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Introduction 
Having a framework defining learning mechanisms and activities involved around the learning mechanism is significant to both students and educators. Learning models are these mechanisms, and they define different styles that individuals use to comprehend learnt items. Learning models are ideal ways in which individuals consume and comprehend new information. Since individuals bear different consumption methods, learning models cannot be underestimated due to their role for both educators and students, as students get to know the best method they use for information consumption and educators having to adjust to an overall style that involves different student styles. My paper thereby aims at looking into the effects of modelling on learning while exploiting peer-reviewed sources to expound on the significances that learning models offer. I will answer questions about how learning is affected through a model-based approach and cover all aspects of the subject for both students and educators. I will also look into essential information to be considered before coming up with a specific model.
Since the proper formulation of questions is fundamental in building strong research, my paper will exploit four criteria being population, context, outcome and intervention. The population is students, context will apply to different levels of learning, intervention exploiting the techniques, and outcome being characteristics looked into for the model. My proposed research questions are, therefore, what teachers modelled characteristics that students bore? What are attributes used in the prediction of student’s characteristics? What methods are used for characterizing students to predict alignment to a method of learning? Research databases in the study were sources from springer, digital online library, Wiley online library, science direct and IEEE Xplore.
Student characteristics for modelling
In adapting to a tutoring model, student modelling is fundamental to the tutoring system. Student characteristics are represented as each student has unique ones, and based on certain adaptations, the linkage is given or a recommendation. With underlying information, it is inarguable that student characteristics are an ingredient for constructing an adaptive learning system efficiently. Student characteristics are thereby divided into two, being static and dynamic. Static characteristics are those retrievable using methods such as interviewing and exploitation of questionnaires and dynamic characteristics, retrievable from analysis of learner behaviours during interaction with the system. Therefore, the challenge is the determination of dynamic student behaviour, as the characteristics are key components for the adaptation process as they represent needs and preferences. Widely modelled student characteristics include performance, cognitive factors, knowledge level, learning styles and emotional state. 
Analysis of student performance
Numerous information and methods can be used to measure performance. Classification methods may be applying for categorical outputs and regression for numeric outputs. Considering information exploited as input, we look into works dealing with a prediction problem on student performances, considering information type exploited as input. In works that exploited only student interaction with e-learning showed that activity frequencies, course item-specific frequencies, and activity order influence student performance, hence can be used in the determination of points for improvement. The use of student interaction with e-learning and demographic data was also a measure of performance used. Works that considered e-learning engagement, together with demographic and personal information, aimed at creating a neural model for student performance prediction. In the study, input variable contribution and output variable were examined. At risk students were also put into consideration, with prediction factors and recommendations on early intervention. Authors were tasked with determining the efficiency of active techniques exploited by educators in the learning process through the examination of distance learning. Using supervised algorithms, several experiments exploited six active learners. After analysis of the tests, the active student performed best. Academic and demographic information, built datasets including geographical, personal and social information, while another exploited the same, in addition to absences, school subjects and grades, for examination of academic data. Classification models were built based on Grade Boost Machine to identify causes of failure for students in school. A hybrid algorithm was proposed by authors combining clustering and classification techniques to evaluate student performances (Helal et al., 2018). The author applied different selection methods for variables, which was later used for building regression models that would assist in simulating the final grade. Social and personal information were factors that were considered in the ed, and the recommendations were predictors of first-year grades and what would otherwise bring improvement with suggestions on possible actions. A clustering algorithm was used in grouping students as smart, low performing and average. 
Learning styles
Learning styles are how students visualize, process, receive and understand information. Learning styles are essential for educational institutions since students may be easily provided with content fitting their preferences in the setting. Besides performance, learning styles are wide areas of research. Below are works on learning styles, considering data sources used to compile the information. One source uses questionnaires. Researchers asked students to fill questionnaires, and after analysis of responses, a prediction of a learning style could be made. Thirty-five university students were asked to fill in questionnaires, and the responses were later analyzed using quantitative techniques to find preferred learning styles among university students (Švarcová & Jelínková, 2016). In another, authors determined learning styles automatically using a framework founded upon cognitive skills. Proportions of memory, logical thinking, perception and concentration, were measured and thus determining the cognitive skill. For the success of that, the authors issued multiple-choice questions, and after determining cognitive skills based on the learner's best, they were mapped against the learning object. Finally, an inference technique was used to create a reinforcement model for best learning environments based on the learner's cognitive skills that are higher than the rest. 
Another method was the use of weblog files data. Instead of using questionnaires, some researchers preferred to analyze data obtained from web log files to automatically determine students' learning styles. An author used a decision tree algorithm that automatically classified students' learning styles concerning learning behaviours (Sheeba & Krishnan, 2019). Behaviours were derived from log files and were the input for classification by the decision tree. Based on Silverman and Felder learning style models, students' learning styles were automatically and accurately determined. Sequences on learner behaviour were extracted from web log files and aligned with the k-means algorithm grouped in sixteen clusters corresponding to Silverman and Felder styles of modelling. Results obtained were thereby used as a training dataset to create a prediction model for new learners' styles. 
Affective factors
Learners emotional state affect performance and the learning process. The effect can be negative or positive, with regards to learning and emotional state. Real settings such as classrooms may provide teachers with observable emotional state features, and they may adjust a reaction towards such students. Adaptive learning systems should, therefore, automatically detect the affective factors. In the literature review, emotional states are the affective factors, such as anxiety, boredom, concentration, anger, happiness, and confusion. Researchers have put different techniques to determine affective factors (Sand & Guddeti, 2017). Methods presented in this paper are two, one being consideration of facial expressions and expressed textual opinions. Facial expressions of learners were obtained from captures by web cameras during learning. Analysis of facial expressions then ran by Microsoft Emotion Recognition API. Other statistical methods were then used to examine emotions regarding gender, lecture hours, session information and computer location. Authors aimed at the analysis of affective factors majorly in the classroom environment. Affective states were afterwards divided into three, being neutral, boredom and engaged. 
Textual opinion was the second method, whereby authors looked into emotional states as being neutral, positive or negative, through text analysis. Sentiment analysis is tasked with the identification of opinions towards learning in the feedback system or online conversations. Authors analyzed large datasets from user reviews to identify learner and course-related levels for analysis of potential effects and learner satisfaction. In building predictive models geared to learner satisfaction comprehension, supervised machine learning and sentiment analysis were integrated. 
Student modelling techniques
Overlay modelling is amongst the techniques and is amongst the most common models of modelling. Overlay modelling is founded on describing differences between the tutor and the student behaviour and is found to be incomplete without incorrect knowledge. A student's knowledge is a subset of the tutor's knowledge—stereotypes modelling aims at a group of users bearing common characteristics. A set of conditions proves the stereotyping as it may be triggered if they are or not triggered if they are not. Stereotype modelling assists in solving initializing problems. 
Student modelling is fundamental to every individual in the academic sector, from tutors who need to know student needs to students who may need to learn their behaviours and adjust. Prediction of student performances, with regards to other factors such as previous academic performance, determination of the most effective learning style for students in different environments, teachers teaching style with regards to environments, and considering affective factors are key in the academic field. Numerous factors may lead to the study of learning models and are often surrounding each other. 
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