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Abstract—Most of the educational institutes nowadays benefited from the 

hidden knowledge extracted from the datasets of their students, instructors and 

educational settings. The education system has gone through a paradigm shift 

from traditional system to smart learning environments and from teacher-centric 

system to context-aware any time anywhere student-centric approach. In this 

changing scenario, we have undertaken a study to investigate the results, grades 

and patterns of the students of North Lakhimpur College. The paper aims to 

evaluate the quality of learning on the basis of 19249 grades received from 758 

students in 511 courses, included in the curriculum of 3 study programmes. 

Keywords—Datasets, quality evaluation, data mining, student academic 

performance, educational data mining 

1 Introduction 

Educational Data Mining (EDM) is an emerging discipline, concerned with the ap-

plication of data mining, statistical methods and machine learning for exploring the 

distinctive and increasingly large-scale data produced from educational organizations 

to better understand students and educational settings. EDM techniques can be applied 
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to can get useful information which will help the educationalists to design or amend 

the formation of the courses. EDM is useful in many different areas including catego-

rizing at-risk students, priority learning needs for diverse cluster of students, increas-

ing graduation rates, efficaciously evaluating institutional performance, optimize 

curriculum renewal and maximize the use of campus resources [1]. By extracting 

(mining) valuable information from educational data that may have an effect on stu-

dents’ performance, we can achieve the highest level of quality in higher education 

system. Major goals of EDM are: 

1. Planning and Scheduling of courses as per student characteristics 

2. Constructing Courseware 

3. Predicting Student’s Performance 

4. Recommendations for Students 

5. Detecting Student Behaviour 

6. Providing Feedback for Supporting Instructors [2] 

Student’s academic performance depends on diverse factors like psychological, 

personal, demographics, educational background, academic advancement and other 

environment variables. These variables are often related in complicated nonlinear way 

and the interrelationships among these variables participated in complex and multi-

faceted academic performance is not clearly understood [3]. 

During the recent years, the extraction and analysis of data generated during the 

learning process has become increasingly important. Many education institutions 

worldwide have already used Learning Analytics to improve the quality of learning 

[4], student success and retention [5, 6, 7], and immediate feedback [8].  

The paper aims to evaluate the quality of learning in North Lakhimpur College on 

the basis of 19249 grades received from 758 students in 511 courses, included in the 

curriculum of 3 study programmes. 

2 Literature Review 

There are various scientific literatures to dig out the hidden patterns from the sea of 

data of the students from different educational organizations. The extracted 

knowledge may be utilized by the authorities of the institutes, academicians and edu-

cators for the betterment of the students and enhance the performance the learners and 

obviate the dropout of the students. There are an assortment of machine learning tools 

and data mining techniques employed to discover such knowledge.  

Learning Analytics combines approaches, methods and results from different sci-

entific fields such as intelligent data analysis and business intelligence, predictive 

modelling, etc. 

Krpan and Stankov [9] applied data mining technique for grouping students with 

similar characteristics for e-learning systems.  

Nagy et al. [10] in their research “Student Advisory Framework” utilizes classifica-

tion and clustering technique to build an intelligent system. This intelligent system 

can be used to decrease the high rate of academic failure among the students by 
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providing consultations to first year university student to pursue a certain education 

track. They have proved this by a real case study in Cairo Higher Institute for Engi-

neering, Computer Science and Management on the dataset collected from 

2000−2012. 

Ariouat et. al. [11] used two step based approach to improve educational process 

mining. In the first step they create clusters based on employability indicators and in 

the second step they obtained clusters using the AXOR algorithm. They have tested 

their result using ProM Framework and found that their model optimizes both perfor-

mance/stability and comprehensibility/size simultaneously. 

Ahuja et. al. [12] compared various clustering and classification algorithms by ap-

plying on the same dataset. They have highlighted different design challenges like 

goal and functionality, precision, and overheads when the data set is extremely large. 

They have also discussed graph-based clustering, centroid-based clustering, and vari-

ous supervised classification algorithms that can be applied to Educational Data min-

ing. 

Hussain et. al. [13] tried to find out the association rule on the dataset that con-

tained 666 instances with 11 attribute. They used data mining tools like Orange, Weka 

and R. Studio to study and compare various clustering and classification methods. It is 

believed that neural network performs well on big dataset but the authors found that 

neural network was the best classifier on the above dataset with 90.84% accuracy. 

The authors also found that PAM and K-means clustering performs better than hierar-

chical clustering. 

Educational data mining techniques can make a difference to an educational insti-

tution by discriminating the academically weak and at-risk students. The final grades 

of a student can be predicted using internal assessment marks. Hussain et al. [14] 

collected the internal assessment marks and final grades of three different colleges 

from Assam, India to devise a model for such prediction using deep learning method-

ologies. The sequential neural deep learning model with Adam optimization outper-

formed the Adaboost and Artificial Immune Recognition System v2.0 classifiers. The 

statistical parameters proved it efficacy.  

3 Dataset Description 

The Dataset was collected for the students of who took admission in three different 

programmes namely BA, BSc and BCA from the North Lakhimpur College of Assam, 

India. It contains 19249 grades received from 758 students in 511 courses. A student 

has to earn 120 credits during six semesters to complete these three programmes. 

There are 25% marks for Internal Assessment and 75% Marks for End-Semester Ex-

amination in each course during every semester in UG Programme.  
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Table 1.  The 10-point gradingsystem 

Grade Marking Percentage Grade Point 

A+ >= 95 10 

A >= 85 9 

B+ >= 75 8 

B >= 65 7 

C+ >= 55 6 

C >= 45 5 

D >= 40 4 

F < 40 0 

4 Data Visualization 

We had utilized data mining tools to visualize the data. The following figure (Fig. 

1) depicts the Multidimensional scaling (MDS) of the BSc course for ‘F’ grade stu-

dents. The frequencies of ‘F’ grade with occurrences among 25-30 are depicted in 

yellow color and larger sizes while the 0-5 in blue color and smaller size in the dia-

gram.  

 

Fig. 1. MDS of the BSc course for ‘F’ grade students.  

The Fig. 2 is the Sieve Diagram of two grades for the BCA course. It compares 

Grade A+ frequencies with the Grade F frequencies in a two-way contingency table 

for that course.  
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Fig. 2. Sieve Diagram of the BCA Programme 

Fig. 3 is the Mosaic Diagram of four grades viz. A+, A, B, B+ for the BA Pro-

gramme. In the diagram it compared graphically grades A+, A, B, B+ with each other.  

 

Fig. 3. Mosaic Diagram of the BA Programme for 4 grades 
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5 Experiments and Results 

The quality of the training in North Lakhimpur College, Assam, India (Autono-

mous) evaluated on the basis of grades received from the students in different courses. 

The quality of education is evaluated by two aspects - the feedback of teachers to 

students during the training and students’ success in subjects. 

5.1 Feedback during training 

The feedback of the teachers to the students during the training in each course is 

evaluated on the basis of an investigation of the relation between the intermediate and 

final grades of the students. For this purpose, statistical methods for t-test have been 

applied. The following null hypothesis was set for each course in which the interme-

diate assessment has been conducted (391 courses): 

Н0: Any differences in intermediate and final grades are due to chance. 

To accept or reject the null hypothesis, the values required for the t-test are calcu-

lated. According to this statistical method, the null hypothesis can be rejected when 

the calculated t-value>t-table value. The calculated t-value is greater than the t-table 

value at an alpha level of .05 for grades obtained in 93% of BA courses, 58% of BCA 

courses, and 78% of BSc courses. In all of these courses, the difference in intermedi-

ate and final grades is not due to chance. This difference is due to the measures taken 

by teachers to improve student success and timely feedback of teachers. Fig. 4 repre-

sents the difference between the calculated t-values and table-values for each subject.  

 

Fig. 4. Difference between table-values and calculated t-values 

Table 2 represents only the values for the first three courses from each study pro-

gramme, for which the difference in values is the largest. 
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Table 2.  Calculated t-valuesandtable-values 

Programme Course Calculated t-value Table t-value 

BCA CT-2-BCA-603 9.313186813 2.262157163 

BCA CT-4-BCA-501 15.51724138 2.262157163 

BCA CT-3-BCA-402 64.60580913 2.262157163 

BA YT-4-ASM-201 120.5543439 1.966049679 

BA YT-4-ASM-101 147.4014468 1.965882662 

BA YT-4-ENG-101 238.3096643 1.965179935 

BSc ET-3-CHE-401 47.51901 1.981372 

BSc ST-2-CSC-201 55.48712 1.969385 

BSc YT-4-ENG-101 149.3545 1.968565 

 

Table 3 presents the differences between students' intermediate and final grades in 

points for each study programme. Most students in all programmes increased their 

final grade with 10-20 points, and the lowest number of grades were increased by 50-

60 points. The timely intervention of teachers did not help to increase 228 grades of 

students in BA programme, 20 grades of students in BCA programme and 115 grades 

of students in BSc programme. 

Table 3.  Differenceof intermediate and final grades in points 

Programme <0 0-10 10-20 20-30 30-40 40-50 50-60 

BA 228 599 3798 3682 2037 420 13 

BCA 20 41 141 66 22 2 0 

BSc 115 428 1865 1727 1127 490 26 

 

For each course, the differences between the intermediate and final grades of each 

student were examined. Table 4 presents the data for the course CT-4-BCA-103 

PROGRAMMING AND PROBLEM SOLVING studied in the BCA program. During 

the intermediate assessment, all 16 students received low grades. The data from the 

table show that 8 students failed to complete the course successfully, although 6 of 

them significantly increased the number of points obtained in the final assessment, on 

the basis of which the final grade was calculated. The other 8 students have completed 

the course successfully, as 4 of them are increased their grades with two units (from F 

to C) and 4 with one unit (from F to D). 

Table 4.  Grades ofstudents in CT-4-BCA-103 course 

Student 1 2 3 4 5 6 7 8 9 10 11 13 14 15 16 17 

Intermediate 

Grade 

F F F F F F F F F F F F F F F F 

Final Grade C C F D C F F F D F D C D F F F 

5.2 Student performance 

The quality of courses in the three study programmes was evaluated on the basis of 

student performance. 
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The number of A +, A, B +, B, C +, C <D and F grades are calculated for each 

course. The analysis aims to check if there are courses in which most students have 

received high grades and courses in which most students have received poor grades. 

Table 5 presents a summary of the courses in the BCA program. 

Table 5.  Numberof grades in BCA courses 

Course A+ A B+ B C+ C D F 

CT-3-BCA-101 0 0 0 0 1 4 1 10 

CT-3-BCA-102 0 0 0 0 0 0 0 16 

CT-4-BCA-103 0 0 0 0 0 4 4 8 

CT-3-BCA-104 0 0 0 0 0 0 0 16 

CT-3-BCA-105 0 0 0 0 0 1 2 13 

CP-4-BCA-106 5 4 7 0 0 0 0 0 

CT-4-BCA-201 0 0 0 0 0 0 0 13 

CT-4-BCA-202 0 0 0 0 0 2 0 11 

CT-4-BCA-203 0 0 0 0 0 4 3 6 

CT-4-BCA-204 0 0 0 0 0 0 1 12 

CP-4-BCA-205 0 1 5 7 0 0 0 0 

CT-3-BCA-301 0 0 0 0 0 1 1 10 

CT-4-BCA-302 0 0 0 0 0 1 1 10 

CT-3-BCA-303 0 0 0 0 0 1 2 9 

CT-4-BCA-304 0 0 0 0 0 0 0 12 

CT-2-BCA-305 0 0 0 0 0 3 3 6 

CP-4-BCA-306 0 2 9 0 1 0 0 0 

CT-3-BCA-401 0 0 0 0 0 1 2 7 

YT-0-EVS-401 0 0 0 1 5 4 0 0 

CT-3-BCA-402 0 0 0 0 0 0 0 10 

CT-4-BCA-403 0 0 0 0 2 2 4 2 

CT-3-BCA-404 0 0 0 0 1 3 1 5 

CT-3-BCA-405 0 0 0 0 0 0 0 10 

CP-4-BCA-406 0 4 2 4 0 0 0 0 

CT-4-BCA-501 0 0 0 0 0 0 0 10 

CT-4-BCA-502 0 0 0 0 0 2 2 6 

CT-4-BCA-503 0 0 0 0 0 1 0 9 

CR-8-BCA-504 0 1 2 5 2 0 0 0 

CT-4-BCA-601 0 0 0 0 0 0 2 8 

CT-2-BCA-603 0 0 0 0 0 4 4 2 

CR-14-BCA-604 3 1 4 2 0 0 0 0 

 

The analysis shows that there are courses in which students have only low grades - 

CT-3-BCA-102, CT-3-BCA-104, CT-4-BCA-201, CT-4-BCA-304, CT-3-BCA-402, 

CT-3-BCA-405, CT-4-BCA-501. The results obtained give us a reason to claim that 

the quality of training in these courses is low and measures for its improvement 

should be taken. There are courses in which few students have passed the course with 

C +, C and D grades, some of which have been successfully completed by only one 

student - CT-4-BCA-204 (grade D), CT-4- BCA-503 (grade C). There are also a large 

number of courses in which over 50% of the students have received low grades, and 
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thegrades of passed students are C +, C and D - CT-3-BCA-101, CT-4-BCA-103, CT- 

4-BCA-202, CT-3-BCA-301, CT-4-BCA-302, CT-3-BCA-303, CT-2-BCA-305, CT-

3-BCA-401, CT-3- BCA-404, CT-4-BCA-502, CT-4-BCA-601. These results can be 

interpreted as a sign ofthe poor quality of teaching in these courses and the need to 

study the reasons for the poor results and to take measures to improve the students' 

performance. The results achieved in the other courses included in the study pro-

gramme are significantly better, such as these in courses CP-4-BCA-106, CP-4-BCA-

205, CP-4-BCA-306, CP-4-BCA -406, CR-14-BCA-604 in which all students re-

ceived high grades- A +, A, B + and B. Fig. 5 presents the percent of A+, A, B+, B, 

C+, C, D and F grades in each course in the study programme BCA. 

 

Fig. 5. Grades in BCA study programme 

No one student has successfully completed the YT-4-ENG-101, YT-4-ENG-201, 

ET-3-STS-101, ET-5-ANT-201 courses, which are 1.41% of all courses included in 

the syllabus of BA study programme. More than 80% of students did not successfully 

complete the training in the other 10 courses (3.52% of all courses). These results 

indicate that it is necessary for teachers to look for the reasons for the poor results and 

to take measures to improve the quality of training and students’ performance. The 

number of poor grades obtained is below 10%in 110 courses (38.73% of all courses), 

which is a sign of high performance of the students in these courses. Fig.6 presents 

the percent of A+, A, B+, B, C+, C, D and F grades in each course in the study pro-

gramme BA. 

 

Fig. 6. Grades in BA study programme 
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The results of the analyses show that students enrolled in BSc study programme 

have the highest performance. All students received F grade and did not complete 

only one course CT-3-ELE-301 (0.36% of all courses). More than 80% of the students 

did not successfully complete the training in the other 17 courses (6.25% of all cours-

es). These results indicate that it is necessary for teachers to look for the reasons for 

the poor results and to take measures to improve the quality of training and students’ 

performance. The number of F grades is below 10% in 125 courses (45.96% of all 

courses), which is a sign of high student achievement in these courses. Fig. 7 presents 

the percent of A+, A, B+, B, C+, C, D and F grades in each course in the study pro-

gramme BSc. 

 

Fig. 7. Grades in BSc study programme 

An in-depth analysis has been made to evaluate the quality of the courses accord-

ing to the students’ results. It aims to determine whether students have low grades 

only in certain courses or in all courses. Table 6 presents the number of grades A +, 

A, B +, B, C +, C, D and F received from each student in the courses included in the 

curriculum of the BCA programme. For example, student 001 has 13 low grades (F), 

18 grades in the interval from A + to D, 2 of which are A + and 1 A. This indicates 

that the quality of teaching in courses in which the student has F grades is probably 

not on a level. 

Table 6.  Numberof grades ofeachstudent in BCA programme 

Student A+ A B+ B C+ C D F 

001 2 1 3 0 3 7 2 13 

002 0 1 3 2 1 3 1 20 

003 0 0 1 1 0 0 0 9 

004 0 0 1 1 1 0 1 13 

005 0 2 2 2 1 6 5 13 

006 0 1 0 0 0 0 0 5 

007 2 2 2 1 2 5 3 14 

008 1 0 1 1 0 0 0 14 

009 0 1 2 3 0 3 4 18 

010 1 1 1 2 1 3 4 18 

011 0 0 4 1 1 1 1 23 

013 1 0 2 3 1 4 4 16 
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Student A+ A B+ B C+ C D F 

014 1 3 1 1 0 4 3 18 

015 0 1 4 1 1 2 5 17 

016 0 0 1 0 0 0 0 5 

017 0 0 1 0 0 0 0 5 

 

Fig.8 presents the percent of A+, A, B+, B, C+, C, D and F grades for each student. 

 

Fig. 8. Percent of grades of each student in BCA programme 

Table 7 presents the number of grades only for those students who have received 

high percentA + and A grades. The results of the analysis show that the quality of 

education in some courses is likely to be poor. For example, a student who has re-

ceived 33% high grades has not completed 13% of the courses. This indicates that 

there is a high probability of the quality of teaching in these courses is not on high 

level and that poor grades are not entirely due to the unpreparedness of the student. 

Table 7.  Percentof grades ofeachstudent in BA programme 

Student A+ A B+ B C+ C D F 

017 28% 3% 3% 9% 41% 16% 0% 0% 

023 20% 13% 0% 0% 17% 30% 7% 13% 

036 31% 0% 6% 16% 31% 13% 3% 0% 

054 31% 3% 3% 6% 28% 22% 6% 0% 

056 22% 3% 9% 3% 31% 28% 0% 3% 

062 23% 3% 6% 0% 10% 39% 6% 13% 

115 23% 7% 3% 3% 3% 7% 7% 47% 

235 25% 6% 0% 6% 6% 44% 3% 9% 

285 25% 6% 6% 0% 0% 25% 9% 28% 

348 18% 9% 12% 3% 6% 6% 6% 41% 

478 30% 7% 0% 0% 10% 27% 10% 17% 

 

Data for all students can be seen in Fig.9, which presents the percent of A+, A, B+, 

B, C+, C, D and F grades for each student. 

0%

100%

BCA - Student  Grades

%A+ %A %B+ %B

%C+ %C %D %F
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Fig. 9. Percent of grades of each student in BA programme 

Table 8 presents the number of grades only for those students who have a high per-

cent of high marks - A + and A. The results of the analysis show that the quality of 

teaching in some courses is likely to be poor. For example, a student who has 56% 

excellent grades (A+ and A) has not completed 22% of the courses. This indicates that 

there is a high probability the quality of teaching in these courses is not good and poor 

grades are not due to the lack of preparedness of the student in a full degree. On the 

other hand, some strong students do not have F grades in any of the courses (see Ta-

ble 8 and Fig. 10), which requires further analysis of the causes of the case described. 

Table 8.  Numberof grades ofeachstudent in BSc programme 

Student %A+ %A %B+ %B %C+ %C %D %F 

007 11% 37% 11% 26% 33% 33% 7% 0% 

013 44% 0% 4% 37% 26% 19% 0% 0% 

049 44% 15% 4% 22% 48% 19% 11% 4% 

051 52% 4% 19% 52% 26% 11% 4% 0% 

058 52% 4% 11% 52% 22% 22% 7% 0% 

100 33% 4% 7% 4% 4% 19% 15% 48% 

109 26% 7% 0% 7% 26% 26% 7% 33% 

118 41% 15% 7% 19% 30% 30% 7% 22% 

119 22% 11% 19% 11% 33% 33% 7% 33% 

136 30% 0% 7% 7% 4% 26% 11% 48% 

172 26% 11% 0% 22% 33% 26% 4% 37% 

192 33% 0% 11% 0% 19% 33% 4% 33% 

283 22% 11% 33% 11% 7% 15% 22% 52% 

319 0% 4% 15% 11% 7% 7% 7% 81% 

330 22% 19% 26% 7% 4% 19% 15% 59% 

0%

100%

BA- Student  Grades

%A+ %A %B+ %B

%C+ %C %D %F
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Fig. 10. Percent of grades of each student in BSc programme 

Hierarchical Clustering was performed on the three different Programmes datasets, 

viz. BA, BSc and BCA. The following figure depicts the dendrogram for the BCA 

course only. From the figure, it is clear that grading occurrences 9, 10, 12 form the 

highest clustering. Silhouette score of the clusters proves it efficiency. 

 

Fig. 11. Dendrogram of the BCA Programme 

6 Conclusion 

The quality of the training in North Lakhimpur College, Assam, India (Autono-

mous) was evaluated on the basis of 19249 grades received from 758 students in 511 

courses, included in the curriculum of three study programmes. The results from the 

evaluation of feedback of the teachers to the students during the training show that the 

final grades in 93% of BA courses, 58% of BCA courses, and 78% of BSc courses 

had been improved after measures taken by teachers to improve student success and 

their timely feedback. There are courses in which all students have low grades or few 

students have passed the course with C +, C and D grades. These results can be inter-

preted as a sign of the poor quality of teaching in these courses and the need to study 

the reasons for the poor results and to take measures to improve the students' perfor-

mance. An in-depth analysis which aims to determine whether students have low 

grades only in certain courses or in all courses.  

During the next study year, all analyses will be conducted again. The results will 

be compared with the current results. The result of the comparison will show if the 

taken measures are gave results and the quality of courses has been improved.  

0%

100%

BSc- Student  Grades

%A+ %A %B+ %B

%C+ %C %D %F
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