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ABSTRACT: The objective is to predict the students’ final grades based on the features which are extracted
from their (and others’) homework data. We design, implement, and evaluate a series of pattern classifiers with
various parameters in order to compare their performance in a real data set from the ECE-CAPA system. This
experiment provides an opportunity to study how pattern recognition and classification theory could be put into
practice based on the logged data in ECE-CAPA. The error rate of the decision rules is tested on one of the
ECE-CAPA data sets in order to compare the performance accuracy of each experiment. Results of individual
classifiers, and their combination, as well as error estimates, are presented.

Keywords: Python, MATLAB, ECE, prediction, branch, data.

Date of Submission: 09-11-2023 Date of acceptance: 23-11-2023

I. INTRODUCTION

1.1 Data set and Class Labels

As the first step in our study, in order to have an experiment in student classification,we selected the
student and course data of a ECE-CAPA course, ECE-PHY (Physics for Scientists and Engineers 1), which was
held at MSU in spring semester 2002. Then we extend this study to more courses. This course integrated 12
homework sets including 184 problems. About 261 students used ECE-CAPA for this course. Some of the
studentsdropped the course after doing a couple of homework sets, so they do not have any final grades. After
removing those students, 227 valid samples remained. You can see the grade distribution of the students in the
following chart (Figure 2.2.1)
We can group the students regarding their final grades in several ways, 3 of which are:
1. The possible class labels are nine similar to that of students’ grades, as shown in table 1.1.1.
2. We have classified into three classes, “high” representing grades from 3.5 to 4.0, “middle” representing
grades from 2.5 to 3, and “low” representing grades less than 2.5, as shown in table 1.1.2.
3. The students are also categorize with one of two class labels: “Passed” for grades above 2.0, and Failed”
for grades less than or equal to 2.0, as shown in table 1.1.3.

Table 1.1.1. 9-Class labels regarding students’ grades in course ECE-PHY _ SS02

Class Grade #of Student Percentage
1 0.0 2 0.9%
2 0.3 0 0.0%
3 10 10 4.4%
4 13 28 12 4%
3 20 23 10.1%
6 25 43 18.9%
7 3.0 52 22.9%
g 335 41 18.0%
9 4.0 28 12 4%

Table 1.1.2. 3-Class labels regarding students’ grades in course ECE-PHY SS02

Class Grade Student # Percentage

High Grade>=3.3 69 30.40%
Middle 2.0<=Grade=3.5 95 41.80%

Low Grade==2.0 63 27.80%

We could predict that the error-rate in the first class grouping should be higher than the others, because the
sample size among the 9-Classes differs considerably.
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Table 1.1.3. 2-class labels regarding students’ grades in course ECE-PHY SS02

Class Grade Student # Percentage
Passed Grade>20 164 72.2%
Failed Grade ==2.0 63 27.80%

The present classification experiment focuses on the first six extracted students’features based on the
ECE-PHY class data.

1. Total number of correct answers. (Success rate)
2. Getting the problem right on the first try, vs. those with high number of submissions. (Success at the first

try)
3. Total number of attempts before final answer is derived

4, Total time that passed from the first attempt, until the correct solution was demonstrated, regardless of the
time spent logged in to the system. Also, the time at which the student got the problem correct relative to the
due date. Usually better students get the homework completed earlier.

5. Total time spent on the problem regardless of whether they got the correct answer or not. Total time that
passed from the first attempt through subsequent attempts until the last submission was demonstrated.

6. Participating in the communication mechanisms, vs. those are working with

ECE-CAPA provides online interaction both with other students and with the instructor.

Il. EXPERIMENTAL SETUP

2.1 Classifiers

Pattern recognition has a wide variety of applications in various fields; hence it is not possible to
develop with a specific single type of classifier that can produce optimal resultsin each and every case. The
optimal classifier in most of the case dependent mostly on the problem domain. In general practice, one might
have to face across a case where single classifier can perform threshold or minimum level of accuracy. In such
cases it would be better to pool the results of various classifiers to achieve the optimal accuracy. Every
classifier performs on different aspects like the training or test feature vector. As a result, presuming appropriate
conditions and combining various multiple classifiers may improve standard of classification performance when
compared with any single classifier.

2.2 Non-tree based classifiers

The popular non-parametric pattern classifiers and a single parametric pattern classifier is compared based on
their error estimates. Six different classifiers over one of the ECE-CAPA data sets are compared. The
classifiers used are,

I-nearest ng;r'ghb or Quadratic Bayesian classifier
K-nearest neighbor ECE-CAPA Parzen-window
Multi- layer perception Decision ITree

Figure 2.2.1: Non-tree based classifiers

These are the most common classifiers used in practical classification problems. After some pre-processing
operations conducted on the data set, the error rate of each classifier is reported. To improve performance,
specific combinations of classifiers are presented.

Table 2.2.1 shows the comparison between 3 classes for Error Rate and Standard Deviation for using the
classifiers in both normalized and un-normalized data set.
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Table 2.2.1 Comparing Error Rate of classifiers with and without normalization in the case of 3 classes

3-Classes ‘With Normalization Without Normalization
Classifier Error rate S.D Error rate S.D.
Bayves 0.4924 0.0747 0.5528 0.0374
INN 0.5220 0.0344 0.5864 0.041
KNN 05144 0.0436 0.5856 0.0491
Parzen 0.5096 0.0408 0.728 0
MLP 0.4524 0.0285 0.624 0
CMC 0.2976 0.0399 0.3872 0.0346
Oracle 0.1088 0.0323 0.1648 0.0224

Thus, we executed the classifiers with normalization and without normalization. Table 2.2.1 shows an
significant improvement in classification results after normalization. The findings are:

1. Without normalizing the data classifiers the Parzen-Window classifier and MLP classifier, not working
properly. Therefore, we need to have normalize the data when using these two classifiers.

2. The impact on the Decision tree classifiers did not show any improvement on their classification
performance after normalization, so we ignore it in using tree classifiers. At this moment we will not study and
discuss the decision tree classifier, even though the Decision Tree classifiers’ results are obtained.

2.3  Comparing 2-fold and 10-fold Cross-Validation

In cross-validation of k-fold, we have divided the data into k sub-sets of approximately equal size. We would
train the data k number times, each and every time droping out one of the sub-sets from training, but using only
the omitted or dropped sub-set to compute the error threshold of interest. If k is equal to the sample size, this
condition is called "LeaveOneOut" cross-validation. (Duda et al. 2001; Kohavi, 1995). LeaveOneOut cross-
validation has provided an unbiased estimate almost of that trueaccuracy, at an significant computational
cost. Both 2-fold and 10-fold cross validation are used in the proposals.

In 2-fold cross-validation, the observation order, in both the training and testing, are randomized before conduct
of every trial of classifier. Also, next sample is divided amongst the test and training data, with 50-50, that is
50% going to test, and the other 50% going to training.

In 10-fold cross-validation, the 227 sample data size (ECE-227 students’ data) aredivided into 10-blocks
containing approximately equal numbers of cases and class-value distributions. For each and every block (10%
of data) in turn, a training model is developed using the rest of the data inthe remaining 90% data blocks (90%
of data, the training set), and later it is evaluated on the data cases in the hold-out block (the test set).

Table 2.3.1 Comparing Error Rate of classifiers 2-fold and 10-fold Cross-Validation in the case of 3

classes

3-Classes 10-fold Cross-Validation 2-fold Cross-Validation

Classifier Error Rate SD. Error Rate S.D.
Bayes 0.5 0.0899 0.5536 0.0219
INN 0.4957 0.0686 0.5832 0.0555
KNN 0.5174 0.0806 0.576 0.0377
Parzen 0.3391 0.083 0.4992 0.036
MLP 04304 0.0806 04512 0.0346
CMC 0313 0.084 03224 0.0354
Oracle 0.1957 0.0552 0.1456 0.0462

The tabulated table 2.3.1 shows the comparison of Error Rate and Standard Deviation results
performed using the classifiers in both the 2-fold and 10-fold cross-validation in the case of the 3-Classes.
We can observe that the 10-fold cross-validation and with the individual classifier has slightly more accurate
than 2-fold cross validation, but in relation to combination of classifiers (CMC) there is no a significant
difference. Hence, we selected 10-fold cross validation for error estimation in this proposal.

1. RESULTS AND DISCUSSION
3.1 Results, Error Estimation
The experimentally observed results are averaged and presented in the figure charts below. The figure
shows the impact of the data random selection on the average error rate. Also the figure shows the average
error rate and its standard deviation, which is associated with each classifier, is displayed in the tables as well as
the chart. The table concludes and summarizes the results of all the classifiers on our data set.
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The standard deviation of error rate is showing the variance of the error rate during cross-validation. The error
rate is measured for every round of cross validation using:

Total misclassified of test examples

Error rate in each round =
Total number of test examples

After completion of 10 rounds computation, the average error rate and its standard deviation are
calculated and then plotted. This metric was chosen due to its ease of computation and intuitive nature. The
above Figure 3.1.1 and below figure 3.1.2, show the comparison of classifiers’ error rate, when we classify the
ECE-students into two categories, “Passed” and “Failed”. The plot shows best performance is for KNN with
82% accuracy, and that of the worst classifier is Parzen-window with 75% accuracy. Important observation is
CMC has good response in the case of 2-Classes classification has 87% accuracy.
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Figure 3.1.1: Comparing Error Rate of Figure 3.1.2 Comparing Errvor Rate of classifiers
classifiers with 10-fold Cross-Validation with 10-fold Cross-Validation in thecase of 3-

in the case of 2-Classes Classes

In the case of 9-Classes, 1-NN works better than the other classifiers. Final results in Table 3.1.1 show that
CMC is the most accurate classifier compared to individual classifiers. In the case of 2-Classes it improved by
5%, in the case of 3-Classes itimproved by 20%, and in the case of 9-Classes it improved by 22%, all in relation
to the best individual classifiers in the corresponding cases.

Table 3.1.1 Comparing the Performance of classifiers, in all cases: 2-Classes, 3-Classess, and 9-Classes,
Using 10-fold Cross-Validation in all cases.

Error Rate
Classifier 2-Classes 3-Classes 9-Classes
Bayes 02364 05143 0.77
INN 02318 0.4952 071
KNN 0.1773 0.4952 0.725
Parzen 0.25 0.519 0.795
MLP 0.2045 0.4905 -
CMC 0.1318 0.2905 0.49
Oracle 0.0818 0.1619 -

Another important prediction is that when our individual classifiers are working well and each having
a high level of accuracy; the benefit of combining classifiers is small. Thus, CMC has little improvement in
classification performance while it has a significant improvement in accuracy when we have weak learner®
classifiers.

We tried to improve the classification efficiency, simply from the problems in direct relation to their
degree of difficulty. Few specific conceptual sub-sets of the students’ data are used, but, we did not achieve a
significant improvement in accuracy with this parameter. The upcoming section, we would be explaining the
results of decision tree classifiers on our data set, and also discussing the relative importance of student-
features and the correlation between these features with category labels.
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3.1.1 Decision Tree-based software

Decision trees are to be proved as valuable tools for the description, classification and generalization of
data. Many users find decision trees easy to use and understand. As a result, users more easily trust decision tree
models than they do "black box" models, such as models produced by neural networks. Many tools and
software have been developed toimplement decision tree classification. Lim et al. (2000) has an insightful study
about comparison of prediction accuracy, complexity, and training time of thirty-three classification algorithms;
twenty-two decision trees, nine statistical and two neural network algorithms are compared on thirty-two data
sets in terms of classification accuracy, training time, and (in the case of trees) number of leaves. In this
proposal we used C5.0, CART, QUEST, and CRUISE software to test tree-based classification. Some statistical
software is employed for multiple linear regression on our data set. First we have a brief view of the
capabilities, features and requirements of these software packages. Then we gather some of the results and
compare their accuracy to non-tree based classifiers.

3.1.2 Final Results without optimization

The overall results of classifiers’ performance on our data set are shown in the Table 3.1.2.1 Regarding
individual classifier, for the case of 2-classes, kNN has the best performance with 82.3% accuracy. In the case
of 3-classes and 9-classes, CART has the best accuracy of about 60%o in 3-classes and 43% in 9-Classes

Table 3.1.2 Data-sets of ECE results for two decades.

Year -1 -1 -1 - -1 n-n V-1 V-1 | I'Year | Il Year |l Year | IV Year

2004-2005 | 44.62 | 4462 | 53.52 | 4545 | 4444 | 3016 | 53.97 | 87.3 | 44.62 |49.485| 373 |70.635
2005-2006 | 33.33 | 33.33 | 5253 | 36.73 | 5545 48 40.4 59.6 33.33 | 4463 |51.725 50

2006-2007 | 43.82 | 43.82 | 50.79 | 43.75 | 53.68 | 59.38 | 20.79 76.6 | 43.82 | 51.77 | 56.53 | 53.195
2007-2002 | 43.94 | 43.94 | 51,390 | 4514 | 438 5547 | 64.23 | 8222 | 43.94 (48265 |40.635 |73.225
2008-2005 | 44.62 | 4462 | 53.52 | 48.94 | 48,59 | 60.71 | 57.14 | 84.29 | 4462 | 51.23 | 54.65 |70.715
2009-2010 | 57.5 57.5 | 50.38 | 62.31 | 66.15 | 69.53 | 59.54 | 84.73 57.5 |56.345 | 67.84 |72.135
2010-2011 | 77.12 | 7815 | 57.45 | 57.86 | 67.15 | 71.01 | 77.86 | 78.57 |77.635|57.655 | 69.08 |78.215

2011-2012 | 78.89 | 60.11 56.6 51.43 | 72.43 60.1 73.58 | 69.67 | 69.5 |54.015 (66.265|71.625
2012-2013 | 67.5 | 63.29 | 56.34 | 61.7 67.97 | 6595 | 67.03 | 70.25 | 65395 | 59.02 | 66.96 | 68.64

2013-2014 | 46.84 | 53.72 | 50.¥3 | 49.27 | 50.24 | 5049 | 54.9 77.94 | 50.28 50 50.365 | 66.42

2014-2015 | 44.67 | 3807 | 5273 | 5249 | 53.24 | 61.32 | 66.67 | 81.95 | 41.37 | 5261 | 57.28 | 74.31
2015-2016 | 41.15 | 4191 | 61.19 | 52.61 | 53.28 | 60.85 | 60.31 | 80.23 | 41.53 | 56.9 |57.065| 70.27
2016-2017 | 45.38 | 50.84 | 35.25 | 50.62 | 57.92 | 57.32 | 68.97 75 48.11 | 42,935 | 57.62 | 71.985
2017-2018 | 50.21 | 43.46 | 52.59 | 60.22 | 60.59 | 51.69 | 67.04 | 76.78 |46.835|56.405 | 56.14 [ 71.91
2018-2019 | 50.86 | 52.42 | 4531 | 51.78 | 63.49 | 5913 | 65.2 755 | 51.64 |48.545| 61.31 | 70.35

2019-2020 | 38.78 | 37.14 | 37.01 42.6 67.53 | 64.79 37.96 |40.255 | 66.16
2020-2021 | 249 | 4191 | 5055 | 65.2 33.405 | 57.875
2021-2022 | 41.54 | 45.38 43.46

However, considering thecombination of non-tree-based classifiers, the CMC has the best performance in all
three cases. That is we got the 86.8% accuracy in the case of 2-Classes, 71% in the case of 3- Classes, and
51% in the case of 9-Classes.

So far, we have grouped students using multiple classifiers, comparing their prediction accuracy with CMC. In
the next section we will study a way to optimize these results in order to find more efficient and more accurate
classifiers.

v. CONCLUSION
4.1 Optimizing the prediction accuracy
We found that a combination of multiple classifiers leads to a significant improvement in classification
performance. Through weighting the feature vectors usinga Genetic Algorithm we can optimize the prediction
accuracy and get a marked improvement over raw classification. We further show that when the number of
featuresis few; feature-weighting works better than just feature selection.

4.1.1 Implementation of a GA to optimize the prediction accuracy

We use the GAToolBox*? from 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 otherstudents and with the instructor.
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4.1.2 Experimental Results of GA Optimization

For GA optimization, we used 200 individuals in our population, running the GA over 500 generations.
We ran the program 10 times and got the averages, which are shown, in every run 500 7 200 times the fitness
function is called in which we used 10-fold cross validation to measure the average performance of CMC. So
every classifier is called 3 71 10° times for the case of 2-classes, 3-classes and 9-classes. Thus, the time overhead
for fitness evaluation is critical. Since using the MLP in this process took about 2 minutes and all other four
non-tree classifiers (Bayes, 1NN, 3NN, andParzen window) took only 3 seconds, we omitted the MLP from
our classifiers group so we could obtain the results in a reasonable time.

4.2 Summary

We proposed a new approach to classifying student usage of web-based instruction. Four classifiers
were used to segregate student data. A combination of multiple classifiersled to a significant accuracy
improvement in all three cases (2-, 3- and 9-Classes).Weighting the features and using a genetic algorithm
to minimize the error rate improved the prediction accuracy by at least 10% in the all cases. In cases where the
number of features was low, feature weighting was a significant improvement over selection. The successful
optimization of student classification in all three cases demonstrates the value of ECE-CAPA data in predicting
students’ final grades based on features extracted from homework data. This approach is easily adaptable to
different types of courses, different population sizes, and allows for different features to be analyzed. This
work represents a rigorous application of known classifiers as a means of analyzing and comparing use and
performance of students who have taken a technical course that was partially/completely administered via the
web. For future work, we plan to implement such an optimized assessment tool for every student on any
particular problem.
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