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ABSTRACT 

Learning analytics is the interpretation of a wide range of data produced by and gathered on 

behalf of students in order to assess academic progress, predict future performance and spot 

potential issues. It emphasizes that institutions should undertake and understand data 

measurement and collection activities and focus on the analysis and reporting of the data. The 

information can be displayed via a dashboard which is a visual display of the most important 

information needed to achieve one or more objectives. Student achievement is the main agenda 

of any learning institution. The school administration has a responsibility to ensure students learn 

what they need to know depending on the course they are undertaking to prepare them for work. 

This requires access to a wide range of data and tools to continuously monitor student learning 

and performance. The need arises to manage and integrate data into a dashboard for effective 

decision making on matters concerning the student’s performance. Therefore, the aim of the 

study is to develop a learner analytics dashboard for predicting student performances: a case 

study of technical institutions. The objectives of the study are to: establish the current methods of 

predicting performance in technical institutions; determine the requirements for the dashboard 

system; design a learner analytics dashboard; implement the learner analytics dashboard system 

for use in technical institutions; test and validate the learner analytics dashboard. 
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1 Chapter One: Introduction 

According to Shahiri et.al (2015), student’s performance is an essential part in higher learning 

institutions. This is because one of the criteria for a high quality university is based on its 

excellent record of academic achievement. Final grades are used to evaluate student’s 

performance. They could be based on course structure, assessment mark, final exam score and 

also extracurricular activities.  The evaluation is important to maintain student’s performances 

and the effectiveness of learning process. By analyzing student’s performance, a strategic 

program can be well planned during their period of studies in an institution. 

According to Stapel et.al (2016), performance prediction is one cornerstone of a fully 

personalized learning environment and also an important component of the efforts to deliver 

quality education. Higher education institutes, for example, are striving to incorporate predictive 

elements into their educational processes to better support students. 

 

1.1. Learning Analytics  

According to Bienkowski & et.al (2012), learning analytics as defined by Johnson et al. (2011), 

is the interpretation of a wide range of data produced by and gathered on behalf of students in 

order to assess academic progress, predict future performance and spot potential issues. Data are 

collected from explicit student actions, such as completing assignments and taking exams, and 

from tacit actions, including online social interactions, extracurricular activities, posts on 

discussion forums, and other activities that are not directly assessed as part of the student’s 

educational progress. The goal is to enable teachers and schools to tailor educational 

opportunities to each student level of need and ability. Learning analytics emphasizes that 
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institutions should undertake and understand data measurement and collection activities and 

focus on the analysis and reporting of the data. It addresses application of known methods and 

models to answer important questions that affect student learning and organizational learning 

systems.  

In summary, learning analytics systems apply models to answer such questions as: When are 

students ready to move on to the next topic? ; When are students falling behind in a course?;  

When is a student at risk for not completing a course?;  What grade is a student likely to get 

without intervention?;  What is the best next course for a given student?;  Should a student be 

referred to a counselor for help?  

 

Learning analytics can be both descriptive and predictive. From a descriptive perspective, 

learning analytics can help us answer such questions as: “What happened?”, “Where was the 

problem?”, and “What actions are needed?”  Learning analytics can also help us to predict and 

prescribe by answering such questions as: “Why is this happening?” “What if these trends 

continue?”, “What will happen next?”, and “What is the best that can happen?” (Dietz-Uhler & 

Hurn, 2013) 

 

1.2. Benefits of Using Learning Analytics for Higher Education.  

At administrative level, learning analytics improve decision-making and informing resource 

allocation, highlighting an institution’s successes and challenges, and increasing organizational 

productivity. From the perspective of a faculty member, learning analytics can help faculty 

identify at-risk learners and provide interventions, transform pedagogical approaches, and help 
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students gain insight into their own learning. Having data at hand and knowing what to do with it 

can allow us to realize these benefits, (Dietz-Uhler & Hurn, 2013). 

 

1.2.1. Goals of Learning Analytics 

According to Dietz-Uhler & Hurn (2013), the following are some of the reasons for learning 

analytics: 

- Increased accountability in all levels of education. Educational institutions around the 

country are feeling increased pressure to account for what and how their students are 

learning.  

- Learning analytics provides one of many methods to not only document student 

performance but also to provide tools that encourage the types of continuous 

improvement that accrediting bodies are seeking. 

- Institutions of higher education are experiencing greater demands to retain students. 

Learning analytics can assist with this goal by providing a more personalized learning 

experience through the use of data to respond to students’ needs. These kinds of 

personalization will likely lead to greater success in the classroom.  

- Predicting learner performance can suggest to learners relevant learning resources, 

increased reflection and awareness on the part of the learner, detection of undesirable 

learning behaviors, and detecting affective states e.g., boredom, frustration of the learner. 

 

1.3. Business Intelligence  

According to Rouse (2015), Business intelligence (BI) is a technology-driven process for 

analyzing data and presenting actionable information to help corporate executives, business 
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managers and other end users make more informed business decisions. BI encompasses a variety 

of tools, applications and methodologies that enable organizations to collect data from internal 

systems and external sources, prepare it for analysis, develop and run queries against the data, 

and create reports, dashboards and data visualizations to make the analytical results available to 

corporate decision makers as well as operational workers. 

  

1.4.  Dashboards 

According to Few (2006), a dashboard is a visual display of the most important information 

needed to achieve one or more objectives; consolidated and arranged on a single screen so the 

information can be monitored at a glance. Just as the dashboard of a car provides critical 

information needed to operate the vehicle at a glance, a BI dashboard serves a similar purpose, 

whether you're using it to make strategic decisions for a huge corporation, run the daily 

operations of a team, or perform tasks that involve no one but yourself. The means is a 

single‐screen display, and the purpose is to efficiently monitor the information needed to achieve 

one's objectives. 

 

The information on a dashboard is presented visually, usually as a combination of text and 

graphics, but with an emphasis on graphics. Dashboards are highly graphical because graphical 

presentation often communicates with greater efficiency and richer meaning than text alone. 

Dashboards display the information needed to achieve specific objectives. To achieve even a 

single objective often requires access to a collection of information that is not otherwise related, 

often coming from diverse sources related to various business functions. It is not a specific type 

of information, but information of whatever type that is needed to do a job. It is not just 
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information that is needed by executives or even by managers; it can be information that is 

needed by anyone who has objectives to meet.  

 

Despite the fact that information about almost anything can be appropriately displayed in a 

dashboard, there is at least one characteristic that describes almost all the information found in 

dashboards: it is abbreviated in the form of summaries or exceptions. This is because you cannot 

monitor at a glance all the details needed to achieve your objectives. A dashboard must be able to 

quickly point out that something deserves your attention and might require action. It need not 

provide all the details necessary to take action, but if it does not, it ought to make it as easy and 

seamless as possible to get to that information. Getting there might involve shifting to a different 

display beyond the dashboard, using navigational methods such as drilling down. The dashboard 

does its primary job if it tells you with no more than a glance that you should act. It serves you 

superbly if it directly opens the door to any additional information that you need to take that 

action. 

 

Dashboards and visualization are cognitive tools that improve your "span of control" over a lot 

of business data. These tools help people visually identify trends, patterns and anomalies, reason 

about what they see and help guide them toward effective decisions. As such, these tools need to 

leverage people's visual capabilities. With the prevalence of scorecards, dashboards and other 

visualization tools now widely available for business users to review their data, the issue of 

visual information design is more important than ever.  
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1.5. Types of Dashboards 

According to Stanley (2011), there are three types of dashboards: 

Strategic dashboards provide managers and executives at all levels of the organization the 

information they need understand the health of the organization and help identify potential 

opportunities for expansion and improvement. Strategic dashboards do not provide all the 

detailed information needed to make complex decisions, but instead help executives 

identify opportunities for further analysis.  

 

Analytical dashboards provide users with the data they need to understand trends and why 

certain things are happening by making comparisons across time and multiple variables. 

Analytical dashboards often contain more information per square inch than both strategic and 

operational dashboards. Since understanding is the goal analytical dashboards can be more 

complex than strategic or operations dashboards. Also, while analytical dashboards 

should facilitate interactions with the data, including viewing the data in increasing detail, it is 

important to maintain the ability to compare data across time and multiple variables. If you lose 

the ability to compare data then an analytical dashboards is no longer able to accomplish the goal 

of allowing users to understand trends and why things are happening. 

 

Operational dashboards are used to monitor real time operations and alert the users 

to deviations for the norm. This often means that operational dashboards need to be updated 

frequently if not in real time, contain less information than analytical or strategic dashboards, and 

make it nearly impossible to avoid or misunderstand an alert when something deviates from the 
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acceptable standards.  Operational dashboards should provide users with specific alerts and 

provide them with exactly what information they need to quickly get operations back to normal. 

 

N/B: The dashboard being developed will be both analytical and operational as it addresses 

performance issues. 

  

1.6. Information Visualization 

Dashboards convey information through a process referred to as visualization. Information 

visualization refers to the “use of interactive visual representations of abstract, non physically 

based data to amplify cognition”. Information visualization is a visual user interface to 

information, the goal providing users with information insight (Velcu-Laitinen & Yigitbasioglu, 

2012). 

 

1.7. Technical Vocational Education and Training Authority 

Training in technical institutions is controlled by Technical and Vocational Education and 

Training Authority. According to tvetact_no29 of 2013, some of the functions of the authority 

are to: regulate and coordinate training under this Act; accredit and inspect programmes and 

courses; determine the national technical and vocational training objectives; promote access and 

relevance of training programmes within the framework of the overall national socio-economic 

development plans and policies; prescribe the minimum criteria for admission to training 

institutions and programmes in order to promote access, equity and gender parity; establish a 

training system which meets the needs of both the formal and informal sectors as provided under 

this Act; collect, examine and publish information relating to training; inspect, license, register 
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and accredit training institutions; undertake, or cause to be undertaken, regular monitoring, 

evaluation and inspection of training and institutions to ensure compliance with set standards and 

guidelines; among others. 

 

1.8. The Technical and Vocational Education and Training Act, 2013 

An Act of Parliament to provide for the establishment of a technical and vocational education 

and training system; to provide for the governance and management of institutions offering 

technical and vocational education and training; to provide for coordinated assessment, 

examination and certification; to institute a mechanism for promoting access and equity in 

training; to assure standards, quality and relevance; and for connected purposes 

(NationalCouncilforLawReporting, 2013). 

 

1.9. Levels of Technical and Vocational Education and Training  

Currently TVET in Kenya is offered at four levels namely:  

i. Artisan level in Youth Polytechnics and on-the-job training in the formal sector and 

informal sector (Jua Kali apprentices).  

ii. Craft level in Technical Training Institutes (TTIs) and Institutes of Technology (ITs).  

iii. Technician level in National Polytechnics (NPs) and a few selected TTIs and ITs.  

iv. Technologist in National Polytechnics and University.  

 

Examinations offered at these four levels are offered by the Kenya National Examination 

Council (KNEC). 
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1.10. Problem Statement 

Student achievement is the main agenda of any learning institution. The school administration 

has a responsibility to ensure students learn what they need to know depending on the course 

they are undertaking to prepare them for work. This requires access to a wide range of data and 

tools to continuously monitor student learning and performance. The administration needs to 

view a variety of indicators measuring student performance both internal and external factors to a 

students learning environment and have them presented in a way that can guide them in carrying 

out their management tasks. Therefore, a need arises to manage and integrate data into a 

dashboard for effective decision making on matters concerning the learners. This would be 

achieved by developing a learner analytics dashboard that can be used to predict students 

performances based on previous performances and give recommendations that would prompt for 

appropriate decisions to be made to improve on the performance. 

 

1.11.  Purpose of the Research 

The aim of the research is to develop a learner analytics dashboard for predicting student 

performances: a case study of technical institutions. 

 

1.12.   Specific Objectives 

The objectives of the study are to: 

i. To establish the current methods of predicting performance in technical institutions. 

ii. To determine the requirements for the dashboard system. 

iii. To design a learner analytics dashboard.  



10 
 

 
 

iv. To implement the learner analytics dashboard system for use in technical institutions. 

v. To test and validate the learner analytics dashboard. 

 

1.13.  Research Questions 

i. Describe the current methods of predicting performance in technical institutions? 

ii. What are the requirements needed for the dashboard system? 

iii. Describe how the learner analytics dashboard will be designed? 

iv. Describe how the learner analytics dashboard system will be implemented? 

v. How will the learner analytics dashboard be tested and validated? 

 

1.14.   Justification/Significance of the Research 

The dashboard will help identify unfavorable trends in student’s performance and effort will be 

put to improve on weak areas. It will aid in monitoring student’s performances to ascertain what 

is working well and where additional attention may be required. 

The dashboard will also help the lecturers in being able to assist their students academically. 

Depending on individual performances, they will be able to grade their students on the merit of 

performers, average performers and poor performers. They will then be able to advice and guide 

them accordingly. The teachers will also be able to reflect on the impact of their teaching method 

on the learning behavior and performance of their students, and draw first conclusions about the 

effectiveness of their teaching. 

The administration too will be able to monitor their students and based on courses, they can be 

able to tell which courses are doing well and those that are not. Working in hand with the 
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lecturers they will be able to know the right administrative measures to put in place like student 

recruitment policies, adjusting course planning and determining hiring needs. 

All technical institutions country wide will be able to use the system to predict their student 

performances. From analyzing the performances, the different institutions can come up together 

and incase they have any issues they can be able to consult with the examination body – KNEC.  

 

1.15.   Scope 

The area of study is not generalized to all technical institutions in the country. It will be limited 

to technical institutions in Nairobi.  

There are many national examining bodies in the country but the study will focus on examination 

results offered by one main national body – Kenya National Examination Council. 

There are a number of artificial intelligence systems used in predicting, but the study only 

employs artificial neural networks. The system is a learner analytics dashboard for predicting 

student performances based on neural networks to do the performance prediction: a case study of 

technical institutions. 
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2 Chapter Two: Literature Review 

This chapter focuses on the literature review relating to the research of learner analytic 

dashboards. The state of the art of literature related to learner analytics dashboards is discussed. 

The state of practice and technological advancement is also discussed and a critique of the 

related earlier works is highlighted. 

 

2.1.   State of the Art 

There have been a lot of studies related to prediction of student performances in higher learning 

institutions. Different tools have been used to predict student performance. Also different models 

have been used to describe the learning analytics process. 

 

2.2.   Learning Analytics Process 

According to Chatti et al. (2012), learning analytics process is often an iterative cycle and is 

generally carried out in three major steps:  

i. data collection and pre-processing,  

ii. analytics and action,  

iii. post- processing. 

 

Data collection and pre-processing:  

Educational data is the foundation of the learning analytics process. First collect data from 

various educational environments and systems. This helps in the successful discovery of useful 

patterns from the data. The data collected may be too large and/or involve many irrelevant 
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attributes, which call for data pre-processing. Data pre-processing allows transformation of the 

data into a suitable format that can be used as input for a particular learning analytic method.  

 

 

Analytics and action:  

Depending on the pre-processed data and the objective of the analytics exercise, different 

learning analytics techniques such as clustering, association mining rule, and social network 

analysis can be applied to explore the data in order to discover hidden patterns that can help to 

provide a more effective learning experience. The results of the mining process can be presented 

as a widget, which might be integrated in this case into a dashboard.  

 

The analytics step does not only include the analysis and visualization of information, but also 

actions on that information - teachers are supposed to be able to more quickly interpret the 

visualized information, reflect on the impact of their teaching method on the learning behavior 

and performance of their students, and draw first conclusions about the effectiveness of their 

teaching, i.e., consider if their goals have been reached. Taking actions is the primary aim of the 

whole analytics process. These actions include monitoring, analysis, prediction, intervention, 

assessment, adaptation, personalization, recommendation, and reflection.  

 

Post-processing:  

Post-processing involves compiling new data from additional data sources, refining the data set, 

determining new attributes required for the new iteration, identifying new indicators/metrics, 
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modifying the variables of analysis, or choosing a new analytics method. It is illustrated in the 

diagram below. 

 

 

 

 

 

 

 
 
 
 
Figure 2.2-1: Learning Analytics Process (Chatti et. al, 2012) 
 

2.3.   Learning Analytics Reference Model 

According to Chatti et al. (2012), the reference model for learning analytics is based on four 

dimensions and identifies various challenges and research opportunities in relation to each 

dimension. The four dimensions of the proposed reference model for learning analytics are:   

What? What kind of data does the system gather, manage, and use for the analysis?  

Who? Who is targeted by the analysis?  

Why? Why does the system analyze the collected data?  

How? How does the system perform the analysis of the collected data?   

Post - processing 
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pre- processing 

Analytics and 

action 

Learning 

analytics 
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The reference model is illustrated in the diagram below. 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 2.3-1: Learning Analytics Reference Model (Chatti et. al, 2012) 
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systems (LMS). LMS accumulate large logs of data of the students’ activities and interaction 

data, such as reading, writing, accessing and uploading learning material, taking tests, and 

sometimes have simple, built-in reporting tools. LMS are often used in formal learning settings 

to enhance traditional face-to-face teaching methods or to support distant learning. 

 

User-generated content, facilitated by ubiquitous technologies of production and cheap tools of 

creativity has led to a vast amount of data produced by learners across several learning 

environments and systems. With the growth of user-generated content, LA based on data from 

distributed sources is becoming increasingly important and popular. Open and distributed 

learning environments are well represented by the personal learning environment (PLE) concept. 

As learning tools and resources are increasingly moving into the cloud, the challenge is how to 

aggregate and integrate raw data from multiple, heterogeneous sources, often available in 

different formats, to create a useful educational data set that reflects the distributed activities of 

the learner; thus leading to more precise and solid LA results. 

 

Stakeholders (Who?) 

The application of LA can be oriented toward different stakeholders, including students, 

teachers, (intelligent) tutors/mentors, educational institutions (administrators and faculty decision 

makers), researchers, and system designers with different perspectives, goals, and expectations 

from the LA exercise.  

- Students will probably be interested in how analytics might improve their grades or help 

them build their personal learning environments.   
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- Teachers might be interested in how analytics can augment the effectiveness of their 

teaching practices or support them in adapting their teaching offerings to the needs of 

students.  

- Educational institutions can use analytics tools to support decision making, identify 

potential students “at risk”, improve student success (i.e. student retention and graduation 

rates) develop student recruitment policies, adjust course planning, determine hiring 

needs, or make financial decisions 

 

Objectives (Why?) 

Possible objectives of LA include monitoring, analysis, prediction, intervention, 

tutoring/mentoring, assessment, feedback, adaptation, personalization, recommendation, and 

reflection. 

- Monitoring and analysis: In monitoring the objectives are to track student activities and 

generate reports in order to support decision-making by the teacher or the educational 

institution. 

Monitoring is also related to instructional design and refers to the evaluation of the 

learning process by the teacher with the purpose of continuously improving the learning 

environment. Examining how students use a learning system and analyzing student 

accomplishments can help teachers detect patterns and make decision on the future 

design of the learning activity. 

-  Prediction and intervention: In prediction, the goal is to develop a model that attempts to 

predict learner knowledge and future performance, based on his or her current activities 

and accomplishments. The effective analysis and prediction of the learner performance 
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can support the teacher or the educational institution in intervention by suggesting actions 

that should be taken to help learners improve their performance. 

-  Tutoring and Mentoring: Tutoring is mainly concerned with helping students with their 

learning (assignments), often very domain-specific and limited to the context of a course. 

In tutoring processes the control is with the tutor and the focus is rather on the teaching 

process. In contrast, mentoring goes beyond tutoring and focuses on supporting the 

learner throughout the whole process – ideally throughout the whole life, but in reality 

limited to the time that both mentor and learner are part of the same organization. As part 

of this support, mentors provide guidance in career planning, supervise goal achievement, 

help preparing new challenges, etc. In mentoring processes the control lies rather with the 

learners and the focus is on the learning process. 

-  Assessment and feedback: The objective is to support the (self-)assessment of improved 

efficiency and effectiveness of the learning process. Important is also to get intelligent 

feedback to both students and teachers/mentors. Intelligent feedback provides interesting 

information generated based on data about the user's interests and the learning context. 

-  Adaptation: Adaptation is triggered by the teacher/tutoring system or the educational 

institution. The goal of LA here is to tell learners what to do next by adaptively 

organizing learning resources and instructional activities according to the needs of the 

individual learner. 

-  Personalization and recommendation: In personalization, LA is highly learner-centric, 

focusing on how to help learners decide on their own learning and continuously shape 

their PLEs to achieve their learning goals.  
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- Reflection: Analytics can be a valuable tool to promote reflection. Students and teachers 

can benefit from data compared within the same course, across classes, or even across 

institutions to draw conclusions and (self-) reflect on the effectiveness of their learning or 

teaching practice. 

Learning by reflection (or reflective learning) offers the chance of learning by returning 

to and evaluating past work and personal experiences in order to improve future 

experiences and promote continuous learning. 

 

The above mentioned various objectives in LA are sometimes difficult to measure and need a 

tailored set of performance indicators and metrics. Moreover, we need to define new metrics 

beyond grades and graduation rates in order to support different types of learning including self 

organized learning, network learning, informal learning, professional learning, and lifelong 

learning. The challenge is thus to define the right Objective / Indicator / Metric (OIM) triple 

before starting the LA exercise. 

 

Methods (How?) 

LA applies different techniques to detect interesting patterns hidden in educational data sets. 

Some of these techniques are: 

-  Statistics: Most existing learning management systems implement reporting tools that 

provide basic statistics of the students' interaction with the system. Examples of usage 

statistics include time online, total number of visits, number of visits per page, 

distribution of visits over time, frequency of student's postings/replies, percentage of 
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material read. These statistical tools often generate simple statistical operations such as 

average, mean, and standard deviation 

-  Data Mining (DM): Data mining, also called Knowledge Discovery in Databases (KDD), 

is defined as "the process of discovering useful patterns or knowledge from data sources, 

e.g.,  databases, texts, images, the Web".   

-  Social Network Analysis (SNA): As social networks become important to support 

networked learning, tools that enable to manage, visualize, and analyze these networks 

are gaining popularity. By representing a social network visually, interesting connections 

could be seen and explored in a user-friendly form.  

 

2.4.   Dashboard Theories 

According to Velcu-Laitinen & Yigitbasioglu (2012), dashboards draw on theories from a 

variety of disciplines including information systems, accounting, and cognitive psychology. 

They communicate complex data to the decision maker through a process called visualization. 

Visualization refers to interactive visual representations of abstract, non-physically based data to 

amplify cognition. The motivation for using visualization in dashboards can probably be best 

explained through:  

 

2.4.1   Cognitive Fit Theory 

Cognitive fit theory focuses on the fit between an individual’s decision-making skills, the 

information presentation format and the task at hand, providing useful guidelines with regard to 

the choice of presentation format to be applied. For example, graphs are well suited for spatial 
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tasks that involve forecasting and comparisons as well as for tasks that require multidimensional 

data analysis and pattern recognition. On the other hand, tabular information is more appropriate 

for symbolic tasks and for users who are more numerical like accountants and financial analysts. 

Cognitive fit theory postulates that decisions made under the fit condition are superior compared 

to the non-fit. Since tasks related to performance monitoring involve comparisons of a variety of 

measures (Key Performance Indicators), the presentation of information in graphical format is 

well justified. Nevertheless, because of the diversity of dashboard user’s knowledge, skills, and 

cognitive profiles, it is recommended that dashboards come with some level of flexibility in 

terms of drill down capabilities and presentation format flexibility (Velcu-Laitinen & 

Yigitbasioglu, 2012). 

 

2.4.2.   Task-technology Fit Theory 

It focuses on the fit between individual abilities, task requirements, and the functionality of the 

technology. For example, certain kinds of tasks that require information from different 

organizational units require technological functionality under the form of integrated databases 

throughout an organization. Thus dashboards need to be designed in the light of the tasks and 

users that it is required to support (Velcu-Laitinen & Yigitbasioglu, 2012). 

 

In the context of information systems research, technology refers to computer systems (such as 

hardware, software, and data) and user support services (such as training and help 

lines).  Technologies are viewed as tools used by individuals in carrying out their tasks.  Tasks 

are defined as “the actions carried out by individuals in turning inputs into outputs. In order for 

an information system to have a positive impact on individual performance the technology must 
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be utilized and there must be a good fit with the tasks the technology supports.  If either the task-

technology fit of the technology or its utilization is lacking, the technology will not improve 

performance (Irick, 2008). 

 

2.5.   Business Intelligence Technology  

According to Ranjan (2009), business intelligence provides organizational data in such a way 

that the organizational knowledge filters can easily associate with this data and turn it into 

information for the organization. Persons involved in business intelligence processes may use 

application software and other technologies to gather, store, analyze, and provide access to data, 

and present that data in a simple, useful manner. The software aids in Business performance 

management, and aims to help people make "better" business decisions by making accurate, 

current, and relevant information available to them when they need it. Some businesses use data 

warehouses because they are a logical collection of information gathered from various 

operational databases for the purpose of creating business intelligence.  

 

In order for BI system to work effectively there must be some technical constraints in place. BI 

technical requirements have to address the following issues: security and specified user access to 

the warehouse; data volume (capacity); how long data will be stored (data retention); and 

benchmark and performance targets  

 

People working in business intelligence have developed tools that ease the work, especially when 

the intelligence task involves gathering and analyzing large quantities of unstructured data. Each 
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vendor typically defines Business Intelligence their own way, and markets tools to do BI the way 

that they see it. BI often uses Key performance indicators (KPIs) to assess the present state of 

business and to prescribe a course of action. More and more organizations have started to make 

more data available more promptly.  

 

2.6.   Business Intelligence Framework 

According to Parker (2008), the following sections contain directions for how to create the 

Business Intelligence framework, from source data to finished dashboards and scorecards. The 

following diagram illustrates the major components of the framework, and the flow of data from 

source data to the finished dashboards. Data processes are numbered one through six in the 

diagram, with detailed descriptions to follow. 

 

 

 

 

 

 

 

 

Figure 2.6-1: Data flow diagram (Parker, 2008) 

 

Performance 

counters 

measure 

group 

State 

measure 

group 

Performance Point 

Dashboard Designer 

1 

2 

3 

4 

5 

6 

Dashboards 

Scorecards 

Analytic 

Reports 

Managed servers 

Operations Manager 
Operations 

Manager DW 

Operations 

Manager BI 



24 
 

 
 

1. System Center Operations Manager managed servers collect monitor state and performance 

counter data saved in the Operations Manager operational database.  

2. The Operations Manager data warehouse (Operations Manager DW) collects data from the 

operational database. Data is pre-aggregated and stored in tables architected to support 

production reporting requirements. 

3. Collect the Source Data - A small subset of data in the Operations Manager data warehouse is 

transformed and loaded into the Business Intelligence framework database (Operations Manager 

BI). This database contains the star schemas for the Analysis Services OLAP cubes. 

 4. Build OLAP Cubes - Analysis Services OLAP cubes are built and processed from data stored 

in the Operations Manager BI database.  

5. Put it All Together - Create Office Performance Point Server 2007 Dashboards, Scorecards, 

and Analytic Reports - Data from the OLAP cubes is used to populate Performance Point Server 

scorecards, dashboards, and analytic reports. These components are originally created using the 

Office Performance Point Server 2007 Dashboard Designer.  

6. Deploy Dashboards, Scorecards, and Analytic Reports in SharePoint - Scorecards, dashboards, 

and analytic reports are made available to the user community through SharePoint Server. Once 

the scorecards, dashboards, and analytic reports are initially created and deployed, they should 

not need to be deployed again – these components will be refreshed as new data becomes 

available in the OLAP cubes. 

 

2.7.   Artificial Intelligence (AI) in Predicting. 

According to Hall (2002), AI is defined as a computer-based analytical process that exhibits 

behavior and actions that are considered “intelligent” by human observers. Forecasting is the 
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process of estimating future events, and it is fundamental to all aspects of management. The 

goals of forecasting are to reduce uncertainty and to provide benchmarks for monitoring actual 

performance.  

  

2.8.   Methods/Tools Used for Predicting Student Performance 

In educational data mining method, predictive modeling is usually used in predicting student 

performance. In order to build the predictive modeling, there are several tasks used, which are 

classification, regression and categorization. The most popular task to predict student’s 

performance is classification. There are several algorithms under classification task that have 

been applied to predict student’s performance. Among the algorithms used are:  

 

2.8.1.   Decision Tree 

Decision Tree is one of a popular technique for prediction. A decision tree is a classifier 

expressed as a recursive partition of the instance space. The decision tree consists of nodes that 

form a rooted tree. All other nodes have exactly one incoming edge. A node with outgoing edges 

is called an internal or test node. All other nodes are called leaves (also known as terminal or 

decision nodes). In a decision tree, each internal node splits the instance space into two or more 

sub-spaces according to a certain discrete function of the input attributes values. In the simplest 

and most frequent case, each test considers a single attribute, such that the instance space is 

partitioned according to the attribute’s value, (Rokach & Maimon, 2005).  

According to Shahiri et.al (2015), most of researchers have used this technique because of its 

simplicity and comprehensibility to uncover small or large data structure and predict the value. 

The decision tree models are easily understood because of their reasoning process and can be 
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directly converted into set of IF-THEN rules. Examples of previous studies using Decision Tree 

method are predicting drop out features of student’s data for academic performance, predicting 

third semester performance of MCA students and also predicting the suitable career for a student 

through their behavioral patterns. The students performance evaluation is based on features 

extracted from logged data in an 

education web-based system. The examples of dataset are student’s final grades, final cumulative 

grade point average (CGPA) and marks obtained in particular courses.  

 

2.8.2.   Neural Network 

Neural network is another popular technique used in educational data mining. According to 

Haykin (2005), a neural network is a massively parallel distributed processor made up of simple 

processing units which has a natural propensity for storing experiential knowledge and making it 

available for use. It resembles the brain in two respects: knowledge is acquired by the network 

from its environment through a learning process; and inter neuron connection strengths known as 

synaptic weights are used to store the acquired knowledge. The purpose of learning process is to 

modify the synaptic weights of the network in an ordered way so as to be able to attain a desired 

design objective. 

According to Shahiri et.al (2015), the advantage of neural network is that it has the ability to 

detect all possible interactions between predictor’s variables. Neural network could also do a 

complete detection without having any doubt even in complex nonlinear relationship between 

dependent and independent variables. Therefore, neural network technique is selected as one of 

the best prediction method. 
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2.8.3.   Naive Bayes  

Naive Bayes algorithm is also an option for researchers to make a prediction. Naive Bayes is the 

simplest form of Bayesian network, in which all attributes are independent given the value of the 

class variable. This is called conditional independence. It is obvious that the conditional 

independence assumption is rarely true in most real-world applications. A straightforward 

approach to overcome the limitation of naive Bayes is to extend its structure to represent 

explicitly the dependencies among attributes, to extend its structure to represent explicitly the 

dependencies among attributes (Zhang, 2004). 

 

2.8.4.   K-Nearest Neighbor  

According to Sweeney (2016), the k-Nearest Neighbors (kNN) algorithm is a classic method for 

clustering samples based on similarity. These clustering’s can be used for regression in the 

following manner. First a pair wise distance metric is used to identify the k most similar 

neighbors among all dyads in the training set. The grade is then predicted using local 

interpolation of the targets associated with these neighbors. 

According to Shahiri et.al (2015), K-Nearest Neighbor gave the best performance with the good 

accuracy. As stated by Bigdoli et al. (2003), K-Nearest Neighbor method had taken less time to 

identify the student’s performance as a slow learner, average learner, good learner and excellent 

learner. K-Nearest Neighbor gives a good accuracy in estimating the detailed pattern for 

learner’s progression in tertiary education.  

2.8.5.   Support Vector Machine  

According to Shahiri et.al (2015), Support Vector Machine is a supervised learning method used 

for classification. Support Vector Machine is suited well in small datasets. Sembiring et al. 
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(2011) stated that Support Vector Machine has a good generalization ability and faster than other 

methods. Meanwhile, the study done by Gray et al (2014) demonstrated that Support Vector 

Machine method has acquired the highest prediction accuracy in identifying students at risk of 

failing.  

 

2.9.   Neural Network Architecture 

According to DTREG (2016), all neural networks have an input layer and an output layer, but the 

number of hidden layers may vary. When there is more than one hidden layer, the output from 

one hidden layer is fed into the next hidden layer and separate weights are applied to the sum 

going into each layer. 

 

Figure 2.9-1: Feed forward network (Roberts, 2000) 

 

According to Roberts (2000), in feed-forward networks, pairs of input and output values are fed 

into the network for many cycles, so that the network 'learns' the relationship between the input 

and output. 
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2.10.   State of Practice – Case Studies 

There have been a number of systems developed to predict student’s performance. This are: 

2.10.1.   Learning Online Network with Computer-Assisted Personalized Approach 

(L O N - C A P A ) 

According to Minaei-Bidgoli et.al (2003), two large databases have been developed in 

LON-CAPA. The first contains educational resources such as web pages,  demonstrations,  

simulations,  and  individualized problems  designed  for  use  on  homework  

assignments the  Learning  Online  Network  with Computer-Assisted  Personalized  

Approach (LO N-CA PA) quizzes, and examinations. As more instructors develop 

educational materials for their courses to use with the LON- CAPA system, the content of this 

database grows. 

The second database contains information about student users of LON-CAPA.   This database 

stores a wide range of variables including when, for how long,  and  how  many  times  

they  access  each  resource,  the number of correct responses they give on assigned 

problems, their pattern of correct  and  incorrect  responses,  and  so on.  

 

2.10.2.   SQL-Tutor Intelligent Tutoring system  

An intelligent problem-selection agent, which identifies the appropriate problem for a student in 

two stages. It firstly predicts the number of errors the student will make on a set of problems, and 

then in the second stage decides on a suitable problem for the student. In order to develop such 

an agent, a feed-forward, back propagation neural network was trained to predict the number of 

errors a student will make. The achieved prediction accuracy is high, showing that a neural 

network is capable of making such predictions, (Wang & Mitrovic, 2002).  



30 
 

 
 

 

2.10.3.   School-Level Performance Assessments Dashboard 

The principal in each school building has a lot to manage with regard to its many educators, 

administrators and health professionals, as each individual contributor will directly affect student 

performance outcomes. A school level-assessment dashboard will allow a principal to track 

teacher performance data from observations, certifications, years of experience, and parent 

surveys. Even more importantly, it will allow for an assessment at the school level into student 

behavior, demographics, discipline, and performance on standardized assessments from year to 

year. Commonly used at the school level, principal dashboards, will allow for school buildings 

within a district to be ranked against each other, which aids in quickly identifying low 

performing schools, and even drop-out factories. All of this data together can bring forth early 

indicators so principals and teachers can pinpoint struggling students and take action for 

improvement, (Tableau, 2016). 

 

2.10.4.   Student Insights for Teachers Dashboard 

Because teachers are the front line to keeping students on a trajectory toward graduation, it is 

crucial to empower them with all of the available student data. For teachers, need-to-know 

information goes beyond standardized tests scores, attendance and discipline. Student 

demographics, zip codes, social-emotional learning data and parent survey data, all have need-to-

know insights for combating poor performance. Teachers use a common assessment dashboard 

for each individual student in conjunction with a failing grades report to spot students in need of 

intervention. Using data from how students performed on tests in the past, teachers can help 

individuals set growth goals for improving scores and grades throughout the year. By including 
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predictions of student scores, teachers get detailed information about what is most actionable for 

curriculum and student improvement, (Tableau, 2016). 

 

2.10.5.   Grades, Questions, and Concerns Answered for Parents Dashboard 

Mounting evidence in data shows that when schools and teachers partner with parents, not only 

do students stay in school longer, they perform better too. So when parents step in to act as 

advocates for their children, schools want to support that behavior by giving them correct, 

actionable information. Using a dashboard as a student portfolio, teachers can share information 

directly with parents about individualized student progress. Further enhancing the parent-

teacher/administrator relationship, data visualizations can act as sounding boards for when 

parents have specific and immediate questions about grades or anything else related to their 

student’s success. 

 

2.10.6.   Infrastructure and Facilities Decision-Making Dashboard 

The path to student success has hidden obstacles in things like access to comfortable classrooms 

and up-to-date lab instruments. If students are not equipped with the appropriate materials, 

technologies and environments with which to learn, they are less likely to succeed. Data 

visualizations for facilities, operations and finances at educational institutions can shed light on 

how seemingly small decisions can have big negative or positive impacts. A technology asset 

dashboard is used to have a clear understanding of all of the assets at a particular campus, how 

old they are, and how they were acquired. From laptops and tablets to projectors and document 

cameras, principals and administrators use this dashboard to re-examine and prioritize 

technological needs each year. 
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2.11.   Critique of the Related Work 

According to Shahiri et.al (2015), several factors were used on decision trees, neural network, 

naïve bayes, K-Nearest Neighbor and Support Vector Machine to predict student’s performance. 

This included internal assessment, psychometric factors, external assessment, social network 

interaction, CGPA, student demographic and extra- curricular activities. Neural Network was 

seen to have the highest prediction accuracy by (98%) followed by Decision Tree by (91%). 

Next, Support Vector Machine and K-Nearest Neighbor gave the same accuracy, which is (83%). 

Lastly, the method that has lower prediction accuracy is Naive Bayes by (76%).  

The result on prediction accuracy is depending on the attributes or features that were used during 

the prediction process. Neural Network method gave the highest prediction accuracy because of 

the influence from main attributes. This is as illustrated in the figure below: 

 

Figure 2.11-1: Prediction accuracy grouped by algorithms since 2002 – 2015 (Shahiri et.al, 2015) 
 

This attributes are hybridization of two features, which are internal and external assessments. 

With the use of only one variable, which is external assessments, the accuracy is decreased by 

(1%). The third most used variable is internal assessments that gave the result of (81%) accuracy. 
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It shows that external assessment, which is the marks obtained in final examination, plays an 

important role in predicting student’s performance. While, significant variable that gave the least 

impact on student performance is psychometric factors with the accuracy of only (69%). The 

psychometric factors usually use qualitative data, so it is difficult for Neural Network algorithm 

to make a prediction instead of using quantitative data. However, Neural Network method still 

has less maximum error prediction. The maximum error of prediction is less than (10%). Another 

advantage of Neural Network is the ability to capture nonlinear relationships easily. It is also 

referred as adaptive system due to its ability to readily update the historical data like a human 

brain. So, the model always functions beyond the knowledge base. In addition, the strength of 

neural network is the ability to learn from a limited set of data. 

   



34 
 

 
 

 3. Chapter Three: Methodology 

How successful a research study is depends on the methodology used for the given study. There 

are different types of methodologies but the methodology chosen depends on the type of research 

under study. 

 

3.1.   Existing Methodologies 

Theoretical Methodology 

Theories are formulated to explain, predict, and understand phenomena and, in many cases, to 

challenge and extend existing knowledge within the limits of critical bounding assumptions. The 

theoretical framework is the structure that can hold or support a theory of a research study. The 

theoretical framework introduces and describes the theory that explains why the research 

problem under study exists, (Swanson & Chermack, 2013). 

 

Experimental Methodology 

According to McLeod (2012), an experiment is an investigation in which a hypothesis is 

scientifically tested. In an experiment, an independent variable (the cause) is manipulated and the 

dependent variable (the effect) is measured; any extraneous variables are controlled. An 

advantage is that experiments should be objective. There are three types of experiments: 



35 
 

 
 

o Laboratory / Controlled Experiments - This type of experiment is conducted in a well-

controlled environment – not necessarily a laboratory – and therefore accurate 

measurements are possible. The researcher decides where the experiment will take place, 

at what time, with which participants, in what circumstances and using a standardized 

procedure. Participants are randomly allocated to each independent variable group. 

o Field Experiments - Field experiments are done in the everyday (i.e. real life) 

environment of the participants. The experimenter still manipulates the independent 

variable, but in a real-life setting (so cannot really control extraneous variables). 

o Natural Experiments - Natural experiments are conducted in the everyday (i.e. real life) 

environment of the participants, but here the experimenter has no control over the IV as it 

occurs naturally in real life. 

 

Case Study Methodology 

Case study method enables a researcher to closely examine the data within a specific context. In 

most cases, a case study method selects a small geographical area or a very limited number of 

individuals as the subjects of study. Case studies, in their true essence, explore and investigate 

contemporary real-life phenomenon through detailed contextual analysis of a limited number of 

events or conditions, and their relationships, (Zainal, 2007). 

 

Evolutionary Prototyping Methodology 

Evolutionary prototyping is a software development method where the developer or development 

team first constructs a prototype. After receiving initial feedback from the customer, subsequent 
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prototypes are produced, each with additional functionality or improvements, until the final 

product emerges, (Sherrel, 2013). 

 

3.2.   Evaluation of the Methodologies 

From the different methodologies described above, the study will employ evolutionary 

prototyping methodology. A prototype of the prediction system will first be developed then 

enhanced to meet user needs.  It will be combined with case study methodology which will help 

define the scope of data collection. 

3.3.   Evolutionary Prototyping Methodology 

According to Sherrel (2013), evolutionary prototyping is a software development method where 

the developer or development team first constructs a prototype. After receiving initial feedback 

from the customer, subsequent prototypes are produced, each with additional functionality or 

improvements, until the final product emerges. Below is a diagram showing the stages of 

evolutionary prototyping. 
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Figure 3.3-1: Evolutionary prototyping model (Lenz & Moeller, 2008) 
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stored, identify factors affecting student’s performance and how they track student performance. 

The researcher also interacted with students to know about their academic performances. 

 

 

Requirements phase 

The researcher interacted with the administration, lecturers and students who constituted the 

target population for the study. From the entire population a sample size was determined using 

purposive sampling technique. The study employed semi structured interviews and record 

inspection as the main tools for collecting data.  

 

Record inspection was done on files in which students personal details and result slips are stored. 

The selection of these instruments was guided by the nature of data to be collected and goals of 

the study. The main aim was to gather data that would help in design and development of a 

dashboard for predicting student performance while ensuring user requirements are well met.  

 

Semi structured interviews were used to collect data related to the research questions. They were 

preferred because they allowed the respondents to talk in detail and in depth on the research 

topic. They also allowed the researcher/interviewer to probe the respondents more depending on 

the answers they gave. In this interview the researcher was the only interviewer. The 

interviewees included the administration, lecturers and students at the technical institutions. The 

interview guides are in appendices I, II and III. The researcher was able to give the respondents  

time and scope to talk about courses done in the institution, how student information is stored, 
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factors affecting students performance, how student performance is tracked and students 

academic performances. 

 

Design Phase 

It’s a phase that systematically gives a blue print of the system being developed, identifying 

modules and components, interfaces of the components and the data that goes through the 

system. The design specification was used in developing the prototype. The neural network was 

developed using Encog library. It was built as described in section 2.11. The neural network is 

based on the different courses as each course has different units being done. The neural networks   

have three layers – input, hidden and output layers. The code for the neural network is in 

appendix VII. 

An input interface was also developed to facilitate input data into the system. Output of the 

neural network is represented by the dashboard.  

 

Implementation phase – prototype release 

The design specification was discussed with the system users to check if it captured all the 

requirements of the system. A prototype was then developed through iterative refinements to 

ensure that a working system is delivered to the users. The refinements were based on the user’s 

review of the model prototype and modifications made from their feedback on expectations of 

the system.   
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Customer review and feedback 

The system was presented to the users at the institution to test if it was working to their 

satisfaction – can it be used to predict student performance given the input parameters. All their 

comments were noted and were used to enhance the system. 

 

Release 

Once the system was considered to have met all the requirements and was working as per the 

expectations it was released to the potential users. 

 

3.4.   Population and Sampling 

The target population was the administration, lecturers and students of technical institutions in 

Nairobi County. Cluster sampling was used in determining the sample groups to be interviewed. 

The sample size was then determined by purposive sampling technique (table 3:4-1). Thirteen 

administrators, sixty eight lecturers and two hundred and fifty five students were chosen and 

interviewed on academic issues that pertain to student’s performance. 
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Institution 

Administrators Lecturers Students 

Population Sample Population Sample Population Sample 

NYS Institute of 

Business Studies 

5 4 35 20 1000 80 

NYS Engineering 

School 

5 4 30 18 1200 50 

Kabete Technical 

Training Institute 

8 3 80 20 2500 85 

Railways Training 

Institute 

6 2 42 10 865 40 

TOTAL 24 13 187 68 5565 255 

Table 3:4-1: Population and sample 
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4 Chapter Four: Data and Requirements Analysis 

4.1. Introduction 

According to Dey (2005), data analysis is the process of resolving data into its constituent 

components, to reveal its characteristic elements and structure. It follows collection of 

information and precedes interpretation of that information. Requirement analysis aids in 

understanding what the user wants.  The system has been developed for use by the 

administration, teaching staff and students in technical institutions to aid in predicting student 

performance. 

 

4.2. Description of the Basic Data Set 

4.2.1. Data Source 

The data was obtained from technical institutions in Nairobi County. This was student’s module 

I, II and III result slips that depended on the course the student was undertaking.  

 

4.2.2. Dataset Understanding 

The results slips obtained for module I, II and III indicated grades ranging from distinction 1 to 

8. A sample of the result slip is as shown in appendix IV. The grading is as shown in the table 

below: 
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Grade Description 

1 Distinction 

2 Distinction 

3 Credit 

4 Credit 

5 Pass 

6 Pass 

7 Refer 

8 Fail 

X CRNM (Course not complete) 

Table 4.2-1: Grading for business exams 

 

4.3. Data Analysis and Results 

The results on the result slips were keyed in to Ms Excel from where they were fed into the 

system as .csv files. Sample data for two courses – Diploma ICT module III and craft supply 

chain management module I results are as shown in appendix V and VI respectively.. 

 

4.4. Requirement Specification 

According to Rouse (2007), a software requirements specification (SRS) is a comprehensive 

description of the intended purpose and environment for software under development. The SRS 

fully describes what the software will do and how it will be expected to perform. It addresses the 

‘what’ of the system.  

The following are the requirement for the developed system: 
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i. To identify factors/parameters that affect student performance. 

ii. To collect students examination data and relate it to parameters that affect 

individual performance. 

iii. To predict students performance using the performance dashboard. 

 

4.4.1. User Requirement Specification 

To identify user requirements, interviews and record inspection were used. The interview guides 

used are in Appendix I, II and III. They were used to gather data from administration, lecturers 

and students at technical institutions.  Face to face interviews were used so that they aid in 

getting data on procedures and operations, verify understanding of the system with the user, and 

validate different aspects of the proposed system and also to build user confidence in the new 

system. Record inspection was used to collect data on student’s results in KNEC examinations.  

 

4.4.2. Functional Requirements  

These requirements define functions of a given system or its components describing an activity 

or process that the system must perform.   

 To enter into the system the students data. 

 To predict students expected grades in the current module based on the previous module 

and give appropriate recommendations.  

 To graphically display output on a dashboard. 
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4.4.3. Non-functional Requirements 

According to Sommerville (2004), non-functional requirement specifies systems properties and 

constraints. 

The proposed system is required to meet non-functional requirements categorized as follows: 

1. Product requirements – They specify that the delivered product must behave in a particular 

way for instance:- 

 Performance – data throughput, speed and accuracy of the server processing student’s 

examinations data will be as fast as possible. Response time for client-side application 

requests for data will also be fastened.  

 Efficiency – error rates will be minimized as much as possible with high speeds of 

system operation. 

 Maintainability – the system will be made in such a way that repairs and new 

functionalities will be easily acceptable.  

 Reliability – the dashboard should run with minimal and/or no system outages. 

 Compatibility with the Windows operating system while the client-side application 

should be browser independent. 

 Other aspects that will be put into consideration include: extensibility, flexibility, 

usability and portability. It should be possible to add new features to the prediction 

system. The interface of the system should be easy to use.  
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4.4.4. Entity relationship diagram (ERD) 

According to Dennis et.al (2012), an entity relationship diagram (ERD) is a graphical 

representation which shows the information that is created, stored, and used by a business 

system. It shows the individual pieces of information in a system and how they are organized and 

related to each other that is logical relationship of entities so as to create a database. The 

following is the ERD for the system: 

 

Figure 4.21: Entity relationship diagram for the system 
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4.5. Conceptual Framework 

The following is the conceptual framework for the dashboard system. 

                                    

Prediction                                           Computer Administrator 

             

 

                             

                            Database 

 

 

Lecturers 

Figure 4.5-1: Conceptual framework 

 

Manipulate data on 
the database for 
prediction 

View analytics for 
decision making 

View predictions for 
student recommendations 

Input students examination 
marks data 
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5 Chapter Five: Implementation 

5.1.   Implementation Environment 

The system was implemented using the following tools:   

 Languages - Java Development Kit (JDK), Java Runtime Environment (JRE) and 

Netbeans. 

a. Java Development Kit (JDK) is a development environment that was used to build 

and compile applications using Java programming language. 

b. Java Runtime Environment (JRE) was installed in the user’s machine to run the 

application. It establishes a connection between popular browsers and the Java 

platform. 

c. Net beans IDE is a free and open source integrated development environment that 

was used to develop the project. 

d. Embedded Jetty server to avail the web server. 

 Libraries: 

a. Encog library is an advanced Artificial Intelligence framework that was used for 

building the neural network application. 

 MySQL database 

 Ms Excel – the students results were presented in Ms Excel.  
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5.2.   System Development 

A learner analytics dashboard for predicting student performances was accurately developed that 

predicted student performances. The user keys in student’s details – name, code, gender; course 

details – course code, name, department name; and module details – module, module units, 

results in each module. 

 

To view individual student performance, select the course the student is taking and select the 

individual student you want to view their performance. The student’s code, gender and name will 

be displayed. If a student is taking a diploma course, their results will be displayed for each unit 

in module one, two and three. If the student is taking a craft course, their results will be 

displayed for each unit in module one and two. The results are displayed as D1 and D2 for a 

distinction; C3 and C4 for a credit; P5 and P6 for a pass; R7 and R8 for a refer; and X for a unit 

not done. 

 

To view performance for the different courses done in the institution, select the course you want 

to view. The course code is displayed showing the total number of students in that course/class 

both male and female. Their performance is displayed using bar graphs and pie charts showing 

the number of students who scored what grade – distinction, credit, pass, refer, absent or 

referred. It also displays percentage score for each grade using pie charts. Percentage score of 

each grade is also shown using pie charts based on gender. 

 

To predict student performance, enter name of the student, select the course the student is taking. 

Select the module for which you want to do prediction. One will be promoted to enter the results 
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for the previous module.  Results will then be displayed for each unit, overall score and a 

probable recommendation for the student scoring that grade. 

5.3   Screen Shots 

 

Figure 5.3-1: Dashboard Interface 
 

 

Figure 5.3-2: Course performance details showing number of students for each grade in the given module 
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Figure 5.3-3: Course performance details showing percentage score of students for each grade in the given module 

 

 

Figure 5.3-4: Course performance details showing percentage score of students by gender for each grade in the given module 
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Figure 5.3-5: Individual student performance – module I 

 

 

Figure 5.3-6: Individual student performance – module II 
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Figure 5.3-7: Individual student performance – module III 

 

 

Figure 5.3-8: Prediction of student performance – key in details of student to predict performance for 
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Figure 5.3-9: Predict student performance – details of previous module 

 

 

Figure 5.3-10: Predicted results 
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Figure 5.3-21: Group prediction of an entire class 
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Figure 5.3-32: Continued group prediction 

 

 

5.4   System testing 

The types of testing done were unit, integration and acceptance testing. The system was tested 

using dummy and real data. This is illustrated using screen shots in appendix VII. 

 

Unit testing 

In unit testing the modules of the system were tested as they were developed. This was done in 

parallel with the coding process.  

 

 



57 
 

 
 

Integration testing 

Integration testing was also done where the different modules were combined and tested as a 

whole system. It was meant to uncover errors associated with interfacing.  

 

Acceptance testing 

Acceptance testing was done where the system was presented to the system users where they 

checked if all their system requirements and functionalities were met. The changes they 

recommended were implemented in the prototype until it was refined to their expectations. 

The areas addressed during acceptance testing were on: 

o Ease of using the system. The users said the system was easy to use as it did not require 

re training on the issue of using computers. The menus and screens were arranged in a 

logical way that was consistent too. The interface flowed well and command names were 

easy to understand too. 

o The errors that occurred were easy to recover from.  

o Duration it took to key in data and do prediction was within the expected range. The users 

were impressed that the time it took to key in data and do prediction was within the 

expectation. It didn’t take a long time.  
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6 Chapter Six: Discussion, Conclusion and Recommendation 

6.1.   Discussion 

The development of the learner analytics dashboard enable student performance to be predicted, 

probable recommendations for that performance are given and this ensures students can be able 

to foretell their results and this gives them room for improvement. The students can know the 

weak areas they should be able to improve on. The lecturers are also able to assist their students 

as they are able to track on their performances. They will now be able to grade their students on 

the merit of performers, average performers and poor performers; advice and guide them 

accordingly. The teachers will also be able to reflect on the impact of their teaching method on 

the learning behavior and performance of their students, and draw first conclusions about the 

effectiveness of their teaching. The administration will be able to know the right administrative 

measures to put in place like student recruitment policies, adjusting course planning and 

determining hiring needs. 

 

Some of the factors that have been identified to affect student performances can be both internal 

and external. Internal factors include: unfavorable  learning environment; poorly equipped 

libraries; lack of e-facilities in the library; method of lecture delivery; technology used in 

classrooms; class attendance; overcrowded lecture rooms  therefore students attend fewer 

sessions; exposure to practical work experience; conditions of lecture rooms; unavailability of 

recommended texts; late provision of reading/reference materials by lecturers; method of 

collating and accessing semester results; poor lecturer/student relationship; teacher student ratio 

where one teacher attends to many students; student learning style – actively/not actively 

engaged in the learning process; interruption of electricity supply; poor access to internet 
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facilities; incessant strike and closure of school; poor accommodation  (hostel) facilities and 

overcrowded exam time table. 

 

External factors include: extracurricular activities whereby some students give them a priority at 

the expense of academics; peer influence – positive/negative; family problems; work and 

financial – some students get employed while still learning so they are not able to balance 

between class work and job; social and other problems; gender and age differences; level of 

parental education – high chances are if parents are educated their children will achieve more 

academically and vice versa; and guidance from parents and lecturers. 

 

The learner analytics dashboard provides an interactive system that will help students; lecturers 

and administration make informed decisions as concern the student affairs. Depending on 

individual student performance, recommendations will be made depending on that performance 

which can then be looked in at detail to be able to assist the affected student. 

 

The system will take in students details and will then be able to display students performance 

details in modules I, II and III showing the results of each unit in the different modules. It will 

display performances for the different courses where bar charts and pie charts are used to display 

number of students in each course, results analysis by grade per module (pass, credit, distinction, 

refer or absent) and also the same analysis by gender. To predict a student’s performance, a user 

is promoted to key in details of the previous module which then generates results of current 

module and gives probable recommendation for that performance. 
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6.2.   Conclusion 

The study achieved its objectives as discussed below: 

6.2.1.   Objective one 

The following conclusion can be drawn to address the objective: to establish the current 

methods of predicting performance in technical institutions. 

Currently there is no system in place to predict student’s performance. The lecturers are only 

able to tell how a student would perform only if they are able to maintain their academic 

progress record that shows continuous assessment tests and end of term examination results. 

They would also tell a student’s performance based on class attendance and behavior in and out 

of the classroom. 

 

6.2.2.   Objective two 

The following conclusion can be drawn to address the objective: to determine the 

requirements for the dashboard system. 

The requirements needed for the development of the learner analytics dashboard include the 

student personal details like name, gender and student code/ admission number/index number; 

the different courses offered in the institution; different units done in the different courses 

offered in module I, II and III for diploma courses and module I and II for craft courses. 

Also required are the factors that affect student performances which include: unfavorable  

learning environment; poorly equipped libraries; lack of e-facilities in the library; method of 

lecture delivery; technology used in classrooms; class attendance; overcrowded lecture rooms  

therefore students attend fewer sessions; exposure to practical work experience; conditions of 

lecture rooms; unavailability of recommended texts; late provision of reading/reference materials 
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by lecturers; method of collating and accessing semester results; poor lecturer/student 

relationship; teacher student ratio where one teacher attends to many students; student learning 

style – actively/not actively engaged in the learning process; interruption of electricity supply; 

poor access to internet facilities; incessant strike and closure of school; poor accommodation  

(hostel) facilities and overcrowded exam time table; extracurricular activities whereby some 

students give them a priority at the expense of academics; peer influence – positive/negative; 

family problems; work and financial – some students get employed while still learning so they 

are not able to balance between class work and job; social and other problems; gender and age 

differences; level of parental education – high chances are if parents are educated their children 

will achieve more academically and vice versa; and guidance from parents and lecturers. 

 

6.2.3.   Objective three 

The following conclusion can be drawn to address the objective: to design a learner analytics 

dashboard. 

Input and output interfaces were designed and the system users agreed with them. 

 

6.2.4.   Objective four 

The following conclusion can be drawn to address the objective: to implement the learner 

analytics dashboard for use in technical institutions. 

A learner analytics dashboard that can predict student performances in technical institutions has 

been successfully developed. 
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6.2.5.   Objective five 

The following conclusion can be drawn to address the objective: to test and validate the 

learner analytics dashboard. 

The learner analytics dashboard was tested and validated using dummy and real data. This is 

illustrated as shown in appendix VII. 

 

6.3.   Recommendation 

The study recommends the system to be improved to run on a mobile platform. This would 

provide convenience of use as students, lecturers and administration are using smart phones. 
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Appendix I: Interview schedule for administration 

I. Opening 

a. (Establish rapport by shaking hands). My name is _____________ a student of KCA 

University. 

b. (Purpose of the interview) I would like to ask you some questions about the institution. 

c. (Motivation) I hope to use this information to design a dashboard system that can aid in 

predicting students performance. 

d. (Time Line) The interview should take about 10 minutes.  I hope you will respond to the 

questions within this time. 

e. (Transition):  

II Body 

Topic – Course details  

-  How many departments are there in the institutions? 

- What courses are offered in this departments? 

- Are they diploma, certificate or both? 

- What is the entry point of certificate/diploma course? 

- How long does it take to complete certificate/diploma course? 

- Which are the examining bodies for those examinations? 

- How are the students examination records maintained? 

 

III Closing 

a. (Summary)  
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b. (Maintain Rapport) I appreciate the time you took for this interview.  Is there anything else 

you think would be helpful for me to know so that I can successfully model the system? 

c. (Action to be taken) Would it be alright to call you later if I have any more questions or to 

clarify anything that would not be clear?  Thank you.   
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Appendix II: Interview schedule for lecturers  

I. Opening 

a. (Establish rapport by shaking hands). My name is _____________ a student of KCA 

University. 

b. (Purpose of the interview) I would like to ask you some questions about the institution. 

c. (Motivation) I hope to use this information to design a dashboard system that can aid in 

predicting students performance. 

d. (Time Line) The interview should take about 10 minutes.  I hope you will respond to the 

questions within this time. 

e. (Transition):  

II Body 

Topic – Student performance in exams  

-  Which department are you in? 

- What responsibility do you have in the department? 

- Which units are you handling? 

- What factors affects how individual students perform? 

- How often do you give out examinations to your students? 

- How do you give feedback to your students? 

- How do you maintain the examination records for the students? 

- What criteria do you use to rate your students? Does your rating work – how accurate is it? 

 

III Closing 

a. (Summary)  
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b. (Maintain Rapport) I appreciate the time you took for this interview.  Is there anything else 

you think would be helpful for me to know so that I can successfully model the system? 

c. (Action to be taken) Would it be alright to call you later if I have any more questions or to 

clarify anything that would not be clear?  Thank you.   

  



73 
 

 
 

Appendix III: Interview schedule for students 

I. Opening 

a. (Establish rapport by shaking hands). My name is _____________ a student of KCA 

University. 

b. (Purpose of the interview) I would like to ask you some questions about the institution. 

c. (Motivation) I hope to use this information to design a dashboard system that can aid in 

predicting students performance. 

d. (Time Line) The interview should take about 10 minutes.  I hope you will respond to the 

questions within this time. 

e. (Transition):  

II Body 

Topic – Student performance in exams  

-  What grade did you score in KCSE? 

- Which department are you in? 

- What course are you taking? 

- Which module are you in currently? 

- How has your performance been for the course work? 

- How was your performance in the module examination compared to the course work? 

- What factors can you attribute to your performance? 

- Do you always get feedback for any internal examinations done? 

- How do you maintain your results? 

III Closing 

a. (Summary)  
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b. (Maintain Rapport) I appreciate the time you took for this interview.  Is there anything else 

you think would be helpful for me to know so that I can successfully model the system? 

c. (Action to be taken) Would it be alright to call you later if I have any more questions or to 

clarify anything that would not be clear?  Thank you.   
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Appendix IV: Module Result Slips 
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Appendix V: Diploma ICT Module III Data
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Appendix VI: Craft Supply Chain Management Module I Data 
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Appendix VII: Dummy and Real Data used in System Testing 
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Appendix VII: Neural Network Code 

public class Network { 

 

    private String description; 

 

    public void setDescription(String description) { 

        this.description = description; 

    } 

 

    private final BasicNetwork network; 

    private final int inputCount, outputCount; 

    private final double input[][]; 

    private final double ideal_output[][]; 

 

    public Network(final int inputCount, final int outputCount, TrainingData trainingData) { 

        this.inputCount = inputCount; 

        this.outputCount = outputCount; 

        network = new BasicNetwork(); 

        input = trainingData.getInput(); 

        ideal_output = trainingData.getOutput(); 

    } 

 

    public void initialize() { 

        network.addLayer(new BasicLayer(new ActivationSigmoid(), true, inputCount)); 
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        network.addLayer(new BasicLayer(new ActivationSigmoid(), true, (inputCount > outputCount ? 

inputCount : outputCount) + 1)); 

        network.addLayer(new BasicLayer(new ActivationSigmoid(), true, outputCount)); 

        network.getStructure().finalizeStructure(); 

        network.reset(); 

        train(); 

    } 

 

    private void train() { 

        NeuralDataSet trainingSet = new BasicNeuralDataSet(input, ideal_output); 

        final Train train = new ResilientPropagation(network, trainingSet); 

        int epoch = 1; 

 

        do { 

 

            train.iteration(); 

            if (epoch % 100 == 0) { 

                System.out.println("Iteration #" + epoch + " Error:" + train.getError()); 

            } 

            epoch++; 

            if (train.getError() <= 0.0001) { 

                break; 

            } else if (epoch > 100000) { 

                break; 
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            } 

        } while (true); 

        double error = train.getError(); 

        train.finishTraining(); 

        System.out.println("Finished training '" + description + "' network with " + ideal_output.length + " 

records"); 

        System.out.println("System error: " + error); 

//        for (MLDataPair pair : trainingSet) { 

// 

//            final MLData output = network.compute(pair.getInput()); 

//            System.out.println(pair.getInput().getData(0) 

//                    + "," + pair.getInput().getData(1) 

//                    + ", actual=" + output.getData(0) 

//                    + ",ideal=" + pair.getIdeal().getData(0)); 

// 

//        } 

    } 

 

    public double[] predict(double[][] input) { 

        while (input[0].length < inputCount) { 

            input = append0_5ToArray(input); 

//            System.out.println("Making prediction for " + description + ". inputs " + input[0].length + " vs " + 

network.getInputCount()); 

        } 
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        System.out.println("Making prediction for " + description + ". Provided inputs " + input[0].length + " 

vs Expected inputs" + network.getInputCount()); 

         

        for (double[] pair : input) { 

            BasicNeuralData data = new BasicNeuralData(pair); 

            MLData output = network.compute(data); 

            return output.getData(); 

        } 

        return null; 

    } 

 

    private double[][] append0_5ToArray(double[][] input) { 

        double[] data = input[0]; 

        double[] required = new double[inputCount]; 

        for (int i = 0; i < inputCount; i++) { 

            if (i < data.length) { 

                required[i] = data[i]; 

            } else { 

                required[i] = 0.5; 

            } 

        } 

        return new double[][]{required}; 

    } 
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//    public double predict(double input1, double input2) { 

//        Double[] predict = predict(new double[][]{ 

//            {input1, input2} 

//        }); 

//        return predict[0]; 

//    } 

} 
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Appendix VIII. Code for Training the Neural Network 

public class Trainer { 

 

    private static Trainer instance; 

 

    public static Trainer getInstance() { 

        if (instance == null) { 

            instance = new Trainer(); 

        } 

        return instance; 

    } 

 

    private Map<Long, Map<Integer, Network>> networks = new HashMap<>(); 

 

    public void train() { 

        Map<Long, Course_Module> courseData = readData(); 

        for (Long id : courseData.keySet()) { 

            Course_Module courseModule = courseData.get(id); 

            for (int i = 1; i < courseModule.results.size(); i++) { 

                Double[][] inputs = courseModule.results.get(i); 

                Double[][] outputs = courseModule.results.get(i + 1); 

                if (inputs.length > outputs.length) { 

                    inputs = Arrays.copyOfRange(inputs, 0, outputs.length); 

                } else if (outputs.length > inputs.length) { 
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                    outputs = Arrays.copyOfRange(outputs, 0, inputs.length); 

                } 

                TrainingData td = new TrainingData(); 

                td.setInput(inputs); 

                td.setOutput(outputs); 

 

                final Network network = new Network(inputs[0].length, outputs[0].length, td); 

                Course course = ModelManager.getInstance().findOne(Course.class, courseModule.courseId); 

                network.setDescription(course.getName() + " Module " + i); 

                Map<Integer, Network> moduleNetwork = networks.get(courseModule.courseId); 

                if (moduleNetwork == null) { 

                    moduleNetwork = new HashMap<>(); 

                } 

                moduleNetwork.put(i, network); 

                networks.put(courseModule.courseId, moduleNetwork); 

                new Thread(new Runnable() { 

                    @Override 

                    public void run() { 

                        network.initialize(); 

                    } 

                }).start(); 

            } 

        } 

    } 
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    private Map<Long, Course_Module> readData() { 

 

        Query query = ModelManager.getInstance().getEntityManager().createQuery("SELECT d.course, 

d.module FROM ModuleUnit d GROUP BY d.course, d.module"); 

        List resultList = query.getResultList(); 

        Map<Long, Object> courses = new LinkedHashMap<>(); 

        Map<Long, Course_Module> courseResults = new HashMap<>(); 

        for (Object item : resultList) { 

            Object[] array = (Object[]) item; 

            Course c = (Course) array[0]; 

            Integer module = (Integer) array[1]; 

            Map<String, Object> p = new LinkedHashMap<>(); 

            p.put("module", module); 

            p.put("course", c); 

            List<CourseModuleResult> results = ModelManager.getInstance().findEntities("SELECT p FROM 

CourseModuleResult p WHERE p.module = :module AND p.course = :course ", p); 

            System.out.println(results.size() + " results found for " + c.getName() + " module " + module); 

            p.clear(); 

            p.put("results", results); 

            List<ModuleUnitResult> unitResults = ModelManager.getInstance().findEntities("SELECT p FROM 

ModuleUnitResult p WHERE p.courseModuleResult IN :results ORDER BY p.student, p.courseUnit", p); 

            System.out.println("\t" + unitResults.size() + " results found for the units "); 

            Map<Long, Map<Long, Double>> studentResults = new LinkedHashMap<>(); 
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            for (ModuleUnitResult unitResult : unitResults) { 

                Map<Long, Double> studentScores = studentResults.get(unitResult.getStudent().getId()); 

                if (studentScores == null) { 

                    studentScores = new LinkedHashMap<>(); 

                } 

                studentScores.put(unitResult.getCourseUnit().getId(), translateScore(unitResult.getResult())); 

                studentResults.put(unitResult.getStudent().getId(), studentScores); 

            } 

            System.out.println("\t" + studentResults.size() + " students found for the units "); 

            LinkedHashMap<Long, Integer> unitIndexes = new LinkedHashMap<>(); 

            //format data 

            List<Double[]> studentData = new LinkedList<>(); 

            for (long studentID : studentResults.keySet()) { 

                Map<Long, Double> unitScores = studentResults.get(studentID); 

                Collection<Double> values = unitScores.values(); 

                boolean include = true; 

                for (Double d : values) { 

                    if (d < 0d) { 

                        include = false; 

                        break; 

                    } 

                } 

                if (include) { 

                    Double[] scores = values.toArray(new Double[0]); 
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                    studentData.add(scores); 

                } 

            } 

            //save results 

            Course_Module courseModule = courseResults.get(c.getId()); 

            if (courseModule == null) { 

                courseModule = new Course_Module(); 

                courseModule.courseCode = c.getCode(); 

                courseModule.courseId = c.getId(); 

            } 

            courseModule.results.put(module, studentData.toArray(new Double[0][])); 

            courseResults.put(c.getId(), courseModule); 

            System.out.println("\t" + studentData.size() + " students with valid data found for the units "); 

 

        } 

//        ModelManager.getInstance().close(); 

        return courseResults; 

    } 

 

    public double[] predict(long course, int module, double[][] data) { 

        Map<Integer, Network> courseNetworks = networks.get(course); 

        Network moduleNetwork = courseNetworks.get(module); 

        double[] prediction = moduleNetwork.predict(data); 

        return prediction; 
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    } 

 

    public boolean hasNextModule(long course, int current) { 

        Map<Integer, Network> courseNetworks = networks.get(course); 

        Network moduleNetwork = courseNetworks.get(current + 1); 

        return moduleNetwork != null; 

    } 

 

    private Double translateScore(String result) { 

        if (result == null || !result.matches("(?i)[a-z]+[0-9]+")) { 

            //cannot be used to determine outcome 

            return -1d; 

        } 

        Pattern p = Pattern.compile("[0-9]+"); 

        Matcher matcher = p.matcher(result); 

        matcher.find(); 

        String group = matcher.group(); 

        Integer i = Integer.parseInt(group); 

        return 1d - ((double) i / 8d); 

    } 

 

    public static void main(String[] args) { 

        Trainer t = new Trainer(); 

        t.train(); 
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    } 

 

    private class Course_Module { 

 

        private long courseId; 

        private int courseCode; 

        private Map<Integer, Double[][]> results; 

 

        public Course_Module() { 

            this.results = new HashMap<>(); 

        } 

    } 

} 

 


