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ABSTRACT 

 
Assessment is an integral part of learning and plays a significant role in education. Adaptive testing is a 

form assessment in which the tests are tailored to the individual’s ability. This paper presents an adaptive 

assessment system realized in PHP and MYSQL. The motivation was to investigate the techniques for the 

improvement of student assessment. The paper also focuses on adaptive grading methodology to effectively 

assess the examinee performance based on time, answering habits and the test results. An adaptive E-

assessment grading (AEAG) model was proposed to overcome the limitations of the existing grading 

system. The model was analyzed using multivariate ANOVA discriminant analysis and it was observed that 

adaptive grading for E-Assessment was performing better than predefined grading. 
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1. INTRODUCTION 
 

Intelligent Tutoring Systems (ITS), Computer Adaptive Testing (CAT) and other adaptive 
technologies helps to assess examinee’s performance. E-assessment system evaluates examinee 

based on dynamic tests. Various techniques are available for generating dynamic E-assessment 

system with different difficulty levels of questions, but performance grading evaluations are done 

based on a  predefined grading system. The E-Assessment grading depends on the examinee’s 

problem solving capability, time of the test and their performance. This paper focuses on new 

adaptive E-assessment grading methodology to effectively assess the examinee performance 

based on time, answering habits and the test results. 

 

Assessment plays a significant role in education. Testing is the heart of educational assessment. It 

is the process of evaluating the extent to which the students have developed their knowledge. 

Adaptive testing is becoming increasingly a popular method for knowledge assessment. It is an 
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effective and reliable approach for evaluating the ability on a large scale. It will tailor the 

difficulty level of questions to the examinee’s ability. In conventional tests, the same sets of 

questions are administered to all the students. Candidates get frustrated when the difficulty of the 

questions is higher than their ability level and bored if it is lower than their ability. But in the 

procedure of adaptive testing, the questions will be generated based on the individual ability of 

the student. This will result in generating different sets of questions for different students, keeping 

their enthusiasm to face the test steadily. The difficulty level of the questions adapts dynamically 

based on the individual’s answering pattern. Proficiency in a subject will be assessed with fewer 

questions than in conventional tests. A finer discrimination in all ranges of performance is 

possible in adaptive strategy. This will improve the effectiveness of the assessment. This work 

describes an adaptive model for conducting E-assessment using multiple choice questions for 

knowledge evaluation in ‘C’ programming language. The proposed model allows the examinee to 

start the test with a chosen difficulty level referred as Degree of Toughness (DT). The difficulty 

levels of questions generated subsequently will change dynamically according to their answering 

pattern. The Adaptive E-Assessment model has been developed using PhP Software as front end 

and MySQL database as backend. We also have implemented an adaptive grading method to 

analyze the performance of the students. 

 

2. LITERATURE SURVEY 

 
Ang Tan Fong et al. [1] have also included the concept of difficulty level of question in the 

evaluation system. They have designed an intelligent online system in which a student is given a 

pretest with different difficulty levels. The scores of this pretest are used as the starting estimated 

ability value of the student. When the students take up the actual test, questions will be generated 

based on their estimated ability. This ability gets updated based on the students’ performance in 

the test.  Wen Chin Chang [2] has applied Item Response Theory (IRT) for student ability 

estimation in E-learning and they have used K-means clustering algorithm to cluster the learner’s 

abilities. Catherine C. Marinagi et al. [3] has proposed architecture for an adaptive assessment 
tool using client server platform. Bayesian decision model has been used to select the questions 

for the test. They have also demonstrated a framework [4] for adaptive multiuser web based 

assessment using Bayesian decision theory and then to classify the students into two categories 

namely “masters” and “non-masters”. Mansor Ali [5] had justified that adaptive testing will 

shorten the test duration, will offer flexible testing and better balancing of test content for all 

ability levels. They have used least square method to estimate the difficulty level of each 
question. In all the above work, the students are graded based on the predefined grades. Adaptive 

grading method has not been followed so far in the existing E-Assessment models. Mariana 

Lilley [6] has explored the issues on the use of computer aided assessment in higher education of 

U.K. She has used three parameter logistic model of IRT to estimate the test taker’s ability which 

is used to generate subsequent test items. Also an automatic feedback prototype is integrated with 

this approach to know the students’ attitude towards the approach. Thomas Marie Huffmaster [7] 

compares two statistical methods namely hierarchical linear modeling and structural equation 

modeling for modeling changes in response latency (timing) patterns on a high-stakes adaptive 

test. Most of the research on adaptive testing has concentrated on using IRT or decision theory as 

the underlying model. Aaron Ronnie Nwabude [8] have developed a blended learning model 

which combines face to face education with E-learning for improving the students’ knowledge 

about ‘C’ programming. Essaid El Bachari et al. [9] have developed a personalized E-learning 

system with an adaptive learning framework based on the learner’s personality using Myers-

Briggs Type Indicator tool. 

 

Grading is a metric by which we measure the performance of the students. Numerical test scores 

have to be converted into a single letter grade. Most of the time, a predefined grading method is 
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used in evaluation. The grading in the existing E-Assessment concentrates on a set of predefined 

grades. The concept of adaptive grading has not been implemented in any of the existing adaptive 

E-Assessment models.  Cisar et al. [10] has applied computer adaptive testing for student 

performance evaluation. However, predefined grading system is used for adaptive testing.  

 

The adaptive ranking methods have been used mostly in information retrieval to rank the web 

pages. Ihab F. Ilyas et al. [11] have introduced a rank aware query optimization frameworks in 

which adaptive evaluation of top k-queries have been done. They have shown that the adaptive 

ranks execution of ranks has significantly speeded up the operations by 300%. Makoto Nakatani 

et al. [12] have proposed a method of adaptively ranking the results of a search query by taking 

into consideration the user’s comprehension level which is estimated by getting the user’s 

feedback about the difficulty of the search results. Then a reranking of the search results is done. 

Yan Fu et al. [13] in their work have proposed a query adaptive ranking function learning 

algorithm in protein homology prediction. They have used SVM based ranking method and have 

showed significantly better results. Ah Chung Tsoi et al. [14] have considered the possibility of 

altering the page rank of web pages using normal quadratic programming techniques. Ali M. 

Zareh Bidoki [15] have come out with an adaptive ranking algorithm based on the triples namely 

content, connectivity and user behavior, and have shown that their algorithm produces an overall 

better ranking criterion. They have combined the existing ranking algorithms with user clicks for 

better ranking in search engines. Chen Ding and Chi-Hung Chi [16] have developed a ranking 
procedure solely based on the underlying document collection. They have told that ranking 

should not only be determined by its content but should be measured by how others review the 

documents. , Franco Scarselli et al. [17] have proposed a novel neural network algorithm to 

compute the adaptive ranking of web pages. 

 

Discriminant analysis has been used in many applications. Surendiran et al [18] have used 

discriminant analysis for classifying the masses present in a mammogram as benign or malignant. 
They have also proposed a hybrid classifier system [19] using analysis of variance (ANOVA), 

Discriminant Analysis (DA) and Neural networks to classify mammogram images. 

 

We propose an adaptive ranking strategy for Adaptive E-Assessment model. This paper has an 

edge over others for the reason of quantifying the marks for the level of difficulties and also the 

students’ choice in the selection of the appropriate DT. This paper implements the novel idea of 

adaptive grading method in E-Assessment and analyzes the results using discriminant analysis. 

 

3. PROPOSED ADAPTIVE E-ASSESSMENT EVALUATION 

SYSTEM 

 
3.1 KNOWLEDGE BASE CREATION 

 
A question bank for C-Programming language was created by collecting questions from subject 

experts. A conventional test (where each of the questions in the question bank has to be answered 
by all the students) was given to a group of students. Calibration was done with the proportion of 

the examinees who answered each question correctly to the total population, based on which the 

questions were initially classified into various levels of DT ranging from 1 to 5 (1 – Novice  and 5 – Very 

Difficult) as given in equation 1. 
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Each question in the question bank is tagged with a DT. The DT of a question has to be updated 

periodically, after broad spectrums of students undergo the tests and the question has been asked 

sufficiently large number of times. A difficult question is assigned a higher weightage than a less 

difficult question. 
 

Deciding the next question’s degree of toughness is based on various factors as shown in equation 

2 below: 
 

),,,( nDTresultDTQi factor deciding  -----------------------------------------------(2) 

 

  where,  Qi is the current question with degree of toughness i,    

               DT is the degree of toughness,    

Result is the outcome of the student’s answer for the current question,  
                nDT is the number of questions answered with degree of  toughness i ,   

                and     1≤ i ≤ 5 

 

3.2  PROCEDURE  

 
The algorithm for conducting the online test using adaptive strategy is given below. The 

interesting aspect of this model is that it allows the student to initially opt for the DT of the 

questions soon after he logs into the system of examination. If he opts for the kth DT (k=1, 2, 3, 4, 

5) the system will start displaying the questions randomly from the k
th
 for which the candidate 

answers.     

 
Case 1: If the candidate answers the first three questions of the k

th
 DT correctly, the system will 

automatically shift to (k+1)
th 

DT, provided k ≠ 5. When k = 5, the system continues to ask 

questions from the same level.  

 

Case 2: In case the candidate answers all the three questions of the k
th
 DT incorrectly, the system 

will automatically shift to (k-1)
th 

DT, provided k ≠ 1. It follows from the earlier logic the system 

continues to display from the 1
st
 DT irrespective of the number of wrong answers provided.  

  

Case 3: This case relates the situation where the examinee answers either one or two questions 

correctly out of the first three questions from the k
th
 DT. The system exhibits one more question 

from the same DT. Thus the examinee encounters a total of four questions. A total of three correct 

answers shifts to (k+1)
th 

DT, provided k ≠ 5; otherwise to (k-1)
th 

DT provided k ≠ 1.  

 

Case 4: In case examinee answers two questions correctly out of the first four questions from the 

k
th
 DT, one more question from the same DT is given. A total of three correct answers out of five 

given questions, shifts to (k+1)
th 

DT; otherwise to (k-1)
th 

DT. However shifting to a higher or 

lower DT does not take place when k=5 or k=1 respectively. 

 

The test will get terminated either on the expiry of the time frame or the examinee has attempted 

questions for the prescribed maximum marks, which ever occurs first. The score and the number 

of DT – wise questions asked and answered get displayed at the end of the test. 
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The overall process flow is depicted in Fig.1. 
 

4. EXPERIMENTAL RESULTS 
 

The test was administered to different sets (both computer science and non computer science) of 

prefinal year Engineering students. Data pertaining to the time taken for answering each question 

correctly or wrongly at each DT level, the marks scored at each level, the total mark scored in the 

entire test and the total time taken to complete the test were collected. The sample screens are 

shown in Fig 2- Fig 4. 

 
 

Figure 1: Process Model for Adaptive E-Assessment 

 
 

 
 

Figure 2: Login Screen 
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Figure 3: Adaptive Assessment  

 

 
 

Figure 4 : Score Card of the Assessment 

 

The students were classified into four predefined grades namely O, A, B & C based on the total 

marks scored in the test as shown in Table 1. 
 

Table 1:   Assignment of Initial Grades 
 

Grade O A B C 

Test score > t1 >=t2 and <= t1 >=t3 and <= t2 < t3 

 

where,  t1=8, t2=7, t3=6 
 

Table 2 shows the sample data collected by conducting the adaptive test. The table contains the 

details like the total mark scored in the test , the average time taken for correctly answering (CA)  
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and wrongly answering (WA) at each DT level and the predefined grade assigned based on the 

mark scored in the test. 

 

Table 2: Sample Data 
 

 

•  Tot_mark  –   Total mark scored in the test ( out of 15) 

•  DTi _CA   –   Average time taken for correctly answering a question at DT level i. 

•  DTi _WA  –   Average time taken for wrongly answering a question at DT level i. 

•  SSLC %    –   Percentage of marks scored in Secondary School Leaving Certificate  

•  HSC %      –   Percentage of marks scored in Higher Secondary Certificate 
 

4.1 DISCRIMINANT ANALYSIS & MANOVA 

 
Discriminant analysis (DA) is a statistical technique that is used to determine the relationship 

between one dependent variable and one or more independent variables .It can be used to 

understand group membership of the variables [20]. In DA, the independent variables are the 
predictors and the dependent variables are the groups. Discriminant function analysis is done 

using the following steps: 

 

i) Collect the data 

ii) Derive the discriminant function 

iii) Testing significance of a set of discriminant functions.  

iv) Classification. 

 

There are 2 matrices namely a matrix of total variances and covariances and a matrix of pooled 

within-group variances and covariances. The two matrices are compared using multivariate F 

tests in order to determine if there is any significant difference or not.  If the functions are 

statistically significant, then the groups can be distinguished based on predictor variables. 

Standardized b coefficients for each variable are determined for each significant function.  If the 

standardized b coefficient is larger, it indicates that that the respective variable’s contribution to 

the discrimination function is larger. To know which independent variables help cause the 

discrimination between dependent variables, the factor structure matrix with the correlations 

between the variables and the discriminant functions are examined. Then the means for the 

significant discriminant functions are examined in order to determine between which groups the 

respective functions seem to discriminate. 
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   The discriminant score function L is calculated using equation 3. 

                  

L = C1f1 + C2f2 + C3f3+  . . . . . . . . . +Cnfn     + C      ------------------------------------------------  (3) 

  

                   where,  C1 , C2,  C3 ………….  Cn        are unstandardized canonical  

                                discriminant function(CDF) coefficients. 

                                f1, f2 , f3 , …………… fn    are feature vectors,  

                                C    is a constant 

 

Wilks' lambda is use to test the statistical significance of the discriminatory power of the 

discriminant functions in DA[21], such that the smaller the lambda for an independent variable, 

the more that variable contributes to the discriminant function. Lambda varies from 0 to 1, with 0 

meaning group means differ (thus the more the variable differentiates the groups), and 1 meaning 

all group means are the same. The F test of Wilks' lambda shows which variables' contributions 

are significant.  Wilks’ Lambda Λ is given by equation (4). 

                                                                 

                                Λ  =    SSwg  /  SStot        ---------------------------------------------------------   (4) 

 

            where,         SStot =   SSwg  + SSbg     and  

                                          

                                     SStot is the total sum of squares 

                                     SSwg is the sum of squares within groups 

                                     SSbg is the sum of squares between groups 
 

Discriminant analysis was carried out on the results of the test based on predefined grading. The 

canonical discriminant function group centroids are shown in Fig 5 and the canonical 

discriminant function coefficient is given in Table 3.   

 
 

Figure 5: Canonical Discriminant Functions Group Centroids for Predefined Grading 

 

The discriminant score function for E- Assessment is given by equation (5)  below: 

  

L = C1DT1_CA Avg time + C1DT2_CA Avg time 2 +  . . +C12HSC % ---------------------- (5) 
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Table 3:   Canonical Discriminant Function Coefficient 
 

Features 
Function 

1 2 

Tot_mark -1.648 -1.452 

DT1_CA -0.056 -0.212 

DT2_CA -0.061 0.493 

DT3_CA -0.021 0.251 

DT4_CA 0.074 -0.235 

DT5_CA 0.027 -0.309 

DT1_WA -0.112 0.134 

DT2_WA -0.056 -0.367 

DT3_WA 0.095 -0.282 

DT4_WA 0.114 -0.212 

DT5_WA -0.054 -0.073 

SSLC % 0.193 0.095 

HSC % -0.06 0.078 

 

Table 4: Performance Metrics Based on Multivariate ANOVA Discriminant Analysis 

(Predefined Grading) 

 
     

Features 
Wilks' 

Lambda F Sig. 

Tot_mark 0.202 363.081 0 

DT1_CA 0.984 1.469 0.223 

DT2_CA 0.988 1.141 0.333 

DT3_CA 0.935 6.415 0 

DT4_CA 0.941 5.754 0.001 

DT5_CA 0.971 2.757 0.043 

DT1_WA 0.989 1.054 0.369 

DT2_WA 0.972 2.681 0.047 

DT3_WA 0.936 6.303 0 

DT4_WA 0.916 8.381 0 

DT5_WA 0.993 0.621 0.602 

SSLC % 0.953 4.495 0.004 

HSC % 0.972 2.631 0.05 

 

From Table 4,  it can be observed that DT1_CA, DT2_CA, DT1_WA, DT5_WA features are 

having higher significance value and does not contribute much for overall the performance 

evaluation of the system. It is obvious that Tot_mark is having lowest Wilk’s lambda value and 

higher F-measure which contributes much to the overall grading. It can be observed that 

DT3_mark is second most important feature based on F-measure and Wilk’s lambda value. Thus, 

it justifies that, most of the students have answered the tests with more number of questions in 

DT3. 80.7% accuracy was obtained when the students were classified into 4 categories. 

Multivariate ANOVA discriminant analysis of the system is performed and shown in Table 5.  
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The grading system for various predefined grades O, A, B, C. From Table 5, it can be noted that 

only 66% of ‘O’ grade students are correctly classified, 90.1% of the students are correctly 

classified as Grade ‘A’. Similarly, only 79.2% of the students are correctly classified as grade ‘B’ 

and 79% are correctly classified as grade ‘C’.  Overall performance of system using multivariate 

ANOVA is around 80.7%. This is due to the fact the system used predefined grading 

methodology and did not consider other factors like total time, DT etc. Thus, the predefined 

grading system may not be suitable for E-assessment, ITS etc., and therefore an adaptive grading 

system is needed to effectively evaluate the performance of the students. 

 

Table 5: Multivariate ANOVA Analysis for OABC grades 
 

Grade 

Predicted Group Membership 

Total O A B C 

O 33 17 0 0 50 

A 3 91 7 0 101 

B 0 15 61 1 77 

C 0 0 13 49 62 

 

5. PROPOSED ADAPTIVE E-ASSESSMENT GRADING MODEL 
 

The grades were reclassified into 3 categories (namely O, A’ & C). The grades A & B in the 

previous classification were combined together into a single grade A’ and discriminant analysis 

was carried out again. It was found that when adaptive grading methodology is followed (when 
grades were reclassified) it resulted in 89.3% accuracy. The Wilk’s lambda and F-measure for 

various features obtained using multivariate ANOVA discriminant analysis for OA’C grading is 

shown in Table 6. It can be observed that DT1_CA, DT2_CA, DT1_WA, DT5_WA, HSC does 

not contribute much for the grading as they have significance >0.05 and lower F-measure values 

and higher Wilk’s lambda measures. 
                 

                      Table 6: Performance Metrics for OA’C Grades 
 

Features 
Wilks' 

Lambda 
F Sig. 

Tot_mark 0.272 368.426 0 

DT1_CA 0.984 2.183 0.115 

DT2_CA 0.988 1.717 0.181 

DT3_CA 0.942 8.452 0 

DT4_CA 0.965 5.005 0.007 

DT5_CA 0.975 3.537 0.03 

DT1_WA 0.999 0.073 0.93 

DT2_WA 0.98 2.85 0.06 

DT3_WA 0.944 8.233 0 

DT4_WA 0.954 6.682 0.001 

DT5_WA 0.995 0.653 0.521 

SSLC % 0.98 2.886 0.058 

HSC % 0.988 1.668 0.191 
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Fig 6 shows the territorial map for various canonical discriminant functions, grouped by 3 

categories of grades. It can be observed that the grades are clustered effectively for grades OA’C 

compared to previous grouping of grades into 4 categories. 
 

The overall Wilk’s lambda and chi-square metrics obtained by two canonical discriminant 

functions based on multivariate ANOVA analysis is shown in Table 6. It is observed that 

canonical discriminant function 1 has lower Wilk’s lambda value of 0.215 compared to the 2nd 

discriminant function, which has Wilk’s lambda value of 0.865. Thus it shows that canonical 

discriminant function 1 is better that function 2 in grouping the grades into 3 categories. 

 
 

 
 

Figure 6: Canonical Discriminant Function Group Centroids For OA’C Grading 

 

Table 6:  Overall Wilk’s Lambda and Chi-square for CDFs 

 

Test of 

Function(s) 

Wilks' 

Lambda 

Chi-

square df Sig. 

1 through 2 0.215 411.635 36 0 

2 0.865 38.836 17 0.002 

 
The predicted grades based on multivariate ANOVA discriminant analysis for OA’C grade 

categories are shown in Table 7. It can be observed that the number of misclassified instances is 

very less compared previous grading of 4 categories. 

 

Table 7: Predicted Adaptive Grades 

 

Grade_num 

Predicted Group 

Membership Total 

O A’ C 

O 33 17 0 50 

A’ 3 173 2 178 

C 0 9 53 62 

 

The procedure designed for adaptive grading factor is mainly based on several parameters as 

shown in equation (6) below:  

)[],[],[],[],, mtnFNnTNnFPnTP(G grading adaptive L
--------------------------  (6) 
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   where, GL is the grade level 

 

   nTP[] is the number of  True Positive 

                nFP[] is the number of  False Positive 

                nTN[] is the number of  True Negative 

                nFN[] is the number of  False Negative 

                mt is the misclassification threshold  

 

The experiment is done with various adaptive grading strategies and the numbers of misclassified, 

correctly classified instances are shown in Table 8 and Fig 7. 

 
Table 8 : Misclassified vs Correctly  Classified Instances 

 

Grades Correctly classified Misclassified  

OABC 224 55 

OA' C 249 30 

O'BC 243 36 

OAB' 227 52 
   

It can be noted that adaptive grading into OA’C has fewer misclassified instances compared to 

original grading into 4 categories. 

 

 
                                     

 

 

Figure 7: Adaptive Grades Correctly and Misclassified Instances 
 

Overall accuracy obtained using Multivariate ANOVA discriminant analysis for grading 

categories is shown in Table 9 and Fig 8. 
 

Table 9: Performance Evaluation 
 

Grading Accuracy 

OABC 80.3% 

OA' C 89.2% 

O'BC 87.1% 

OAB' 81.4% 
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    Figure 8: Performance Evaluation of Various Adaptive Grading Strategies 

 

6. CONCLUSION & FUTURE WORK 
 

E-Assessment is the latest technology to assess student performance. However, existing 

predefined grading methodology cannot be followed for E-Assessment as shown by the empirical 

data analysis. .Hence the proposed Adaptive E-Assessment Grading Model (AEAG) gives better 

performance analysis when compared to the existing predefined grading methodology.  As a 

future work, the data set can be analyzed using a fuzzy based adaptive grading methodology. 
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