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Learning is an ongoing process irrespective of age, gender and geographical 

location of acquiring new understanding, knowledge, behaviours, skills, values, 

attitudes, and preferences. Formative assessment methods have emerged and 

evolved to integrate learning, evaluation and education models. Not only is it 

critical to understand a learner's skills and how to improve and enhance them, 

but we also need to consider what the learner is doing; we need to consider 

navigational patterns. The extended learning and assessment system, a paradigm 

for doing research, captures this entire view of learning and evaluation systems. 

The function of computational psychometrics is to facilitating the translation 

from raw data to meaningful concepts. In this research study, several factors are 

considered for psychometric analysis of different kinds of learners, and based on 

a motivational level, many interesting conclusions have been drawn and 

presented in the result section at the end of the paper. Deep learning model 

Ludwig Classifier used to calculate, motivational Level is obtained for 100 

number of epochs and it is found that the loss is decreasing and in other words, 

the accuracy of the machine goes on increasing. Each of the categories 

discussed here has new capabilities, or at the very least expansions of current 

ones. 
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1. Introduction 

Many aspects of classrooms or learning across the country would be known to our forefathers and 

mothers: in classroom learning, a teacher speaking to pupils seated in rows of neatly arranged 

desks; the instructor instructing from a planned lesson, and the learners carefully listening. Since 

the beginning of the previous century, this conventional learning system has remained virtually 

unchanged [1]. Learners are divided into classes, grades, and schools, among other hierarchical 

aggregations. Learners' education is thus predominantly catered to these groups as a one-size-fits-

all encounter rather than a personalized and adaptable experience [2]. "the future is already here, 

it's not very fairly spread," stated science-fiction novelist William Gibson. Gibson mainly refers to 

the idea that development is merely the expansion of what is unique to something universal and 

egalitarian in his comment [3]. Ludwig is a deep learning algorithm designed to take advantage of 

inheritance and code modularity. It was constructed at the level of abstraction mentioned above. 

Ludwig makes it simpler for practitioners to reuse, extend, and favour best practises in addition to 

creating deep learning models by only stating their data and tasks.  

Unlike the deep learning frameworks that are currently available, which abstract at the tensor 

operation or layer level, this type-based abstraction enables a higher level of interface. This is 

accomplished by offering abstract interfaces for every data type, enabling an extension by enabling 

the creation of any new implementation of the interface. Ludwig is based on the idea of a 

declarative model specification, which democratises deep learning models by making them 

accessible to a much larger audience (including non-programmers). 

http://dx.doi.org/10.36596/jcse.v3i2.529
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This may be stated of the current status of learning and evaluation systems. Recent advancements 

in computing technology have provided us with the means to actualize many previously unrealized 

inventive ideas [4]. Many of these ground-breaking concepts come from the fields of education, 

learning, and evaluation. Computation psychology is a new science that lies at the crossroads of 

several fields. Computational psychometrics is a term that refers to a combination of machine 

learning algorithms (ML) analytical methods with cutting-edge theoretical psychometric research 

[5]. Learners’ personality assessment researchers have been able to include these methods into the 

computational psychological assessment model because of advancements in machine learning and 

big analytics. The algorithmic psychological approach is currently being used in a variety of 

monitoring and assessment related studies, including cooperative problem-solving, the impact of 

interpersonal communications on mutuality in economic decisions, and having to learn as we 

define here [6], [7], using different parameters. Computational psychometrics investigates not just 

new models for new data types, such as complicated process data, and how such models may be 

used to integrate or connect various aspects of teaching, learning, and evaluation [8]. 

In the stages of learning or studying new skills or extending one's talents, learning and assessment 

are inextricably interwoven [9], [10]. While education and learning are the process through which a 

person acquires information or abilities, assessment is a method of observing a learner's 

performance and producing data to conclude what the learner has learned [11]. Effective 

assessment helps to learn by giving evidence (1) of learners attaining learning goals, (2) to inform 

teachers' decisions, and (3) to guide future instructions, to name a few examples. The learning 

system and the evaluation system may have fully autonomous relationships or be tightly related and 

linked in a feedback loop in which one system feeds information to the other [12], [13]. The 

Learning and Assessment System is the name given to this combined learning and assessment 

system (LAS) [14], [15]. 

Academic achievement and motivation are inextricably linked. It is as vital for educators to identify 

early age learners’ who lack academic interest as it is to identify those who have a high degree of 

academic motivation. This research aims to build relationships between expected learner academic 

motivation and their behaviour in the LMS course by looking to create a classification model that 

can predict learners’ engagement based on their behaviour in LMS courses. This study included 

learners from all ages their motivational level. Three classifiers have been used: artificial neural, 

decision forests, and svm classifiers. A t-test of the difference in proportions was employed to see 

whether there is a significant difference in model performance. Despite the fact that all classifiers 

were successful, the neural network model was shown to be the most effective in detecting 

learners’ engagement depending on their behaviour in the LMS program [16]. 

By the advancement of ICT then Big Data, a novel educational example consumes emerged, 

applying ways to successfully comprehend massive amounts of articles and fairy tales, among 

other things. Even within the   same occasion and topic, for example, fresh form kind trainings or 

pixie stories are flowing out of numerous periods and countries. This research studies suggests a 

wild having read method machine learning - based to determine the elemental composition of an 

important storey that have been handed down despite chronological and longitudinal differences 

that use the form of 72 similar traditional floors of the common fictions "Red Hat" that happen in 

Europe, Asia, Africa, and elsewhere. Toward accomplish, they use a R language tree and the 

caret package to conduct research and assess the issues based on the being of multiple forms in a 

choice tree. We established the reality of the unchangeable fundamental parts of conventional 

conversations, which are handed down to the restrictions of time and place, as well as the potential 

of a model that intuitively understands them, via the assessment of the analytical model. These 

latest results are intended to be secondhand as a novel instructive sector for ICT-based computer 

rational [17] 

The purpose of this education was to assess the present state-owned of the skill in the use of 

mechanism knowledge in the field of education. Because the number of educations was great, just a 

few of them were listed in the study's results as good representations. This education demonstrates 
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that here are several methods to gain from mechanism knowledge applications in the field of 

teaching. One of our aims, as indicated in the introductory section, was to try to categorise works in 

the subject of mechanism knowledge use in teaching. According to our poll, the papers assessed in 

category A investigate how mechanism knowledge can grade pupils by eliminating human biases 

A review of research in the B category revealed how machine-learning algorithms may assist 

schools or faculties in reaching out to students and getting them the aid, they need to be successful 

as soon as feasible. Many enrollment management methods rely on student retention. It has an 

impact on university positions, university standing, and monetary stability. Student holding has 

developed one of the greatest significant concerns for higher education choice creators, hence there 

are many researches in this area. Assessing research in the C category revealed that the capacity to 

anticipate student performance is the most significant benefit of machine learning (in terms of the 

number of studies in scientific databases). By "learning" about each learner, the system can spot 

flaws and propose strategies to recover. Rendering to our study, this is the most fascinating field of 

machine learning application for researchers. There have been many researches in this area in 

recent years, and several machine learning models have been developed to predict student 

performance on various characteristics. 

A review of papers in the D category revealed several examples for how machine learning may 

assist shift away from standardized testing. Machine learning-based evaluation gives instructors, 

students, and parents with continuous feedback on how the student learns, the help they require, 

and the progress they are making toward their learning goals. As previously discovered, research 

was conducted across numerous relevant databases; however, not all were involved, therefore this 

might be considered a study constraint. Furthermore, it is possible that some of the relevant 

research were overlooked by coincidence inside the future, we want to create our own machine 

learning model for recommending whether or not a potential student should enroll in College 

Academy algebra, Study of Software Business, founded on several characteristics. Because we 

have a large database with  a lot of info about scholars from prior years, we feel that this education 

will be useful in assisting our admissions office with the student enrolling process [18]. 

Overall effectiveness of innovation learning may be boosted by customizing the material and 

learning tools for each learner, hence maximizing the learning process. Developed in the present 

Elo-rating algorithm, this study presents a way for measuring content complexity and user 

knowledge competency. The generated ratings are then utilized in the training process to offer 

coding activities that attempt to match the user's existing expertise[19]. The proposed technique 

was tested in an object-oriented training program using a computer tutor platform. The findings 

indicated that the developed Elo-rating method was effective in proposing coding activities as a 

proof-of-concept for establishing adaptive and automated valuation of programming projects[20]. 

The aims of this work were to see if three models could be used to create an efficient 

categorization model for predicting learners’ engagement using college LMS syllabus data as input 

parameters, and to find the best procedure by evaluating the efficacy of the wonderful addition. The 

relationship among all potential variables, and then between possible predictors and the target 

variable, was examined before commencing the simulation model, culminating in a prediction 

decrease. Several algorithms were utilized to model the data, and all three yielded satisfactory 

results. The RBF neural network model surpassed the best models developed using the other two 

methodologies, according to the data[21]. This prototype had a classifier of 76.92 % and used 

metrics for assessing designs that had shown this model was able to identify all educators for a 

below degree of education motivation and had the greatest poor outcome of the two other tested 

models. It had a good positive predictive value but it wasn't the best among the models tested. At a 

5% significance level, no variation in efficiency was identified[22]. 

2. Method 

2.1. Computational Psychometrics 

Assessment, from a psychometric standpoint, entails inferring what a beginner understands and can 

do in the actual biosphere based on incomplete information experiential in a standardised 
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challenging environment. From the standpoint of knowledge analytics, valuation entails observing 

practical performance in cardinal knowledge surroundings to determine learner status with the goal 

of positively influencing the learning process. Although psychometrics and learning analytics have 

alike aims, such as determinative valuation, they use distinct methodologies and theories to achieve 

these goals[23]. This also as and integrates the learning analytics and the psychometric assessment 

approaches in order to pave the path for a more sophisticated knowledge of valuation. We will talk 

about how to demonstrate this novel way of assessing instructive ideas like thought, motivation, 

and interpretation understanding abilities, which may be handled using whichever an information 

method or a hypothesis approach. Finally, we demonstrate that completely new methods of 

evaluation may be found in the central area anywhere together fields are integrated into a new 

investigation known as 'Computational Psychometrics.' 

The starting point for investigating learning behaviour and consequences is one of the key contrasts 

between both professions[24]. While the psychometric sector normally takes a top-down strategy, 

beginning with theory and ending with data collecting, the learning analytics field takes a bottom-

up approach, beginning with data investigation and ending with potential higher-level results. The 

diagram below summarises and contrasts both techniques. 

 

Fig 1. Computational Psychometrics approach 

 

In a digitalized environment, education allows for the observation of real learning behaviour with 

fine-grained granularity. Next part, demonstrate what is required to make "computational 

psychometrics available for determinative valuation. Talk about how suggestion statistics and 

standardised psychological measurements may be utilised to shed light on the learner's 

knowledge, abilities, and traits while using digital learning environments in higher education[25]. 

The construction of a digital learning environment that delivers based on detailed helpful for 

feedback in the training process is a key initial step toward computer personality tests. As a result, 

the learning environment must assimilate and provision the separate learning procedure with 

specific knowledge doings rather than just serving as a content management system with lecture 

slides available for download[26]. 
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Fig 2. Multiple goal orientation prospective in digital learning 

2.2. Model Used 

This research studies various parameters like age, gender, and geographical area which is also 

represented by the different states where a person’s blog has been used to calculate the motivational 

level of learners’ while learning. The block diagram of the model used to calculate the motivational 

level is shown in Fig. 3. A detailed primary data has been collected based on questions given below 

and after considering them a motivational level is calculated[27], [28]. This motivational level 

further with the help of deep learning is realized as output by considering the effect of all 

mentioned parameters[29], [30]. The result obtained at the output is then feedback and stored into 

the database to increase the accuracy of the machine. 

 

Fig 3. Block Diagram of Methodology Used 

 

3. Results and Discussion 

Various questions used in the collection of primary data are given below and after the collection of 

More than 500 samples. After getting the various responses in the ranges from Strongly Agree (5), 

Agree (4), Neutral (3), Disagree (2) and Strongly disagree (1) are scored and based on data 

obtained from the learners a motivational level is calculated[31]. 

Table 1. Questioners used to collect data 

Questions Description 

1.1 Always feel motivated during learning 
Learners’ feel motivated and positive when 
they are learning 

1.2 Always spend maximum time learning 
Learners’ spend more time learning if topics 
are interesting 
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Strongly Agree Agree Neutral Disagree Strongly Disagree 

10% 
4% 

27% 

28% 

31% 

1.3 Can spend time for learning inspite of a 
hectic schedule 

Learners’ spend time learning if topics are 
interesting even if they are busy 

1.4 Must spend time for learning inspite of 
physical stress 

Learners’ spend time learning if topics are 
interesting even if they are tired 

1.5 Must spend time for learning inspite of Learners’ spend time learning if topics are 

emotional stress interesting even if they are mentally disturbed 

1.6 Always feel motivated in learning after 

praying or worshiping 

Learners’ feel motivated after praying or 

worship in learning if the topic is interesting 

and they concentrate more on learning 

 

3. Outcomes Based on Different Parameters 

Outcomes received on different parameters such as gender, age and geographical location of 

learners on the bases of questions mentioned in table 1. Overall 500+ responses received, on the 

based on different parameters mentioned above, further classification performed Fig shown in table 

2. 

Table 2. Different parameters and their responses 

No. Parameters 
Responses 

Received 

1 Motivational Level in Learners’ 527 

2 Motivational Level in Females Learners’ 232 

3 Motivational Level in Males Learners’ 295 

4 Motivational Level in Delhi & NCR Learners’ 356 

5 Motivational Level in Outside Delhi Learners’ 171 

6 Motivational Level in Learners’ (Age <=18 Years) 108 

7 Motivational Level in Learners’ (Age between 19 Years to 22 Years) 239 

8 Motivational Level in Learners’ (Age between 23 Years to 30 Years) 66 

9 Motivational Level in Learners’ (Age between 31 Years to 40 Years) 60 

10 Motivational Level in Learners’ (Age greater than 41 Years) 54 

 

Different types of charts mentioned below on the bases of table 2 data received. Various results 

after analysis are represented in the form of a Pie Chart in Fig 4. 

Fig 4. Pie Chart Representation for Calculating Motivational Level While Learning 

 

Inference from Fig 4: Almost 58% of learners agree that, while learning they feel motivated. 

Whereas 28% of learners are neutral, they may or may not be motivated while learning. It is almost 
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2. BETWEEN 19 - 22 YEARS 
Strongly Agree Agree Neutral Disagree Strongly Disagree 
 

4% 
10% 

22%
 

31% 

33% 

1. <= 18 YEARS 
Strongly Agree Agree Neutral Disagree Strongly Disagree 

 

4% 
11% 

30% 
 
 

29% 
 

 
26% 

1/2 of the agreed percentage. And almost 14% of learners disagree that they are not motivated or 

feel positive while learning. It is almost 1/4 of the agreed percentage. 
 

 

Fig 5. Pie Chart Representation for Calculating Motivational Level While Learning (Age <=18 

Years) 

 

Fig 6. Pie Chart Representation for Calculating Motivational Level While Learning (Age between 

19 Years to 22 Years) 
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4. BETWEEN 31 - 40 YEARS 
     Strongly Agree     Agree     Neutral     Disagree     Strongly Disagree 
 

8% 3% 

35% 

23% 
 
 
 
 

31% 

 
Fig 7. Pie Chart Representation for Calculating Motivational Level While Learning (Age between 

23 Years to 30 Years) 

Fig 8. Pie Chart Representation for Calculating Motivational Level While Learning (Age between 

31 Years to 40 Years) 

 

3. BETWEEN 23 - 30 YEARS 
      

Strongly Agree       Agree        Neutral        Disagree        Strongly Disagree 

 

14% 28% 

25% 

26% 
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Fig 9. Pie Chart Representation for Calculating Motivational Level While Learning (Age greater 

than 41 Years) 

  

Inference of above Fig from 5 to 9: In Age-wise above Pie charts, at the early age of learning 

motivational level is almost 56% of learners agree, 29% are neutral and 15% disagree. But as 

learners grow and gain experience agree-on percentage increases by 8% i.e. 64%, the neutral 

percentage is the same i.e. 28%, and disagree percentage decreases to half i.e. 8%. Below Fig 8 is 

a bar chart represents age wise with values. 

 

Fig 10. Motivational Level While Learning Considering different age groups 

 

5. >=41 YEARS 
Strongly Agree Agree Neutral Disagree Strongly Disagree 

 

7% 1% 

29% 
 

28% 
 
 
 

 
35% 
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Strongly Agree Agree Neutral Disagree Strongly Disagree 

10% 
4% 

28% 

27% 

31% 

 

Fig 11. Pie Chart Representation for Calculating Motivational Level While Learning (Delhi & 

NCR) 

 

Fig 12. Pie Chart Representation for Calculating Motivational Level While Learning (Outside Delhi 

& NCR) 

 

Inference of above Fig 10 and 12: In above geographical area wise Pie charts, motivational level 

is 2% more in outside Delhi & NCR i.e. 59%, as compare in Delhi & NCR i.e. 57%. Disagree 

percentage is exactly same that is 14%. But neutral percentage is 2% more in Delhi & NCR than 

outside. Below fig 13 is a bar chart represents age wise with values. 

 

 

Strongly Agree Agree Neutral Disagree Strongly Disagree 
 

4% 
10% 

26% 
 
 

29% 
 

31% 
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Fig 13. Motivational Level calculation considering geographical region 

 

Inference of above Fig 13: The motivational level is also considered based on the region. From the 

calculation of motivational level using geographical area wise the line plot is drawn. Agree 

percentage is 4 times more than disagree percentage irrespective of the area. 

 

Fig 14. Pie Chart Representation for Calculating Motivational Level While Learning (Female) 

 

 

Delhi & NCR VS Outside Delhi 

Motivation level (Entire) 

1200 

1000 

800 

600 

400 

200 

0 

851 
976 

559 

292 

653 

900 

628 

323 272 313 
211 
102 122 

85 
  37  

Strongly Agree Neutral Disagree Strongly 
Agree Disagree 
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Female Vs Male 

1200 
1000 

800 

600 

400 

200 

0 

851 
976 

900 

469 515 531 

382 461 369 

313 
183 

Strongly 
Agree 

Agree Neutral 

130 
Disagree 

122 
72 

50 

Strongly 
Disagree 

Motivation level (Entire) 

Motivation level (Male) 

Motivation level (Female) 

 

Fig 15. Pie Chart Representation for Calculating Motivational Level While Learning (Male) 

Inference of above Fig 14 and 15: In above gender wise Pie charts, motivational level is 4% more 

in females i.e. 60%, as compare in Males i.e. 56%. Disagree percentage is 1% less in female as 

compared to males. But neutral percentage is 3% more in males than females. 

 

Fig 16. Motivational Level calculation considering gender wise line chart 

 

MOTIVATION LEVEL (MALE) 

Strongly Agree Agree Neutral Disagree Strongly Disagree 

10% 
4% 

27% 

30% 

29% 
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Fig 17. Motivational Level calculation considering gender wise bar chart 

 

Inference of above fig 16 and 17: The motivational level is also considered based on the bases of 

gender wise. From the calculation of motivational level in males and females, the line plot is 

drawn shown in fig 14 and bar chart in fig 15 Agree percentage is 4 times more than disagree 

percentage irrespective of the genders. 

 

Thorough holistic learning and evaluation system in this study, as well as how the computational 

psychometrics paradigm incorporates all of these complicated components. Motivational level is 

based on the premise that developing learning, evaluation, and navigation together will improve 

learners’ chances of having a successful, complete educational and learning experience. 

7. ML Modelling 

Machine learning is an area of AI technology (AI) and computer programming that concentrates 

on using sophisticated algorithms to mimic the way humans learn, to steadily improve accuracy. 

Deep learning model Ludwig Classifier used to calculate, motivational Level is obtained for 100 

number of epochs and it is found that the loss is decreasing and in other words, the accuracy of the 

machine goes on increasing. A type-based abstraction is one of the fundamental components that 

characterize Ludwig. The following data types are supported by Ludwig at this time: binary, 

numerical (floating-point values), category (unique strings), set of categorical elements, bag of 

categorical elements, sequence of categorical elements, time series (sequence of numerical 

elements), text, image, audio (which can also be speech depending on the preprocessing parameters 

used), date, H3 (a geospatial indexing system), and vector (one dimensional tensor of numerical 

values). The type-based abstraction makes it easy to add new types. Calculate on the bases of 

following parameters such as age, educational status, gender, state etc. 

%%writefile config.yaml 

input_features: 

- 

Learner's age 

type: numerical 

- 

Learner’s Educational status 

type: numerical 

- 

Female Vs Male 

1200 
 

1000 
976 

851 
900 

800 
 

600 
461 469515531 

400 313 
382 369 

200 122 130 
183 

50 72 

0 

Motivation level Motivation level Motivation level 
(Entire) (Female) (Male) 
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Learner's Gender 

type: numerical 

- 

Learner’s state 

type: numerical 

- 

Learning experiences 

type: numerical 

- 

Learner's Highest Education / Learning state 

type: numerical 

 

output_feature: 

- 

name: Motivation Level 

type: numerical 

 

Various Headers in the dataset along with the questions are obtained by using df. Column as shown 

below. Pandas DataFrame is a two-dimensional tabulated data format with labelled axes that is the 

shape and possibly heterogeneous. Any data point within the dataframe or series can be accessed 

using the index, which functions like an address. Both rows and columns have indexes; rows' 

indexes are known as such, while columns' indexes are known as general column names. We 

frequently use dataframe columns in indexes, which is very easy to analyze. Below are the 

questions (or columns) which pass in index in both axis for calculation.  

df.columns 

 

Index(['Timestamp', 'Email Address', 'Learner's Age', 

'Learner's Educational Status', 'Learner's Gender', 'Learner's 

State',  

'Learning Experiences', 'Learner's Highest Education / Learning 

state',  

'1.1 Always feel motivated during learning',  

'1.2 Always spend maximum time for learning',  

'1.3 Can spend time for learning instead of hectic schedule',  

'1.4 Must spend time for learning instead of physical stress',  

'1.5 Must spend time for learning instead of emotional stress', 

'1.6 Always feel motivated in learning after praying or 

worshiping ']) dtype='object) 

 

y_columns = ['1.1 Always feel motivated during learning', 

'1.2 Always spend maximum time for learning',  

'1.3 Can spend time for learning instead of hectic schedule',  

'1.4 Must spend time for learning instead of physical stress',  

'1.5 Must spend time for learning instead of emotional stress',  

'1.6 Always feel motivated in learning after praying or worshiping']  

8. Ludwig Classifier 

Deep learning models have shown to be extremely effective in a wide range of machine learning 

tasks in vision, voice, and language over the previous decade. Ludwig is unusual in its capacity to 

assist non-experts to grasp deep learning while also enabling faster model improvement iteration 

cycles for professional machine learning developers and researchers. Experts and researchers may 

use Ludwig to simplify the prototype process and speed data processing, allowing them to focus 

on designing deep learning systems rather than data wrangling. The Following Learning Curve For 

calculating Motivational Level is obtained for 100 number of epochs and it is found that the loss is 

decreasing and in other words, the accuracy of the machine goes on increasing as shown in the Fig 

16. 
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Fig 18. Loss with Number of Epochs learning Curve 

After the complete execution of the above code, can view the result. The accuracy at the first and 

100th epochs are depicted below. Declarative learning in machine learning through Ludwig 

classifier was discussed. Ludwig, a set of tools based on deep learning. Because of the toolbox's 

flexibility, extensibility, and user-friendliness, both experts and novices can train deep learning 

models, use them to make predictions, and experiment with various architectures. We had a very 

straightforward use case for this toolbox through this paper. 

 

 

Fig 19. Result obtained using deep learning 

 

4. Conclusion 

Motivational level while learning measured using different parameters, such as gender, age and 

geographical location of learners. Motivational level in female is more as compared in males, 

similarly motivational level while learning depends on age, such as at the early age motivational 

level is high as we are in earning age, it slightly decreases but again increases as we grow older. 
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Similarly, motivational level in outside Delhi & NCR is high as compared within Delhi & NCR. 

Deep learning model Ludwig Classifier used to calculate, motivational Level is obtained for 100 

number of epochs and it is found that the loss is decreasing and in other words, the accuracy of the 

machine goes on increasing. Each of the categories discussed here has new capabilities, or at the 

very least expansions of current ones. Great progress has been made in the research and innovation 

of integrated monitoring and assessment systems, additional effort is required to refine the 

approaches, regularly assess them for fairness, efficacy, and validity, and scale them up. The 

objective is to be able to give quality educational materials and comments to all learners, regardless 

of ethnicity or geographic location. 

The creation of new forms of flexible study diagnosis models that are suited for learning, as well as 

the use of artificial intelligence (AI), machine learning and multimodal analytic techniques to 

improve these psychometric models. While psychometrics is a top-down and theory-driven area, 

machine learning is a lowest part data-driven study topic. Whereas psychometrics and cognitive 

analytics target similar goals, such as formative assessment, they are based on different approaches 

and ideas and are so far significantly divided. The integration of both research fields creates a new 

research topic called as 'computational psychometrics' at the junction of both professions. In the 

future years, computational psychometrics will be a major driving force in assessment research and 

practise. Computational psychometrics may be used in areas such as emotional, motivational, 

(meta) cognitive, collaborative, and psychomotor learning. By utilising multimodal electronic trace 

data, it offers up radically new evaluation avenues that might lead to a new input society with non-

invasive evaluation. 
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