129 - 0 .7 8 1.0

8 15 9 .2 14 9 .5 17 4 .1 17 9 .9 161 157 0 .2 5 1.0

9 15 0 .7 17 1.1 117 .2 17 2 .5 14 0 .7 163 159 0 .3 3 1.0

10 14 5 .1 15 1.5 14 6 .4 15 9 .6 134 126 - 0 .8 6 1.0

11 14 2 .3 9 5 .8 13 4 .1 16 1.6 171 168 0 .6 6 0 .1

12 14 2 .3 14 5 .5 13 2 .6 14 3 .6 14 3 .3 157 152 0 .0 8 1.0

ASTm 150

ASTsd 27.5
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Examining student 5, we see that the aggregate is given by: 

𝑍5,𝑘 = 181.6 + 178.6 + 154.8 + 0.6 × 149.5 = 604.7 

So referring to Section 2 Aspect 3 above, we have 

𝛿𝑖 =
𝑍𝑖,𝑘

3.6
− 𝐶𝑖,𝑘 = 167.97 − 136 = 31.97  

The Excel spread sheet shows the value of U to be 40: 

 

So we have to reduce the weighting of AST in the scaling score using: 

𝑑5,𝑘 =
10 − 1.97

10
= 0.803 

This is why 0.8 is sitting in the dik column against student 5.  

 

Finally, the scaling score becomes: 

𝑉𝑖,𝑘 =
𝑍𝑖,𝑘 + 𝑑𝑖,𝑘 ∙ 80% ∙ 𝐶𝑖,𝑘

3.6 + 𝑑𝑖,𝑘 ∙ 80%
=

604.7 + (0.803)(80%)136

3.6 + (0.803)(80%)
= 163.13 

This is shown in Sheet 5: 

 

SHEET 5 - SHOWING THE SCALING SCORE FOR THE STUDENT 5 AS 163 

  

Aberr

L -32

L+10 -22

U-10 30

U 40

1 2 0 1.3 2 0 9 .5 19 9 .7 19 4 .3 210 212 2 .2 7 1.0 204

2 19 7 .1 17 8 .6 18 3 .3 16 9 .4 213 216 2 .3 9 0 .0 184

3 19 5 .7 110 .8 19 5 .6 19 8 .1 15 7 .7 190 190 1.4 4 1.0 190

4 18 5 .9 16 6 .6 15 2 .6 17 9 .9 176 174 0 .8 7 1.0 173

5 18 1.6 10 6 .3 14 9 .5 15 4 .8 17 8 .6 143 136 - 0 .4 9 0 .8 163

6 17 3 .2 119 .9 14 8 .0 15 7 .7 182 181 1.11 0 .4 155

7 16 2 .0 13 3 .4 15 5 .7 16 1.2 9 6 .3 136 129 - 0 .7 8 1.0 150

8 15 9 .2 14 9 .5 17 4 .1 17 9 .9 161 157 0 .2 5 1.0 166

9 15 0 .7 17 1.1 117 .2 17 2 .5 14 0 .7 163 159 0 .3 3 1.0 160

10 14 5 .1 15 1.5 14 6 .4 15 9 .6 134 126 - 0 .8 6 1.0 147

11 14 2 .3 9 5 .8 13 4 .1 16 1.6 171 168 0 .6 6 0 .1 139

12 14 2 .3 14 5 .5 13 2 .6 14 3 .6 14 3 .3 157 152 0 .0 8 1.0 145
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4. Tapers 
Before the means, standard deviations and correlations relating to courses and corresponding scaling scores 

are determined, weights are given to each standardised score. 

Note that this only affects the parameters of each column, so the variation causes a group effect only.  

Hidden behind the standardised columns are taper columns, one for each course. Generally speaking, most 

scores have a taper value of 1, as indicated in column W3. You will note that student 9 attracted a score that 

has a taper value of 0.4. this is because the 5th score, while lower than the first four scores, is sufficiently 

close enough to the 4th highest score to be partially included in the calculations of the columns mean and 

standard deviation.  

In fact the 5th score of 117.2 is 23.6 points lower than the 4th score of 140.7. In section 2, at Aspect 5, we 

have that  τ = 40 and so the weighting ω =
40−23.6

40
= 0.41 which is why 0.4 (shown only to 1 decimal place) 

is sitting in the column against student 9. 

 

 

SHEET 6 - SHOWING TAPER VALUES FOR COURSE 3 

 

  

ST stX1 stX2 stX3 W3 stX4 stX5

1 2 0 1.3 2 0 9 .5 1.0 19 9 .7 19 4 .3

2 19 7 .1 17 8 .6 18 3 .3 1.0 16 9 .4

3 19 5 .7 110 .8 19 5 .6 1.0 19 8 .1 15 7 .7

4 18 5 .9 16 6 .6 15 2 .6 1.0 17 9 .9

5 18 1.6 10 6 .3 14 9 .5 1.0 15 4 .8 17 8 .6

6 17 3 .2 119 .9 14 8 .0 1.0 15 7 .7

7 16 2 .0 13 3 .4 15 5 .7 1.0 16 1.2 9 6 .3

8 15 9 .2 14 9 .5 1.0 17 4 .1 17 9 .9

9 15 0 .7 17 1.1 117 .2 0 .4 17 2 .5 14 0 .7

10 14 5 .1 15 1.5 14 6 .4 1.0 15 9 .6

11 14 2 .3 9 5 .8 13 4 .1 1.0 16 1.6

12 14 2 .3 14 5 .5 13 2 .6 0 .8 14 3 .6 14 3 .3
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The result being that the set of means and standard deviations on these scores changes from this:  

 

to this: 

  

As shown at the bottom of the spread sheet. 

The same procedure happens with the corresponding scaling scores for the five sets of course scores. These 

are also hidden behind other columns. 

 

5. The determination of the parameters and the 1st iteration 
 

 

SHEET 7 - SHOWING THE SCALING PARAMETERS 

Sheet 7 shows the calculations of the necessary parameters required to begin the scaling. There are a 

number of things to note. Firstly the correlation between the scaling scores and the 2nd set of course scores 

is poor, so a minimum value of correlation (0.5) is substituted for the actual correlation (0.3024). Secondly, 

because there are less than 20 students in courses 4 and 5, the b formula is automatically modified 

according to that outlined under Aspect 7 in section 2. Thirdly, there is a fair degree of variability in the b and 

a values, at least for the first iteration, and this could be related to the correlations and the modified OCS 

procedures. Also note the differences between the scaling (V) and AST means and sd’s for each course. 

Mean 150 150 150 150 150

SD 25 25 25 25 25

Mean 150 .00 154 .14 151.11 150 .00 152 .92

SD 24 .49 21.61 24 .20 24 .30 21.38

b 0 .9 7 1.4 0 1.0 3 1.2 1 1.3 7

a 4 .9 3 - 7 2 .2 7 - 4 .0 1 - 3 2 .2 2 - 5 4 .8 8

ave(AST) 15 0 .0 0 14 7 .5 2 15 3 .2 4 14 6 .3 3 15 3 .6 3

sd(AST) 2 7 .5 0 2 5 .7 0 2 7 .7 4 2 4 .0 6 3 0 .7 2

ave(v,x) 15 2 .4 2 14 7 .5 1 15 4 .2 4 15 1.9 0 15 6 .3 3

sd(v,x) 18 .2 9 12 .9 0 19 .0 0 18 .7 0 2 0 .3 3

r 0 .9 0 7 6 0 .3 0 2 4 0 .8 9 3 7 0 .9 12 0 0 .9 3 8 1

r used 0 .9 0 7 6 0 .5 0 0 0 0 .8 9 3 7 0 .9 12 0 0 .9 3 8 1

B 0.85 Rcv 0 .7 9 8 0

A 24.86

Note low r 



<top>  Page 31 of 43 

The application of the b and a values for each of the 5 courses using  𝑌𝑖,𝑗,𝑘 = 𝑏𝑗,𝑘
1 𝑋𝑖,𝑗,𝑘 + 𝑎𝑗,𝑘

1   where the 

superscript 1 has been used to indicate the first iteration is shown in Sheet 8: 

 

SHEET 8 - SHOWING THE CHANGE TO THE COURSE SCORES AFTER THE 1ST ITERATION 

 

6. Convergence 
Using the paste link feature, the Excel spreadsheet performs 10 iterations on the data, and Sheet 9 shows 

the 10th iteration along with the AST score and the final aggregate Zfinal. Please note that the list is not in 

rank order. 

ST stX1 stX2 stX3 stX4 stX5 newx1 newx2 newx3 newx4 newx5

1 2 0 1.3 2 0 9 .5 19 9 .7 19 4 .3 19 9 .6 2 12 .5 2 0 9 .6 2 11.2

2 19 7 .1 17 8 .6 18 3 .3 16 9 .4 19 5 .6 17 8 .6 18 5 .4 17 7 .2

3 19 5 .7 110 .8 19 5 .6 19 8 .1 15 7 .7 19 4 .2 8 3 .4 19 8 .2 2 0 7 .7 16 1.1

4 18 5 .9 16 6 .6 15 2 .6 17 9 .9 18 4 .7 16 1.7 15 3 .7 19 1.5

5 18 1.6 10 6 .3 14 9 .5 15 4 .8 17 8 .6 18 0 .6 7 7 .0 15 0 .5 15 5 .2 18 9 .8

6 17 3 .2 119 .9 14 8 .0 15 7 .7 17 2 .5 9 6 .1 14 8 .9 16 1.1

7 16 2 .0 13 3 .4 15 5 .7 16 1.2 9 6 .3 16 1.6 115 .1 15 6 .8 16 3 .0 7 7 .1

8 15 9 .2 14 9 .5 17 4 .1 17 9 .9 15 8 .9 15 0 .5 17 8 .5 19 1.5

9 15 0 .7 17 1.1 117 .2 17 2 .5 14 0 .7 15 0 .7 16 8 .0 117 .1 17 6 .6 13 7 .9

10 14 5 .1 15 1.5 14 6 .4 15 9 .6 14 5 .3 14 0 .5 14 7 .3 16 1.0

11 14 2 .3 9 5 .8 13 4 .1 16 1.6 14 2 .6 6 2 .2 13 4 .6 16 6 .5

12 14 2 .3 14 5 .5 13 2 .6 14 3 .6 14 3 .3 14 2 .6 13 2 .1 13 3 .0 14 1.6 14 1.5

13 14 0 .9 16 3 .6 14 1.8 14 6 .8 14 1.2 15 7 .5 14 2 .5 14 5 .5

14 13 9 .5 16 0 .5 13 8 .7 114 .7 13 9 .8 15 3 .2 13 9 .4 10 6 .7

15 14 5 .1 16 6 .6 118 .8 15 1.6 14 5 .3 16 1.7 118 .7 15 1.3

16 13 6 .7 13 7 .2 13 8 .8 14 0 .7 13 7 .1 13 7 .8 13 5 .8 13 7 .9

17 13 2 .5 17 8 .6 12 9 .5 114 .7 13 3 .0 17 8 .6 12 9 .8 10 6 .7

18 13 1.1 14 7 .0 17 5 .7 15 1.6 13 1.7 13 4 .2 17 7 .5 15 1.3

19 12 9 .7 13 6 .4 16 8 .0 115 .9 13 0 .3 119 .4 16 9 .6 10 3 .9

20 12 8 .2 12 5 .9 12 6 .4 12 4 .3 12 9 .0 10 4 .6 12 6 .7 118 .3

21 12 8 .2 16 3 .6 17 1.0 14 0 .7 12 9 .0 15 7 .5 17 2 .7 13 7 .9

22 12 8 .2 16 5 .1 118 .8 14 8 .5 12 9 .0 15 9 .6 118 .7 14 8 .6

23 12 6 .8 16 6 .6 12 5 .9 13 8 .1 12 7 .6 16 1.7 12 0 .3 13 4 .3

24 12 5 .4 16 8 .1 12 7 .5 12 9 .0 12 6 .2 16 3 .8 12 2 .2 12 1.8

25 12 1.2 17 8 .6 14 0 .4 12 7 .7 12 2 .2 17 8 .6 13 7 .7 12 0 .0

Me a n 15 0 15 0 15 0 15 0 15 0 15 0 .0 13 8 .4 15 1.0 14 9 .4 15 0 .6

SD 2 5 2 5 2 5 2 5 2 5 2 4 .2 3 5 .1 2 5 .8 3 0 .3 3 4 .2

c ount 2 5 2 2 2 2 18 18 2 5 2 2 2 2 18 18

Note inflated SD 
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SHEET 9 - THE 10TH ITERATION (CONVERGED SET) 

 

 

 

SHEET 10 

 

 

  

ST sast Scaling newx1 newx2 newx3 newx4 newx5 Z final

1 212 216 19 7 .8 2 16 .4 2 16 .9 2 3 0 .6 782.7

2 216 188 19 3 .9 17 6 .1 18 7 .9 18 4 .6 672.0

3 190 195 19 2 .6 8 6 .9 2 0 1.3 2 14 .7 16 2 .8 706.3

4 174 177 18 3 .4 16 0 .2 15 4 .4 2 0 4 .0 640.2

5 136 173 17 9 .5 8 1.0 15 1.0 15 6 .3 2 0 1.5 627.9

6 181 152 17 1.6 9 8 .8 14 9 .3 16 2 .8 543.0

7 129 149 16 1.2 116 .6 15 7 .7 16 4 .9 4 8 .9 553.8

8 157 173 15 8 .5 15 1.0 18 2 .2 2 0 4 .0 635.4

9 159 160 15 0 .7 16 6 .2 115 .8 18 0 .1 13 1.3 575.7

10 126 146 14 5 .4 14 0 .4 14 7 .6 16 2 .8 540.1

11 168 135 14 2 .8 6 7 .1 13 4 .2 17 0 .0 487.3

12 152 141 14 2 .8 13 2 .5 13 2 .5 14 1.1 13 6 .1 499.6

13 136 145 14 1.5 15 6 .3 14 2 .6 14 5 .4 529.2

14 131 136 14 0 .2 15 2 .3 13 9 .3 10 2 .2 493.1

15 164 150 14 5 .4 16 0 .2 117 .4 15 1.9 528.1

16 135 136 13 7 .6 13 7 .6 13 4 .6 13 1.3 488.5

17 129 137 13 3 .7 17 6 .1 12 9 .2 10 2 .2 500.2

18 142 150 13 2 .4 13 4 .5 17 9 .5 15 1.9 545.4

19 116 129 13 1.0 12 0 .6 17 1.1 8 5 .2 473.9

20 157 121 12 9 .7 10 6 .7 12 5 .8 115 .1 434.7

21 134 147 12 9 .7 15 6 .3 17 4 .5 13 1.3 539.9

22 127 138 12 9 .7 15 8 .2 117 .4 14 5 .8 504.2

23 122 132 12 8 .4 16 0 .2 117 .3 12 6 .4 485.5

24 124 130 12 7 .1 16 2 .2 119 .5 10 9 .4 474.5

25 133 138 12 3 .2 17 6 .1 13 6 .8 10 7 .0 500.3

Me a n 15 0 151.8 15 0 .0 13 8 .4 15 1.5 14 9 .8 14 8 .5 5 5 0 .5

SD 2 7 .5 23.2 2 3 .3 3 2 .9 2 7 .3 3 3 .7 4 6 .4 8 3 .2

c ount 2 5 25 2 5 2 2 2 2 18 18 2 5

b 1.00 1.00 1.00 1.00 1.00

a 0 .00 0 .00 0 .00 - 0 .02 - 0 .01



<top>  Page 33 of 43 

Section 4: A Sting in the Tail (the effect of skewed distributions) 
The current scaling regime brings together independently constructed school based moderation group score 

distributions, and endeavours to equate them using the AST test. Put simply, the purpose of the AST is to 

determine the amount of adjustment required to make valid comparisons between the outcomes of 

students in these groups and schools. Of course, in practice, it falls short, as any device like AST is bound to 

do -no moderating instrument could ever be perfectly valid and reliable.  

So the first and most obvious understanding is that the better students perform at the AST test, the better 

the results will be. In the author’s view, there are certain things that cannot influence student performance, 

and there are certain other things that can. The latter include such things as student familiarisation with AST 

type questioning (for example consistent practice with multiple choice questioning and short answer 

responses within course units), familiarisation with test format (such as exposure to similar test 

environments around time, place and preparation), and student opportunity within semester assessment 

regimes to discuss, reflect, analyse and receive feedback on material in a way that would support a student’s 

thinking.  

The second understanding is directly related to every course score distribution submitted to the BSSS. Again, 

in the author’s view, a lack of understanding of the effect of what statisticians called distribution skew can 

profoundly affect the ATAR outcomes of students across the various participating schools. What I will try to 

do is explain in simple terms why it is necessary to understand this concept.  

When test scores are standardised the learning component is removed completely. All that is left is a ranking 

relative to the average performer.  It may come as a shock to some, to know that a score set of say five 

scores 100%, 80%, 60%, 40%, 20%  standardises to exactly the same scores as a second set of five scores 

5%, 4%, 3%, 2%, 1%. Using a standardised mean of 70 and a standard deviation of 12, both sets standardise 

to the new scores 88.6, 79.3, 70, 60.7 and 51.4. These scores are not percentages – they are unit-less 

rankings.  In this simple yet illuminating demonstration, we understand that the only information going 

forward to the OBSSS are learning free rankings. The learning information stays inside each school and has 

no part to play in the scaling of scores.  

When the standardised scores are tipped into the OCS scaling machine, many things change, but some things 

don’t. If you take away one thing from reading this material, take away this:  

Within any one moderation group OCS Scaling cannot change the comparative sizes of the gaps between 

submitted standardised scores. These “ratios” are determined before the scaling begins. 

Teachers who understand this principle are more likely to achieve better outcomes than teachers who don’t.  

OCS scaling simply scales scores using a straight scaling line. For all of its complexity, only two numbers 

govern the location of a scaling line – one controlling its height on a vertical axis and the other its slope.  Any 

mathematics teacher worth their salt will know that when, say, three scores of 100, 70 and 60 are scaled 

linearly, the ratio 3:1 of the two gaps of 30 and 10 between the scores, can never ever change. These scores 

may scale for example to 190, 130 and 110 where the ratio of the gaps is 60:20 or 3:1. OCS scaling cannot fix 

these ratios to something else, no matter what the individual AST results are. This ratio is ultimately 

determined by outcomes on assessment instruments. That is to say, it is entirely within your hands.  

Why then are these ratios important? The simple reason is that a standardised score for any particular 

student tells us how different that student is compared to the average or mean score of that group. With a 
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group of 100 students, for example, we generate 100 differences. Students above the mean have positive 

score differences and students below the mean have negative score differences. Each difference is measured 

in units called standard deviations and most students should be within plus or minus 2 standard deviations 

from the mean. We say, in technical jargon, that the number of standard deviations a student score is away 

from the mean is that student’s Z score. The interesting fact about Z scores is that when you add them all up, 

the positive ones and the negative ones, the total comes to zero. This is true no matter what the scores are. 

There is always enough negative total to exactly counter the positive total.  

Now here is the important reality. All the students above the mean have to share the total positive Z score 

available. The closer the scores are to each other, the more nearly equal the Z scores will be. However, 

because there is only a finite quantity of positive Z score available, equal shares usually mean that no one 

will get a high Z score. If no one obtains a high Z score then the OCS scaling will result in compromised scaled 

scores for everyone at the top. If on the other hand there is good discrimination between the top scores, 

then the Z score division will be unequal, and some of the students will profit by it with much higher scaled 

scores.  

Since the ratio of gaps between student scores are fixed way back at the assessment level, the way Z score is 

apportioned is also fixed at that stage. In other words, the key to effective assessment (and I’m only using 

effective in the sense of providing the best possible ATAR’s) in this system is to continually seek, find and 

record differences in the performance of the top students.  

So here is the issue – there are teachers who know this and there teachers who don’t. There are teachers 

who are operating in what I like to refer to a mastery based thinking paradigm. These teachers want all 

students to succeed at the highest level possible. Their quiet hope as they enter the classroom every day is 

to have all the students in their charge demonstrate all of the understandings of all the concepts covered. 

This is a beautiful and noble notion, but it can get them into trouble. In their minds, if they teach well, and 

succeed, they most probably will be hoping for negatively skewed distributions – distributions that are 

densely packed at the high end, and trailing sparseness at the low end. This is schematically shown in 

Diagram 1. 

    

DIAGRAM 1 - NEGATIVELY SKEWED DISTRIBUTION 

Diagram 1 gives no indication of percentages, because it is irrelevant to standardisation. A mean and 

standard deviation, and thus Z scores (the rectangles), will be determined something like that shown in 

Diagram 2. 

    

DIAGRAM 2 - NEGATIVELY SKEWED DISTRIBUTION WITH Z SCORES 

The red dot indicates the mean. This mean could be 80%, so 10 students have very high marks, and have 

probably understood most of what was taught. The problem, however, is that the top student has a Z score 

of only 1.5 and the bottom student has a Z score of -3. Now imagine another teacher who knows that 

discrimination is the key to high university indices. Imagine an assessment regime that teases out the 

differences between the top students, and clumps the bottom students, so that the distribution is the exact 

reverse of the one shown in Diagram 2. All that happens is that the Z scores reverse sign (plus to minus and 

minus to plus). The top Z score becomes 3 as shown in Diagram 3. 
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DIAGRAM 3 - POSITIVELY SKEWED DISTRIBUTION WITH Z SCORES 

If in both instances (shown in Diagram 2 and Diagram 3), the same students were under consideration, we 

would be clearly carrying an identical set of student AST scores into the scaling process. The question that 

matters to every teacher is this – Would OCS scaling correct the skews and deliver identical outcomes to 

students under the two distribution scenarios? The answer is: 

NO! 

In the first instance, the ratios between the scores are fixed, and there is no way to change these. In the 

second place, even though the complete set of scaled scores for the group will be adjusted by the strength 

of their AST results, the way that strength is apportioned is very much governed by the Z scores of the 

unscaled scores.  

To understand this, imagine the lines drawn in Diagram 2 and Diagram 3 are lengths of elastic, and the 

scores (represented as circles) have been written in ink on each piece. Imagine that you can only do one or 

both of the following things. You can expand or contract the elastic or you can shift the entire length of 

elastic to the right or to the left.  These two types of movements “mimic” OCS scaling – In essence, linear 

scaling can do nothing but stretch or contract, or move the entire set up or down, or do a combination of 

both of these things. If you try this little thought experiment, you will quickly see that the scores on each 

piece of elastic can never line up completely. The additional restriction you have to deal with is that, for both 

scenarios, the “AST energy” applied to the both imagined groups as a whole has to be equal (the same AST 

scores are being considered). In other words, in your stretching and shifting, the means of the two sets of 

scores must remain fairly close together. For the practitioner, these two facts clearly imply that the sort of 

discrimination achieved pre-scaling is critical to the final outcomes.  

In attempting to illustrate the effect of skew on scores, the authors constructed an Excel Sheet that 

simulates the OCS scaling effects on scores. Certain simplifications were made to the data set including 

restricting the number and size of the moderating groups, but the calculations included most of the 

elements in the authentic scaling process. These included weightings, tapers, aberrant score adjustments, 

low correlation adjustments, small group adjustments etc. The results of the experiment are summarised in 

Table 12 below. 
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TABLE 12 - SIMULATION EXERCISE INVESTIGATING THE EFFECT OF SKEW 

 

Table 12 shows two hypothetical data sets (Pre 1 and Pre 2) that have the same starting mean and standard 

deviations but with very different skews. After “OCS processing” (Post 1 and Post 2) using identical AST 

scores, the effect of those skews speaks for itself. Admittedly, the number and size data sets were very much 

different than those actually dealt with by the system, but the exercise strongly signals the need for 

practitioners to consider their raw distributions carefully.      

Student Pre 1 Post 1 Pre 2 Post 2

1 85 178 92 193

2 84 177 88 184

3 84 177 87 183

4 83 175 83 176

5 81 172 82 173

6 80 170 79 168

7 80 169 76 161

8 80 169 75 160

9 78 165 74 157

10 76 161 73 156

11 74 157 71 152

12 71 152 67 145

13 66 141 65 141

14 65 140 63 137

15

16 60 130 59 129

17 58 126 58 127

18 59 127 57 125

19 55 121 56 124

20 53 117 56 123

21 51 113 55 121

22 49 108 52 116

23

24

25

mean 70.00 149.72 70.00 150.03

sd 12.00 23.52 12.00 23.14

skew -0.39 -0.39 0.21 0.20

b 1.96 1.93

a 12.53 15.06
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Of course, at the heart of all of this is authentic discrimination. That is, any teacher with enough experience 

can make up assessment instruments that discriminate, but are those discriminations valid? To test that 

validity, we would need a validated measuring device to compare it with – something like the AST test itself. 

The trouble is though, that the AST happens in September of the final year, way too late to be useful for 

comparison purposes.  

What I believe actually happens in practice is that the level of discrimination across units in different courses 

and across different colleges is entirely arbitrary. There may well be schools in the ACT system that are 

aware of how critical discrimination is to high end results, and are using the apathy or ignorance of other 

institutions to gain a comparative advantage. In days gone by, it was not uncommon that score distributions 

were sent back for adjustment whenever the top Z scores were “insufficiently” high. The OBSSS more than a 

decade ago stopped institutions from “playing” with course scores after the fact, but it is difficult to control 

these things at the unit level or assessment item level. It relies heavily on the professionalism of the whole 

system. 

Another practise that can change the skew of a distribution is the practice of course scores merging. 

Sometimes, for various legitimate reasons, certain courses are merged together. For example, the most 

obvious is the three T courses of mathematics. It is for this reason that course scores have been renamed 

moderation groups and Board approval must be sought to merge two or more courses together.  

Now if courses are to be merged, there quite obviously should be a mechanism in place that justifies the way 

the merging happens. Taking the Mathematics T moderation group again, schools usually run a moderation 

test across all merging groups (one or more times) to set the individual merging means and standard 

deviations. It is important to understand that the combination of courses in this manner will most probably 

alter the skew of the total distribution of the scores. The skew undoubtedly affects the size of the Z scores 

across the whole group, so the way in which course scores are combined into moderation groups has a huge 

impact on the final university admission indices. Presently, the merging is done independently within each 

institution, and so this opens another point of variability within the system. Creative merging, if I could call it 

that, could very easily advantage certain schools over others.   
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Appendices 

Appendix 1:   

Derivation of the scaling terms  𝑩𝒌 , 𝑨𝒌 𝐚𝐧𝐝  𝒃𝒋,𝒌 , 𝒂𝒋,𝒌      

Recall that equation (13) is given by: 

𝐴𝑘 + 𝐵𝑘 ∙ 𝐶𝑖 =    𝑉𝑖,𝑘+  𝑒𝑖,𝑘
∗ − 휀𝑖,𝑘

∗                    (13) 

 

This equation is many equations of the form: 

𝐴𝑘 + 𝐵𝑘 ∙ 𝐶1 =    𝑉1,𝑘+  𝑒1,𝑘
∗ − 휀1,𝑘

∗  

𝐴𝑘 + 𝐵𝑘 ∙ 𝐶2 =    𝑉2,𝑘+  𝑒2,𝑘
∗ − 휀2,𝑘

∗  

𝐴𝑘 + 𝐵𝑘 ∙ 𝐶3 =    𝑉3,𝑘+  𝑒3,𝑘
∗ − 휀3,𝑘

∗  

. 

. 

𝐴𝑘 + 𝐵𝑘 ∙ 𝐶𝑛 =    𝑉𝑛,𝑘+  𝑒𝑛,𝑘
∗ − 휀𝑛,𝑘

∗  

 

 

Taking averages we have 

𝑎𝑣𝑒 (𝐴𝑘 + 𝐵𝑘 ∙ 𝐶𝑖) = 𝑎𝑣𝑒(𝑉𝑖,𝑘+  𝑒𝑖,𝑘
∗ − 휀𝑖,𝑘

∗ )     (22) 

 

 Then assuming  𝑎𝑣𝑒( 𝑒𝑖,𝑘
∗ − 휀𝑖,𝑘

∗ ) is zero, then:  

𝐴𝑘 = 𝐴𝑣𝑒(𝑉𝑖,𝑘) − 𝐵𝑘 ∙ 𝐴𝑣𝑒(𝐶𝑖,𝑘)      (23) 

Note that equation (23) states that 𝐴𝑘 is a constant given by the average of the 𝑉𝑖,𝑘 column minus the 

product of the derived AST 𝐵𝑘 value and the average AST score for that college. 

We now take (13) again,  

𝐴𝑘 + 𝐵𝑘 ∙ 𝐶𝑖 =    𝑉𝑖,𝑘+  𝑒𝑖,𝑘
∗ − 휀𝑖,𝑘

∗                    (13) 

And replace the constant  𝐴𝑘 by that given in equation (23)   

[𝐴𝑣𝑒(𝑉𝑖,𝑘) − 𝐵𝑘 ∙ 𝐴𝑣𝑒(𝐶𝑖)] + 𝐵𝑘 ∙ 𝐶𝑖 =    𝑉𝑖,𝑘+  𝑒𝑖,𝑘
∗ − 휀𝑖,𝑘

∗      (24) 
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Again see this as 𝑛 student equations where the only values that are varying are the 𝐶𝑖’s and the error terms.  

We now multiply each of these equations by  𝑉𝑖,𝑘 (a different 𝑉𝑖,𝑘 for each of the 𝑛 students) to arrive at: 

[𝐴𝑣𝑒(𝑉𝑖,𝑘) − 𝐵𝑘 ∙ 𝐴𝑣𝑒(𝐶𝑖)] ∙ 𝑉𝑖,𝑘 + 𝐵𝑘 ∙ 𝐶𝑖 ∙ 𝑉𝑖,𝑘 = 𝑉𝑖,𝑘
2 + (𝑒𝑖

∗ − 휀𝑖
∗)𝑉𝑖,𝑘     (25) 

Before we proceed further with these equations, we need to recall some properties of the expected value of 

any variable, say 𝑍. The expected value of 𝑍, denoted as 𝐸𝑥𝑝(𝑍),  can be thought of as a generalised average 

of  𝑍.  

We can show for instance that, for constants 𝑘 and 𝑡, 𝐸𝑥𝑝(𝑘 + 𝑡𝑍) = 𝑘 + 𝑡𝐸𝑥𝑝(𝑍), and use this result to 

simplify (25).  

So, with 𝐸𝑥𝑝[𝑒𝑖
∗ − 휀𝑖

∗] = 0  we take averages to form a new equation (26). 

[𝐴𝑣𝑒(𝑉𝑖,𝑘) − 𝐵𝑘 ∙ 𝐴𝑣𝑒(𝐶𝑖)] ∙ 𝐸𝑥𝑝[𝑉𝑖,𝑘] + 𝐵𝑘 ∙ 𝐸𝑥𝑝[𝐶𝑖 ∙ 𝑉𝑖,𝑘] = 𝐸𝑥𝑝[𝑉𝑖,𝑘
2] (26) 

The last term drops out because 𝐸[𝑋𝑌] = 𝐸[𝑋]. 𝐸[𝑌] whenever 𝑋 and 𝑌 are uncorrelated. 

Noting that 𝐸𝑥𝑝[𝑉𝑖,𝑘] = 𝐴𝑣𝑒(𝑉𝑖,𝑘) we expand the first term on the left hand side, collect the two 𝐵𝑘 terms 

and rearrange to arrive at:  

𝐵𝑘{𝐸𝑥𝑝[𝐶𝑖 ∙ 𝑉𝑖,𝑘] − 𝐴𝑣𝑒(𝐶𝑖) ∙ 𝐴𝑣𝑒(𝑉𝑖,𝑘)} = 𝐸𝑥𝑝[𝑉𝑖,𝑘
2] − [𝐴𝑣𝑒(𝑉𝑖,𝑘)]2        (27) 

Hence we have, from the definition of covariance and variance, 

𝐵𝑘 ∙ 𝐶𝑜𝑣[𝐶𝑖, 𝑉𝑖,𝑘] = 𝑉𝑎𝑟[𝑉𝑖,𝑘]      (28) 

That is to say, 

𝐵𝑘 =
𝑉𝑎𝑟[𝑉𝑖,𝑘]

𝐶𝑜𝑣[𝐶𝑖,𝑘,𝑉𝑖,𝑘]
            (29) 

This is a concise result, but we can introduce the correlation coefficient 𝑟𝐶𝑖,𝑉𝑖,𝑘
   into equation (29) by noting 

that: 

𝑟𝐶𝑖,𝑉𝑖,𝑘
=

𝐶𝑜𝑣[𝐶𝑖, 𝑉𝑖,𝑘]

𝑠𝑑[𝐶𝑖,𝑘] ∙ 𝑠𝑑[𝑉𝑖,𝑘]
 

 

(30) 
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And so therefore (29) becomes: 

𝐵𝑘 =
𝑉𝑎𝑟[𝑉𝑖,𝑘]

𝐶𝑜𝑣[𝐶𝑖, 𝑉𝑖,𝑘]
=

{𝑠𝑑[𝑉𝑖,𝑘]}
2

𝑠𝑑[𝐶𝑖,𝑘] ∙ 𝑠𝑑[𝑉𝑖,𝑘] ∙ 𝑟𝐶𝑖,𝑉𝑖,𝑘

=
𝑠𝑑[𝑉𝑖,𝑘]

𝑠𝑑[𝐶𝑖,𝑘] ∙ 𝑟𝐶𝑖,𝑉𝑖,𝑘

 

 

(31) 

And from (23) 

𝐴𝑘 = 𝐴𝑣𝑒(𝑉𝑖,𝑘) − 𝐵𝑘 ∙ 𝐴𝑣𝑒(𝐶𝑖,𝑘) 

 
(32) 

 

Second construction: The scaling terms a and b for a moderation group 𝑋𝑗  

𝑎𝑗,𝑘 + 𝑏𝑗,𝑘𝑋𝑖𝑗    =      𝑉𝑖,𝑘 + 𝑒𝑖,𝑗 − 휀𝑖,𝑘
∗  (33) 

This time we begin with equations (8) and (12): 

𝑎𝑗,𝑘 + 𝑏𝑗,𝑘 ∙ 𝑋𝑖𝑗 = 𝜇𝑖,𝑘 + 𝑒𝑖,𝑗 

𝑉𝑖,𝑘 = 𝜇𝑖,𝑘 + 휀𝑖
∗ 

(8) 

(12) 

It has exactly the same form as equations (10) and (12), and so with similar assumptions and algebra we 

arrive at: 

𝑏𝑗,𝑘 =
𝑠𝑑[𝑉𝑖,𝑗,𝑘]

𝑠𝑑[𝑋𝑖,𝑗,𝑘]∙𝑟𝑋𝑖,𝑗,𝑘 , 𝑉𝑖,𝑗,𝑘

   

𝑎𝑗,𝑘 = 𝐴𝑣𝑒(𝑉𝑖,𝑗,𝑘) − 𝑏𝑗,𝑘 ∙ 𝐴𝑣𝑒(𝑋𝑖,𝑗,𝑘) 

 
(34) 
 
 

(35) 

The correlations are always taken on the matched pairs of course and scaling data.  

Note: A set of scores with mean x̅ and standard deviation sx  when standardised to a new mean y̅ and 

standard deviation sy is in actual fact a linear transformation of the set of scores given by y = [
sy

sx
] x +

{y̅ − (
sy

sx
) x̅}. The method moments has the same form, except for an additional factor rx,y sitting in the 

denominator of the b  term. The essential reason for this factor is a correction to the lack of fit between the 

scaling set V and the course score set X. In effect the scaling standard deviation has been dampened by the 

lack of fit, and the correlation factor corrects this.  
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Appendix 2:  

 Summary of the procedure      
Moderation Group scores are received into the matrix standardised to 70/12 

Step 1:  
 

Transform all moderation group scores 𝑋𝑖,𝑗,𝑘 using 𝑏𝑗,𝑘 =
25

12
 and 𝑎𝑗,𝑘 = 

25

4
 

 

Step 2:  
 

Standardise AST scores to 150/27.5 
 

Step 3:  
 

Calculate 𝑉1 from  𝑉 =
𝑍𝑖,𝑘+𝑑𝑖,𝑘(80% ×𝐶𝑖,𝑘)

(3.6+0.8𝑑𝑖,𝑘)
(where 𝑑𝑖,𝑘 is the called the aberrant value) 

 

Step 4:  
 

Calculate  𝑛∗ , the number of students in the scaling group with a taper weight greater than 
0.5 
 

Step 5:  
 

Calculate 𝑟,𝑋𝑖,𝑗,𝑘, 𝑉𝑖,𝑗,𝑘
 

 

Step 6:  

Calculate the AST/V scale factors 

𝐵𝑘 =
𝑠𝑑[𝑉𝑖,𝑘]

𝑠𝑑[𝐶𝑖,𝑘] ∙ 𝑟𝐶𝑖,𝑉𝑖,𝑘

 

𝐴𝑘 = 𝐴𝑣𝑒(𝑉𝑖,𝑘) − 𝐵𝑘 ∙ 𝐴𝑣𝑒(𝐶𝑖,𝑘) 
 

Step 7: 
 

Calculate one of the following three forms of the scaling term  New bj,k 

 

Either    𝑁𝑒𝑤 𝑏𝑗,𝑘 =
𝑠𝑑[𝑉𝑖,𝑗,𝑘]

𝐵𝑘𝑠𝑑[𝑋𝑖,𝑗,𝑘]∙0.5
          for   𝑟,𝑋𝑖,𝑗,𝑘, 𝑉𝑖,𝑗,𝑘

< 0.5 and n∗ > 20 

  

Or    𝑁𝑒𝑤 𝑏𝑗,𝑘 = 𝑝 [
𝑠𝑑[𝑉𝑖,𝑗,𝑘]

𝐵𝑘𝑠𝑑[𝑋𝑖,𝑗,𝑘]∙𝑟,𝑋𝑖,𝑗,𝑘, 𝑉𝑖,𝑗,𝑘

] + (1 − 𝑝) ( 
25

12
) for  11 ≤ n∗ ≤ 20 

 (where 𝑝 =
𝑛−10

10
 ) 

 

Or   𝑁𝑒𝑤 𝑏𝑗,𝑘 =
𝑠𝑑[𝑉𝑖,𝑗,𝑘]

𝐵𝑘𝑠𝑑[𝑋𝑖,𝑗,𝑘]∙𝑟,𝑋𝑖,𝑗,𝑘, 𝑉𝑖,𝑗,𝑘

   for all other moderation groups 

 

Step 8: 

Calculate 𝑎𝑗,𝑘 

𝑁𝑒𝑤 𝑎𝑗,𝑘 =
[𝐴𝑣𝑒(𝑉𝑖,𝑗,𝑘) − 𝐴𝑘]

𝐵𝑘
− 𝑁𝑒𝑤 𝑏𝑗,𝑘 ∙ 𝐴𝑣𝑒(𝑋𝑖,𝑗,𝑘) 

 

Step 9: Repeat step’s 1 to 8 with new  𝑏𝑗,𝑘 and 𝑎𝑗,𝑘  

Step 10:  Repeat step 9 until convergence is achieved. 
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Appendix 3:  

 Maximising the correlation on the AST components 
As is explained in section 2.3 of Hyndman (2011), the AST score for each student is a linear combination of 

the student’s scores in the four components: Quantitative Multiple Choice, Verbal Multiple Choice, Short 

response and Writing Task. The weights of the components are chosen to maximise the correlation across 

the system between aggregate scores and the AST. 

It should be noted that while the correlation between any individual component of the AST and the set of 

aggregate scores is scale invariant, that is, no linear transformation of either set of scores can change the 

correlation, the correlation between the aggregate scores and a combination of several AST components can 

be changed by altering the proportions in which they are combined. 

We explore how, in practice, the weights of the AST components may be chosen to maximise the correlation 

between the aggregate scores and the AST. 

This is standardised to a mean of 150 and standard deviation of 27.5 without affecting the correlation with 

the aggregate scores. 

Thus the AST scores used in the scaling process are dependent on the raw aggregate scores. The aggregate 

scores themselves are subsequently modified in the scaling process which, in turn, is dependent on the AST 

scores.  

We use the notation 𝒛   for the vector of aggregate scores and 𝒄 for the vector of AST scores, and set notation 

𝑐 = 𝑎1𝒄𝟏 + 𝑎2𝒄𝟐 + 𝑎3𝒄𝟑 + 𝑎4𝒄𝟒    where the   𝒄𝑖   are the AST component vectors and the 𝑎𝑖  are their 

respective weights. 

The vectors 𝒄𝑖  may be assembled as columns of a matrix 𝑪 and the weights as a column 𝒂. Then we may 

write  𝑐 = 𝑪𝒂 . To maximise the correlation between 𝒄  and 𝒛  it will be sufficient to find the vector 𝒂 that 

minimises |𝒛 − 𝒄| .  

In general it will not be possible to express 𝒛 as a linear combination of the vectors 𝒄𝑖  , but the best 

approximation will occur when 𝒛 − 𝒄  and 𝒄 are orthogonal. In terms of the usual inner product, (𝒛 − 𝒄) ∙

𝒄 = 0. That is, when (𝒛 − 𝑪𝒂) ∙ 𝑪𝒂 = 0. This occurs when: 

𝑎 = (𝑪𝑻𝑪)
−1

𝑪𝑇𝒛 

Hence, the vector of AST scores best correlated with the aggregate scores is 

 

𝒄 = 𝑪(𝑪𝑻𝑪)
−1

𝑪𝑇𝒛 

This is standardised to a mean of 150 and standard deviation of 27.5 without affecting the correlation with 

the aggregate scores. 

Thus the AST scores used in the scaling process are dependent on the raw aggregate scores. The aggregate 

scores themselves are subsequently modified in the scaling process which, in turn, is dependent on the AST 

scores.  
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Disclaimer 
This document should be considered as a general information guide only. It contains general 

principles relating to the ACT board of Senior Secondary Studies scaling procedures and has been 

specifically designed to aid in the development of the understandings of interested stakeholders.  

Readers who wish to know more about the precise scaling procedures used by the Board are 

strongly urged to consult that body directly. 


