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Table 1. Selecting @ class labels regarding to students” grades in course PHY 183 5502

Class Grade Student # Percentage

1 0.0 2 0.9%4
2 0.5 0 0.0%
3 1.0 10 4.4%

4 1.5 28 12 4%
5 20 23 10.1%
& 25 43 18.9%
7 3.0 52 12.9%
8 35 41 18.0%
9 4.0 28 12 4%

Table 1. Selecting 3 class labels regarding to students’ grades in course PHY 183 5302

Clazs Grade Student # Percentage
High Grade == 3.3 a9 30.40%
Middle 20=Grade =335 a5 41.80%
Low Grads == 2.0 63 27.80%%

Table 3. Selecting ? class labels regarding to students’ grades in course PHY 183 5502

Class Grade Student £ -Pe:'cenmge
Passed Grade = 2.0 164 T2.2%
Failed Grade =10 63 27.80%
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! The first five classifiers are coded in MATLABTM 6.0, and for the decision tree classifiers we have used some
available software packages such as C5.0, CART, QUEST, and CRUISE.

2 normalization

3 Training Data

* Combination of Multiple Classifiers
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3 Optimizing the CMC Using a GA

We used GAToolBox3 for MATLAB to implement a GA to optimize classification
performance. Our goal is to find a population of best weights for every feature vector,
which minimize the classification error rate.

The feature vector for our predictors are the set of six variables for every student:
Success rate, Success at the first try, Number of attempts before correct answer is
derived, the time at which the student got the problem correct relative to the due date,
total time spent on the problem, and the number of online interactions of the student
both with other students and with the instructor.

We randomly initialized a population of six dimensional weight vectors with values
between 0 and 1, corresponding to the feature vector and experimented with different
number of population sizes. We found good results using a population with 200
individuals. The GA Toolbox supports binary, integer, real-valued and floatingpoint
chromosome representations. Real-valued populations may be initialized using

3 Downloaded from http://www.shef.ac.uk/~gaipp/ga-toolbox/

the Toolbox function crtrp. For example, to create a random population of 6
individuals with 200 variables each: we define boundaries on the variables in FieldD

which is a matrix containing the boundaries of each variable of an individual.
FieldD=] 000O0OO; %Iower bound
111111]; % upper bound

We create an initial population with Chrom = crtrp(200, FieldD), So we
have for example:

Chrom = 0.23 0.17 0.95 0.38 0.06 0. 26

0.35 0.09 0.43 0.64 0.20 0.54

0.50 0.10 0.09 0.65 0.68 0.46

0.21 0.29 0.89 0.48 0.63 0.89



We used the simple genetic algorithm (SGA), which is described by Goldberg in

[9]. The SGA uses common GA operators to find a population of solutions which
optimize the fitness values.

3.1 Recombination

We used “Stochastic Universal Sampling” [1] as our selection method. A form of
stochastic universal sampling is implemented by obtaining a cumulative sum of the
fitness vector, FitnV, and generating N equally spaced numbers between 0 and
sum(FitnV). Thus, only one random number is generated, all the others used being
equally spaced from that point. The index of the individuals selected is determined by
comparing the generated numbers with the cumulative sum vector. The probability of
an individual being selected is then given by

F(I;}=\-f{;':)

2 fx;)

i-1
where f(xi) is the fitness of individual xi and F'(xi) is the probability of that individual
being selected.
3.2 Crossover
The crossover operation is not necessarily performed on all strings in the population.
Instead, it is applied with a probability Px when the pairs are chosen for breeding. We
selected Px = 0.7. There are several functions to make crossover on real-valued
matrices.
One of them is recint, which performs intermediate recombination between pairs of
individuals in the current population, OldChrom, and returns a new population after
mating, NewChrom. Each row of OldChrom corresponds to one individual. recint is a
function only applicable to populations of real-value variables. Intermediate
recombination combines parent values using the following formula [14]:

Offspring = parent] + Alpha * (parent2 — parentI) (3)

(2)

Alpha is a Scaling factor chosen uniformly in the interval [-0.25, 1.25]

3.3 Mutation

A further genetic operator, mutation is applied to the new chromosomes, with a set
probability Pm. Mutation causes the individual genetic representation to be changed
according to some probabilistic rule. Mutation is generally considered to be a
background operator that ensures that the probability of searching a particular
subspace of the problem space is never zero. This has the effect of tending to inhibit
the possibility of converging to a local optimum, rather than the global optimum.
There are several functions to make mutation on real-valued population. We used
mutbga, which takes the real-valued population, OldChrom, mutates each variable
with given probability and returns the population after mutation, NewChrom =
mutbga( OldChrom, FieldD, MutOpt) takes the current population, stored in the
matrix OldChrom and mutates each variable with probability by addition of small
random values (size of the mutation step). We considered 1/600 as our mutation rate.
The mutation of each variable is calculated as follows:

Mutated Var = Var + MutMx = range = MurOpt(2) = delta (4)
where delta is an internal matrix which specifies the normalized mutation step size;
MutMx is an internal mask table; and MutOpt specifies the mutation rate and its

shrinkage during the run. The mutation operator mutbga is able to generate most
points in the hypercube defined by the variables of the individual and the range of the



mutation. However, it tests more often near the variable, that is, the probability of
small step sizes is greater than that of larger step sizes.

3.4 Fitness Function

During the reproduction phase, each individual is assigned a fitness value derived
from its raw performance measure given by the objective function. This value is used
in the selection to bias towards more fit individuals. Highly fit individuals, relative to
the whole population, have a high probability of being selected for mating whereas
less fit individuals have a correspondingly low probability of being selected. The error
rate is measured in each round of cross validation by dividing “the total number of
misclassified examples” into “total number of test examples”. Therefore, our fitness
function measures the error rate achieved by CMC and our objective would be to
maximize this performance (minimize the error rate).
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Table 5. Comparnng the CMC Performance on PHY 183 dataset Using GA and without GA in
the cases of 2-Classes, 3-Classess, and 9-Classes. 93% confidence interval.

Performance %a

Classifier 2-Classes 3-Clazzes O-Classes

CMC of 4 Classifiers without GA 83871173 | 61861216 | 40.74 186

A Optimized CMC, Mean individual 04001t 2584 | 72131£039 | 62252063

Improvement 10.22+1.92 | 1026+ 1.84 | 12512 1.75
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Entropy(S) = i(N) = _EP{(%- Nog, P(e,) 3

where P(@ ) 1s the fraction of examples at node V that go to category ;.

Table 6. Feature Importance in 3-Classes Using Entropy Criterion

Feature Importance %
Total Correct Answers 100.00
Total Number of Tries 55.61
First Got Correct 27.70
Time Spent to Solve 24.60
Total Time Spent 2447
Communication 9.21
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