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Abstract – Adapting to new academic and social settings is a 
major problem for first-year students in university. This 
problem has become increasingly more pressing due to the 
increasing complexity of societal, spiritual, and economic shifts. 
When it comes to helping students adjust to college life and 
thrive academically and personally, no one does a better job 
than universities and colleges. Data preparation, PCA, and 
model training make up the three stages of this study's 
methodology. The feature selection process used min-max 
normalisation, and principal component analysis was used to 
lower the dimensionality of the input and output indicators. The 
suggested architecture combines CNNs for hierarchical feature 
extraction and LSTMs for collecting long-term dependencies in 
temporal data; both networks work in tandem to achieve this 
goal. At 203.64% MAE, 241.22% RMSE, and 1.78% MAPE, the 
CNN-LSTM model fared better than the alternatives. This 
research proves that the model is useful for assessing college 
students' actions. Finally, the study highlights how important it 
is to use advanced machine learning techniques to help students 
adjust and how teachers may play a bigger role in creating 
meaningful learning experiences. 

Keywords—Back Propagation Through Time (BPTT), 
Principal Component Analysis (PCA), Feedforward Neural 
Network (FFNN), Multi-Layer Neural Network (MLNN). 

I. INTRODUCTION 
The material on student-teacher in higher education is 

enough to leave anyone is wildered. Researchers asserting to 
be examining the same subject frequently employ distinct 
variables and methodologies, and the issues under inquiry are 
highly diverse. In comparison a typical engaged student doe’s 
care about their grades rarely shows up to class skips out on 
extracurricular and has minimal contact with teachers and 
students. In his groundbreaking work on higher education 
argued that teachers' examples of immediacy contribute to 
student conduct the quality of a higher education student's 
course experience was predicted by the immediacy of their 
instructors. There is some evidence that the level of student-
teacher contact in university classrooms affects the number of 
absence [1]. To compare the beliefs of the teachers and 
students the coded data was used in conjunction with a Degree 
of Similarity Scale. In order to determine how similar the 

instructors' and students' perspectives were researchers used a 
scale that was created specifically for this study to assess the 
quantity and intensity of educational ideas held by both groups. 
Teachers and students can be systematically ranked according 
to how similar their beliefs are using the Degree of Similarity 
Scale [2]. The scale ranges from very low to very low. After 
identifying the participants' educational views and 
determining the degree to which teachers' and students' beliefs 
were similar the study's quantitative data were scrutinized to 
confirm and strengthen the conclusions reached from the 
qualitative data analysis.  

 
Fig. 1. Tearchers and Students Network for Educational Practies amd 

Beliefs 

The results show that educational beliefs are connected to 
the actual ways in which both students and teachers approach 
learning and teaching, and the other way around.  These results 
also show how important it is to think about these connections 
while making lessons [3].  Figure 1 depicts this intricate web 
of ideas and behaviours held by both instructors and pupils. 
They tackle the topic of higher education instruction from the 
perspectives of both instructors and students. The fact that 
many different types of learning outcomes were taken into 
account helped with this [4]. Students' motivation and attitude 
towards the subject remain uncertain even though student-
activating instruction in a project-based learning setting seems 
to greatly enhance the acquisition of practical skills. When it 
comes to tests of new information in particular the allow us to 
make any definitive conclusions about the connection 
between active learning and better comprehension. The 
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importance of these interactions in college for both students 
and instructors has been highlighted by findings that link 
student-teacher connections to learning classroom 
management and student absenteeism. The need to reevaluate 
the conventional wisdom about student-teacher relationships 
which have been defined in terms of proximity or immediacy 
and evaluated in [5]. 

The subsequent structure of the paper is outlined as 
follows. Section 2 addressed pertinent research within our 
field of interest and included a summary of the higher 
education system. Section 3 presented the CNN-LSTM 
framework, which will execute the proposed technique. 
Section 4 presents the experimental data and a comparison of 
the approaches. Our conclusions and recommendations for 
future research are presented in section 5, the final section of 
this report. 

II. LITERATURE SURVEY 
The phenomenon of student-teacher relationships in 

university environments has often been analyzed through the 
concept of teacher immediacy defined as the extent to which 
the teacher signals of warmth friendliness and affection. In 
order to maximize the model's congruence with the input data 
DL approaches use multi-neuron architectures to carry out 
learning tasks with neurons connected to the data via a loss 
function that allows for weight updates [6]. In RL agents 
interact with their environment in a trial-and-error fashion to 
maximize cumulative rewards all without the need for labeled 
data. This framework allows for experience-based 
autonomous learning. Methods like policy search and 
approximating value functions are the backbone of RL. In 
order to better manage and develop data two tools that analyze 
and interpret data were created: AI and ML. Many industries 
including education have recognized the trend of integrating 
these processes into company as having the potential to 
revolutionize their operations [7]. Higher education 
institutions and online education can thus greatly benefit from 
the application of AI and ML. Explore the role DL as a 
mediator between student-centered teaching methods and the 
enhancement of students' theoretical and practical skills. It 
developed a competency-based assessment instrument for 
classrooms by DL combining exploratory confirmatory and 
reliability analyses [8]. Students' use of DL techniques and 
self-reported ability improvement were both positively 
predicted by student-centered teaching in large classes and DL 
mediated the relationship. With the development of ML 
methods some studies have evaluated learning system usage 
prediction models using a hybrid strategy that combines ML 
with more conventional SEM. Based on students' real-world 
tasks in information management one study by used their self-
reported data to predict their behavior in regard to educational 
mobile cloud computing [9].  

Through the integration of ML methods with a 
conventional SEM. Innovations in data science as a discipline, 
big data for large-scale analysis, and state-of-the-art methods 
and technologies such as AI, NN, DL and ML have paved the 
way for new approaches to quantitative knowledge production 
and decision-making complementing traditional statistical 
methods [10]. The goal of this study is to take a look at how 
different assessment and evaluation methods that leverage AI 
can improve educational outcomes. A major goal of this 
research was to compile a list of the most widely utilized AI 
and ML algorithms for enhancing students' academic 
performance. It compared FCN to its rivals using ANN, XG 

Boost, SVM, RF and DT as performance indicators. The FCN 
consistently produced better performance [11]. The results of 
the comparative analysis study can help school administrator’s 
principals and teachers better understand how to incorporate 
data into their practice develop less DL assessments that are 
still valid reliable and constructive and discover new ways to 
use assessment and feedback to Adaboost students' learning 
[12]. 

This research introduces an innovative DL architecture 
that integrates LSTM networks with CNNs to address the 
issues associated with Teachers and Students Activities. This 
approach applies a CNN preprocessing step to convert raw 
data into multidimensional inputs in an effort to improve 
LSTM's prediction performance. Datasets pertaining to 
students' academic performance proved that this hybrid model 
was effective, showing that it outperformed conventional 
prediction approaches and independent CNN and LSTM 
models.  

III. PROPOSED SYSTEM 
According to studies in education, creating a positive 

classroom climate for learning depends on students and 
teachers developing a strong relationship. Educators and 
politicians must scrutinise college classroom methods and 
rules regarding teaching and learning in university 
environments, considering the disparities in student outcomes. 
Colleges draw a varied student population and yield varying 
outcomes, underscoring the necessity for more dynamic 
pedagogical approaches in higher education.  

The collection has 480 student records and sixteen 
attributes. The features are categorised into three primary 
groups: Gender and nationality exemplify demographic 
characteristics. Characteristics of the learner's educational 
background, encompassing the present level of education, 
grade, and sector. Behavioural characteristics including hand- 

 
Fig. 2. Proposed Model Research Framework 
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raising in class, accessing resources, parental survey responses, 
and overall school satisfaction. The dataset was compiled 
during two academic terms, comprising 245 records from 
students in the first term and 235 records from the second. The 
dataset contains information on students' school attendance, 
categorised into two groups based on the number of days 
absent [13]. Of the learners, 289 have fewer than seven days 
of absence, whereas 191 have more than seven days of 
absence. 

Figure 2 shows the suggested system's research framework.  
Information Gathering, Data Pretreatment, Computing 
Method, and Dimensionality Reduction [14]. 

A. Data Preprocessing: 
Before training our DL models, which include prediction 

and classification models, this section details the data 
pretreatment methods that were carried out. There were three 
stages to the preprocessing step: A) Eliminating extreme 
values, and B) Scaling aspects that are thought to be indicative 
of the quality of the education that is being delivered. Python, 
gnuplot, and Microsoft Excel were utilised to do the 
preprocessing [15]. 

Most people could not have predicted the presence of 
outliers. If one item stands out from the others by a large 
margin, it call it an outlier. To find the really significant data 
points that should be removed from the dataset, outlier 
analysis is a necessary. The following sections detail our data 
pretreatment steps, which included analysing and removing 
outlier data. 

1) Outliers Removal: 
The lack of documentation for a formal absence from 

school means that kids are sometimes taking short breaks or 
completely dropping out. As a result, they narrowed our focus 
to students whose TTD was less than ten years and who had 
not skipped more than two consecutive semesters. About 2% 
of the whole dataset was comprised of the eliminated outliers. 

2) Scaling the Feature: 
range normalisation through feature scaling. Data 

normalisation is a prevalent operation in data processing, 
usually conducted during the data pretreatment phase. 
Features were rescaled to the [0, 1] interval as a result of using 
the min-max normalisation strategy. Equation (1) shows the 
formula that was used to normalise and scale all data values: 

                            ܸᇱ = ܸ (ܸ)ݔܽ݉(ܸ)݊݅݉− −݉݅݊(ܸ)                          (1) 

 
The normalised value is denoted by ܸᇱ, and ܸ represents 

the original data value. 

B. PCA: 
The inputs and outputs of higher education are so diverse 

that conventional business analysis tools, including 
production functions and ROI, are inadequate for studying 
input-output relationships. In order to demonstrate the 
association among the input-output aspects, this research will 
utilise multivariate analysis, namely PCA [16]. The 31 
federally-administered autonomous regions, provinces, and 
municipalities can have their efficiency input-output 
compared and studied using PCA, which reduces 
multidimensional variables to a small set of synthetic 

variables. There are four steps to extract the primary 
component:  

1) The Original Variable Standardize: 
Equation (2)  can be used to construct a data matrix ܸ , 

assuming there are ݏ samples and ݎ indicators: 

                                ܸ = ൥ ଵܸଵ ଵܸଶ … ଵܸ௥ଶܸଵ ଶܸଵ … ଶܸ௥௦ܸଵ ௦ܸଶ … ௦ܸ௥ ൩                     (2) 

 
To remove the negative effects of having different 

dimensions and orders of magnitude for each variable, all of 
the variables will be standardised. Equation (3)provides the 
formula for one method called Z-score that can be used for 
data standardisation:  

௠௟ݕ                                  = ൫ ௠ܸ௟ − ܸ௟൯ ௟ܰൗ                            (3) 
 
Following the transformation, ܸ௟ = ∑ ௠ܸ௟ ௦௠ୀଵ⁄ݏ the mean 

becomes zero and the variance becomes one. ௟ܰଶ =∑ ൫ ௠ܸ௟ − ܸ௟൯ଶ ݏ) − 1)ൗ௦௠ୀଵ  ݉ = 1,2, . . , ݏ ݈ =1,2, . .  Statistical Package for the Social Sciences allows for. ݋
the automatic completion of the transformation. 

2) The Covariance Matrix of Indicators and Data 
Evaluate: 

The covariance matrices for data and indicators can be 
computed using the subsequent formula.   In equation (4), the 
covariance matrix ܲ =    .௥×௥(௟௢݌)

௟௢݌                               = ݏ1 − 1 ෍ ௠௟௦ݕ
௠ୀଵ × ௠௢ݕ                      (4) 

 
In the formula, ݌௟௢  denotes the coefficient correlation 

between indicator ݈ and indicator ݋, where ݉ = 1,2, . . , ݏ ݈ =1,2, . . ,݋ ௠௠݌ ݏݑℎݐ = 1, ௟௢݌ = ௢௟݌ .  
C. Model Training: 

1) LSTM based RNN: 
A subset of RNNs known as LSTM models incorporate 

connections feedback into every neurone. Because RNNs take 
into account both the present neuron's weights and inputs as 
well as those of neurones that came before them, they are 
naturally well-suited to processing sequential data. However, 
LSTMs were developed because RNNs encounter major 
problems, like gradient explosion and vanishing issues, when 
processing long-term data that is sequential [17].  

By including techniques to selectively preserve or reject 
information, LSTMs are supposed to reduce the problem of 
gradients that vanish encountered by RNNs. The following 
components are used to characterise the computation forward 
process in an LSTM.                                 ܣ௤ = ℎ௚.ܣ௤ିଵ + ݉௤  ሚ௤                       (5)ܣ.

௤ܭ                             = ൫ܷ௞௤ߩ . ௤݂ିଵ − ܷ௞௩ . ௤ݒ + ݀௞൯          (6) 
                            ௤݂ = ௤ܭ . tan ݂൫ܣ௤൯                                      (7) 
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The current state cell value, the prior state cell value, and 
the update to the cell current state are denoted as ܣ௤  ሚ௤ , respectively. ℎ௤ , ݉௤ , and ݇௤  stand for theܣ ௤ିଵܽ݊݀ܣ,
input gate, forget gate, and output gate, respectively. 
Equations (5) to (7) are used to generate the output value ௤݂, 
with the necessary parameter settings, using the values of ܣሚ௤ 
and ܣ௤ . The BPTT technique updates all weight matrices 
depending on the discrepancy between the output values and 
the real values. 

2) Temporal CNN: 
Among the many types of deep learning neural networks, 

CNNs are now seeing the most widespread use in computer 
vision, particularly for teacher and student’s activities and 
classification tasks. Despite the large volume of raw data 
samples, CNN are able to quickly extract a valuable subset. 
After MLNN, CNNs evolved into FFNN. Parameter 
sharing and sparse interactions are two features that set 
CNN apart from more conventional MLNNs. 

Each output neurone has the ability to interact with every 
input neurone in traditional MLNNs since they use a fully 
linked technique to create neural networks between the input 
and output layers. The weight matrix would consist of ݅ ×  ݏ
parameters if there are ݅  input neurones and ݏ  output 
neurones.CNNs use ݋ ×  kernels convolutional to  ݋
drastically decrease the weight matrix's parameter count. Two 
attributes of CNNs enhance the efficiency of parameter 
optimisation during training; CNNs are capable of building 
deeper neural networks with additional hidden layers at 
equivalent computational expense.  

To analyse univariate data, Temporal CNN use specific 
1D convolutions. In contrast to conventional CNNs, which 
utilise convolutional kernels of size ݋ ×  temporal CNNs , ݋
utilise ݋ × 1  kernels. A dataset with ݅  -dimensional 
characteristics can be extracted from the initial univariate 
dataset via temporal convolution techniques. Consequently, 
temporal CNNs transform time series data from a univariate 
dataset into a multi-dimensional feature-extracted dataset 
using 1D convolution; consequently, LSTM prediction is 
more appropriately aligned with the enhanced multi-
dimensional feature data.  

3) The Framework Prediction for CNN-LSTM: 
The research presents a DNN that combines CNN and 

LSTM models to address dependency sequence and 
univariate data. Through the application of convolution, the 
CNN transforms input data from a univariate format into a 
multidimensional feature format, thereby extracting essential 
information during the preprocessing stage. During the 
subsequent phase, the restructured feature data are fed into 
LSTM units for forecasting.  

Figure 3 shows the architecture of the CNN-LSTM hybrid 
neural network model that is suggested in this article [18]. 

The input dataset undergoes preprocessing via a 
convolutional neural network comprising two hidden layers. 
Significantly, when the quantity of hidden layers surpasses 
five, conventional temporal CNNs generally incorporate 
pooling methods to mitigate overfitting. This article excludes 
pooling processes to optimise the retention of extracted 
feature information. 

In order to train and predict diseases, an LSTM neural 
network is created once the input data has been preprocessed. 

The LSTM neural network is augmented with a layer dropout 
to mitigate overfitting. To optimise the weights of all LSTM 

 
Fig. 3. The Proposed CNN-LSTM Model Structure 

units, the loss, defined as the discrepancy between the 
predicted and actual output values, is employed. The 
optimisation procedure employs the RMSprop gradient 
descent technique, frequently utilised for weight optimisation 
in DNNs.  

IV. RESULT AND DISCUSSION 
This study delineates some classroom innovations 

implemented by diverse college educators within the setting. 
According to Weimer's working theory, university and 
college classes are highly instructor-centered, which hinders 
students' ability to become independent, successful learners. 
She lays out the research and gives examples of several ways 
to build student-centered classrooms for each area. An 
expanding number of schools and institutions are providing 
online resources to assist educators in promoting student-
centered learning.  

 
Fig. 4. Confusion Matrix 
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Figure 4 provides a clear and succinct presentation of the 
model's performance on the train set.  In Figure 4, they can see 
the total number of correct, incorrect, false positive, and false 
negative predictions for each group. 

TABLE I.  PERFORMANCE COMPARISON (%) 

Model Variance ࡾ૛ MAE 
CNN 0.678 0.513 2.876 
CNN-
LSTM 0.618 0.567 1.114 

LSTM 0.714 0.471 2.543 
 

Table 1 shows the results of comparing the performance of 
different models that attempt to teacher and student Activity 
data. 

 
Fig. 5. Training and Testing Accuracy 

As shown in Figure 5, our CNN-LSTM approach achieves 
satisfactory accuracy.  With 100 epochs under our belts, they 
can confidently say that our training data yields an 
approximate accuracy of 97.21%. 

TABLE II.  THE MODEL PREDICTION VALUE(%) 

Model Prediction Value 
MAE RMSE MAPE 

CNN 227.32 284.63 2.56 
CNN-
LSTM 203.64 241.22 1.78 
LSTM 348.50 312.18 3.64 

 
Each performance parameter for value prediction has an 

average result, which are shown in Table 2.  When it comes to 
value prediction, CNN-LSTM clearly stands out. 

 
Fig. 6. MAPE and RMSE Loss Vs Batch Size 

As demonstrated in Figure 6, this can be accomplished by 
taking the prediction loss into account.  The prediction 
Loss drops as batch size rises, as is clearly seen. 

TABLE III.  MODEL TRAINING TIME ANALYSIS 

Model Spend Time Time 
CNN 174.32 151 
CNN-
LSTM 118.09 115 

LSTM 151.41 134 
 

The CNN-LSTM model requires 118.09s, as shown in 
Table 3.  After being finished 115 times, it converged.  In terms 
of convergence characteristics and training duration, the 
CNN-Bi-LSTM model performed admirably. 

 
Fig. 7. MAPE for the Proposed Model 

Figure 7 displays the results of our comparisons with 
different models and the CNN-LSTM model:  According to 
MAPE 1.78, our CNN-LSTM method outperforms the other 
methods in terms of prediction error. 

 
Fig. 8. Execution Time 

Figure 8 shows a comparison of the CNN and LSTM 
classifiers' execution times.  Compared to CNN, LSTM 
classifier, CNN-LSTM classifier has a shorter execution time, 
according to the analysis. 

V. CONCLUSION 
Everyone in the classroom, from professors to students, 

has their own set of views on a wide variety of issues, 
including but not limited to politics, health, religion, and 
education. Research on educational beliefs has focused on 
how they play out in real-world classrooms. Numerous studies 
in the field of education have examined the dissemination and 
implementation of such views in recent years, with a number 
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of these studies focussing on instructors' beliefs rather than 
students. Min-max normalisation is an effective technique for 
preparing data in feature selection. A dimensionality reduction 
method known as PCA was employed to decrease the quantity 
of input and output variables. The integration of CNNs and 
LSTMs enables the system to leverage the capabilities of both 
networks: CNNs excel at extracting hierarchical feature 
representations from intricate data, while LSTMs are adept at 
capturing long-term dependencies in temporal information. In 
comparison to alternative models, the CNN-LSTM 
demonstrates exceptional performance with a MAE of 
203.64%, a RMSE of 241.22%, and a MAPE of 1.78%.  
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