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ODbjective
* Proposing a complementary approach for Educational-load analysis.

 The proposed method is a vector-based analysis, for educational load-
pattern distribution.

Pilot project:
» Dataset: Profile data (student load by FOE).

» Project objective: Performance analysis of Science (SEH) college at RMIT.

plication:

ctor-based analysis at school, college and university level. AAIR




The current approach: Scalar (magnitude) analysis

1. Calculating the load or headcount magnitude in form of sum, average,...

by different sectors, cohorts & levels.

2. Comparing the magnitudes and analyse the trend.

Calculation Comparison
SEH - Total Comm. Enrolments SEH - Difference of Total Comm. Enrolments
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What's an image? a two dimensional matrix of colours

Luminance Histogram
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Colour (RGB) versus Intensity (grey-level) image




Google find similar images?

Image query:

oogle results:
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o Correlation.

o Chi-Square.

distance measures In Image processing

¢ Bhattacharyya.

d(Hy, Hy) = 2 (H‘U}'FL)'(H”{”'E) : L, Hﬂ_\/ 1
Vi (1) -5, () - )
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where : Hk:F E H(J)
J e L2 Norm (Euclidean or Minkowski d2).

N is total number of histogram bins.
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Vector presentation of load data

Can we look at the Load (or Headcount) as a vectors?

College A in University X
College A in University Y

College Ain 2015

inoIIege Ain 2016
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Program Codes
Schematic view of 2-dimensional vector of a sample college.
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Vector: Magnitude & Direction
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Similarity measures: Cosine similarity & Minkowski distances
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a: Cosine similarity between two vectors: 1 and 2 by measuring the cosine of the @ angle.

Minkowski distances(b: Euclidean and c: Manhattan) between two points 1 and 2.

. Euclidean/
~ Distance

=Cosine Similarity




Process of the vector-based Analysis

1- Feature Extraction

Appl
Provide time- Extract element re rgsezsin Construct the
series data (load, headcount) prep i g vector
(grouping)

1 A 4

- Distance measure

[ -




1. Extracting college load & apply grouping

by broad-level:

by narrow FOE :

Year RSCH PGRD UGRD Total(Year)

2010 181 1542 4112 3835

2011 215 1444 4699 6358

2012 247 1361 4860 6468

2013 290 1398 5425 7113

2014 271 1347 5262 6880

2015 315 1347 5048 6710

2016 253 1407 5649 7309

Total (Bievel) 1772 9846 35055

narrow | Vear 2010 2011 2016
EWQMEM Blevel RSCH | PGRD UGRD | RSCH PGRD UGRD | RSCH | PGRD UGRD | RSCH PGRD UGRD
010101 0 35 3 0| 54 0 0 34
010103 0 20 14 1 30 | 23 0 104 | 23
010301 5 0 9 14 0 6 21 19 8
061999 0 9 0 0 13 0 0 7 0
090799 0 7 0 0 17 0 3 7 | 213
Total 181 | 1542 | 4112 | 215 | 1444 | 4699 253 | 1407 | 5649 |




2. Constructing vectors: H1 and H2

FoE
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3: Calculating distance measure

1-dimensional shape analysis by Cosine similarity (0 to 1) E——— —p
Angle=0
Cosine similarity=1.00

2. AiB; Maximum similarity

A-B _ i=1
|ALIB| n o [a
ZALE

similarity = cos(#) =

Angle=90
Cosine similarity=0.00
Minimum similarity

imensional shape analysis by Minkowski distances:(Euclidean , Manhattan)

d(H,, H,) =\/(H1{” - H'*m) AAIR
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Examples for better understanding of Cosine similarity

2010 2011 2000

Rscr_ascH ET] » Cosine similarity=1.00
010000 10 1.00
010100 20 1600
010101 30
010103 40 1400
010301 50
010500 60 1200
010599 70 1000
010900 80 —2010
010901 90 800 —2011
010911 100
010913 110 600
010999 120 200
019900 130
019901 140 200
019905 150 _/_/
‘019999 160 o
020100 170 B I O
020115 180 I FIFIT P I I PIY

sum 1710 17100
Difference 15390
[ 2010 [ 2011
[RscH  [Rsch
010000 10 1 : T e —
oo . . Cosine similarity=1.00
‘010101 30 3
‘010103 40 4
‘010301 50 5
‘010500 60 6
‘010599 70 7
‘010900 80 g —2010
‘010901 90 9 —2011
‘010911 100 10
‘010913 110 11
‘010999 120 12
‘019900 130 13
‘019901 140 14
‘019905 150 15 _//d
‘019999 160 16
(020100 170 17 @'9 @" ,\’9}’" N@"i@@@ % @q“f@ @ op m@@&
020115 180 ¥V 18 o

sum 1710
Difference -1539
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~
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Examples for better understanding of Cosine similarity

F

Cosine similarity=0.54
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Cosine similarity="??
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010000
'010100 20 160
010101 30
010103 a0 140
010301 50
'010500 60 20
010599 70 100
'010900 80
010901 90 80
‘010911 100
010913 110 &
010399 120 "
019300 130
‘019901 140 20
019905 150
'019999 160 0
020100 170
'020115 180
sum 1710 1710
Difference 0
| 2010 | 120
FOE [RscH  |rscH
010000 4
‘010100 25 100
010101 25
010103 8 a0
010301 a3
'010500
:010599 99 60
010900
‘010901 94
‘010911 a1 a0
‘010913 8
‘010999 50
‘019900 62 20
‘019901 36
‘019905 92
019999 79 0
'020100 61
‘020115 88 &
sum 958

Difference -234
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Load analysis of science college by Cosine Similarity

Science College Performance Science College Performance
Cosine Similarity by Level Magnitude Difference by Level
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An example for better understanding of Euclidean Distance

A-RSCH |B-PGRD [C-UGRD

A-RSCH |B-PGRD [C-UGRD
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Euclidean Distance

Lo
=2
=
[
[TE I E]
[=i]
Lo

Lo
=2
=
[
[=i]
Lo

Lo
=
=
=
(5]
o
Lo

Lo
=]
=
=
=1
o

o
=]
=
=
[EE I ]
=1
o

[Ne]
=]
=
=
(5]
=]
(V=]

Lo
(=]
[
[
(4%
en
(V=]

Lo
=2
=
[
[¥5]
[=i]
Lo

Lo
=2
=
[
[¥5]
[=i]
Lo

9

8
8
8
B
8
8
B
8
8
8
B
8
8
B
8
8
8
B

=
=
=
(5]
o
Lo

Lo
=]
=
=
=1
o

o
=]
=
=
[EE I ]
=1
o

[Ne]
=]
=
=
(5]
=]
(V=]

Lo
(=]
[
[
(4%
en
(V=]

Lo
=2
=
[
[¥5]
[=i]
Lo

Lo
=2
=
[
[¥5]
[=i]
Lo

Lo
=2
=
[
(5]
=] ?C-: CO 0O GO 0O GO 0O 0O GO DO GO 0O GO DO QO DO Ca

Lo

Lo
=]
=
=
(5]
=1
o

AAIR

Australasian Association for Institutional Research



alysis of science college by Minkowski Distances

Science College Performance
700.0 Euclidean Distance vs Magnitude
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3000 Science College Performance
Manhattan Distance vs Magnitude
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Conclusion

Contrast between the load magnitude & direction can be utilized in dashboards as a traffic
light indicator, for decision makers, representing a significant shift in load pattern distribution.

tilization of this approach could lead to a shift in student recruitment away from historical
tterns to one where new possibilities are considered. ‘
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