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In recent years, owing to previous pandemics, online and offline education have collaboratively influenced 
students’ academic experiences globally. This mixed-methods strategy offers both benefits and drawbacks for 
students. This study created an innovative AI tool utilizing the Support Vector Machine (SVM) algorithm on 
primary samples of Hungarian informatics students to assess their suitability for adopting hybrid learning in 
their studies. This paper also explained the strength of the model with Shapley Additive exPlanations (SHAP) 
values of the Explainable Artificial Intelligence (XAI) method. The SVM parameters were suggested by Grid 
Search Cross Validation (GSCV) to provide an optimal classifier with maximum accuracy. The trained model has 
been tested and validated with new realistic samples created with a non-parametric approach, Kernel Density 
Estimation (KDE). The newly created test data sets correspond to the actual data distribution of the data set and 
preserve the relationships between classes of characteristics, as validated by the Kolmogorov–Smirnov (KS) test 
(p < 0.05). The average precision cross-validation of training and testing the data set is 0.9881 and 0.9757, 
respectively, for classifying the target class of the hybrid learning data set. Additionally, the model achieved the 
highest f1-score, precision, and recall with values of 0.98. The Area Under Curve (AUC) is calculated to be 1, 
indicating a high value. According to the SVM coefficient, Overall Satisfaction (OS), Long Term Solution (LRS), 
and Feeling Happiness (FH) were the most influential attributes, with positive coefficients of 0.78, 0.49, 0.47 
and 0.41 respectively. The negative coefficients for the Challenging Group task (CGT), and Obstacle (OBST), are 
-0.42, and -0.16, respectively. The SHAP explained the SVM model strength and voted for OS, FH, LRS, and CGT 
in the decision. The study’s findings can help students and institutional administration decide whether to switch 
to hybrid education based on pros, cons, and other recommended features.

1. Introduction and related work

Online and in-person training are combined in hybrid learning, and 
students’ learning behaviors determine outcomes Ding and Zhou (2023). 
Hybrid learning offers greater effectiveness than purely online educa

tion. As a result, numerous universities are exploring the creation of 
hybrid courses, programs, and degree options to leverage its advan

tages Ramadhani et al. (2023). Hybrid learning is closely linked to col

laborative learning, continuous education, sustainability, and the pro

tection of the environment Hermitaño-Atencio et al. (2023). Studies on 
e-learning and how happy students are have looked at different flexible 
and hybrid learning methods, and they found that students liked mixed
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ability classes, which helped them get more involved. Positive trends 
emerged regarding student engagement, satisfaction with hybrid learn

ing, and the relationship between lecturer support and engagement Hus

sein et al. (2020). The quality of e-learning services significantly im

pacted Indonesian students’ satisfaction, with user happiness playing a 
critical role in their overall experience Saputri et al. (2022). For graduate 
students, blended learning and in-person classes contributed positively 
to their satisfaction levels (Chung and Gao (2021)). In Thailand, students 
expressed high satisfaction with hybrid learning during the study period 
(𝜇 = 4.206, 𝜎 = 0.74) Purahong et al. (2021). Arabian students adapted 
well to online learning, with hybrid learning during the pandemic en

hancing their self-esteem and satisfaction (Senior (2022)). In Chile, no 
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significant differences were observed in learning outcomes between 
face-to-face and remote learners Paiva et al. (2021). South African uni

versity students expressed satisfaction with their learning management 
systems, particularly in addressing their immediate academic needs Ml

itwa and Ogundaini (2022). Additionally, machine learning algorithms 
were used to analyze student intentions based on factors such as per

ceived risk, communication ease, usability, time and location flexibility, 
and gender Trivedi et al. (2022).

Computer science and AI employ data and algorithms to forecast 
data trends in machine learning. Predicting numerous academic dataset 
traits is also common Venkatesan and Priya (2015). SVM, a prominent 
classification approach, combines margin hyperplane and kernel com

putation theories. The best hyperplane is found by measuring the margin 
and finding its most excellent point. A linear classification hyperplane 
and kernels that map data characteristics from lower to higher dimen

sions are used in linear SVM Findiana et al. (2020). SVM has shown 
high prediction accuracy (75.72%) in predicting student academic per

formance, dropout, and learning styles Assegie et al. (2024). A two-class 
SVM accurately assessed teachers’ teaching abilities in the resource de

sign process and the integration of machine learning into traditional 
education Cui (2024). With 84% accuracy, SVM also helped categorize 
online class student comments on their involvement in the upcoming 
semester Kurniawan and Wahyuni (2021). The SVM analysis revealed 
that most tweets on ChatGPT exhibit favorable or neutral feelings, while 
a small fraction express negative attitudes from students Tubishat et al. 
(2023). The SVM algorithm determines whether to suggest general ed

ucation content to learners Sun (2021).

Previous research did not adequately consider the perspectives on 
hybrid learning in educational decision-making. Additionally, earlier 
studies did not employ machine learning algorithms to offer recom

mendations for hybrid learning environments. Furthermore, researchers 
have not identified any real-time tools to explore the innovative as

pects of hybrid learning and provide guidance to students. Moreover, 
researchers did not utilize understandable artificial intelligence to thor

oughly examine opinions on hybrid learning. Selecting the SVM has 
proven advantageous for making accurate predictions on educational 
datasets, as demonstrated by previous research. The present work draws 
inspiration from the previous SVMM findings in education datasets. In 
addition, this research has incorporated the SHAP technique into the 
SVM. Before this, the SVM algorithm was utilized to forecast the com

bination of lab and theoretical classes in hybrid learning Verma et al. 
(2024). This paper focuses on developing a new predictive model, Future 
Hybrid Learning Mode (FHLM), using the SVM algorithm as preliminary 
research.

The study has seven primary sections. Refer to Section 1 for an in

troduction and recent research. Section 2 outlines the statement of the 
problem, and Section 3 is about the contribution. Detailed methodol

ogy, framework, dataset preprocessing, testing, tuning parameters, and 
SVM description can be found in Section 4. Section 5 debates the re

sults, and Section 6 explains the strength of the proposed SVM model 
with SHAP. Section 7 discusses the findings of experiments effectively. 
Section 8 presents implications. Section 9 explores the configuration and 
development environment of a novel real-time application. The study’s 
results are presented in Section 10.

2. Problem statement

A structured educational technique that combines classroom and 
internet learning is hybrid learning. It combines the benefits of in

person education—synchronous engagement, peer cooperation, and 
quick feedback—with internet technologies’ flexibility, accessibility, 
and customization. Hybrid learning meets modern learner needs with 
institutional approaches for flexibility and resilience, unlike reactive 
and transient emergency remote instruction. After COVID, students are 
seeking learning options that support their health, remote access, and 
time management demands, making hybrid learning more important. 

Institutions must provide inclusive, scalable, and successful learning en

vironments. Hybrid learning does not work for all students or situations. 
Some students excel, while others struggle with low satisfaction, chal

lenges, and interaction. Without data-driven tools to assess a student’s 
hybrid learning preparedness, educators and administrators make judg

ments based on assumptions or generic regulations. Accordingly, the 
following primary research questions have been formulated to guide 
the investigation:

• RQ:1 How can we use SVM to identify and assess important features 
of hybrid learning?

This frames the use of SVM as a robust, accurate method for classi

fication and feature weighting in a hybrid learning dataset.

• RQ:2 How can we design a web-based system to recommend hybrid 
learning based on student responses?

It addresses the design and implementation of an AI-driven decision

support system that directly analyzes individual feedback.

• RQ:3 What are the main benefits and challenges influencing the 
adoption of hybrid learning?

It guides the identification of key features (e.g., satisfaction, happi

ness, benefits, and challenges) derived from student responses.

• RQ:4 How can interpretable methods (SHAP) help explain key fac

tors in hybrid learning recommendations?

It highlights the role of SHAP (SHapley Additive exPlanations) in 
making AI decisions transparent, thus increasing trust and useful

ness in academic decisions.

3. Contribution

This study introduces a novel real-time SVM-FHLM AI-based web 
application designed to recommend hybrid learning strategies based 
on student feedback. The application effectively addressed the binary 
classification challenge to determine whether hybrid learning should be 
recommended for future use. It offers a validated prediction model, an 
interpretable user interface, and data-driven insights into the key fea

tures of hybrid learning that influence its adoption. It explores novel 
features such as satisfaction, happiness, benefits, challenges, and uni

versity support or assistance related to hybrid learning. The model has 
been validated with KDE techniques to make it more robust, generalized 
with the tool, and explained with SHAP techniques, which were used to 
elucidate the critical aspects of predictors of hybrid learning.

The findings suggest that hybrid learning could be a viable, long

term solution. Students can incorporate a hybrid learning strategy into 
their academic activities, such as alternating weekdays between online 
theory and offline lab practice. Students were pleased and satisfied with 
the time management techniques they employed to attend two classes 
at once. They also believed that hybrid learning was especially useful 
for unwell people. It was also discovered that students’ parents favored 
the hybrid learning mode in the event of future severe pandemics like 
COVID-19, and students themselves agreed that hybrid learning is the 
greatest option for them as a secure online learning opportunity. Chal

lenges included isolation from the authentic study environment, dimin

ished student contact, disturbances caused by microphones and video 
cameras, and difficulties in managing group or team-based assignments, 
which were also considered vital predictors in the study.

4. Method

4.1. Conceptual research framework

Fig. 1 illustrates the pictorial representation of the research. It shows 
the conceptual framework of the proposed research. At the outset, the 
primary dataset comprises records and features regarding hybrid learn

ing from students’ perspectives and has been preprocessed on a scale 
of 1 to 10. Subsequently, factor analysis was implemented to trans

form specific attributes into factors. Later, the minority class’s records 
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Fig. 1. Support Vector Machine-Based AI Tool: A Framework. 

Fig. 2. Preprocessed Dataset Input File. 

were balanced using the Synthetic Minority Over-sampling TEchnique

Nominal Continuous (Smote -NC) Chawla et al. (2002). Standardized 
(z-score) features were excluded from factor analysis. After adjusting 
the hyperparameters, the cleaned data set was checked for accuracy 
using the stratified cross-validation method and trained with the SVM 
algorithm. The models’ efficacy has been evaluated using a variety of 
classification metrics, and the model has been validated with KDE test 
sets. The SHAP scores of the explainable AI approach subsequently vali

dated the performance of the SVM model. Features have been evaluated 
at the instance, class, and aggregate levels. This showcases the utiliza

tion of the SVM with the SHAP algorithm to determine the suitability of 
hybrid learning as a forthcoming trend. The anticipated outcomes will 
be either’ ‘Yes'' or’ ‘No.'' As an early finding, the most important con

tribution of this research is to develop an AI web application/tool that 
identifies the hybrid learning mode possibility to adopt or not in higher 
education. Furthermore, the combination of an explicable artificial in

telligence model (SHAP) and a standard machine learning model (SVM) 
to define the hybrid learning mode in the field of education is a unique 
contribution.

4.2. Dataset and preprocess

Table 1 shows that the dataset contains thirty features, one of which 
is a target, and the remaining twenty-nine features are also predictors. 
The dataset consists of eight factors and twenty-one features. Thirteen 
features are binary, while the remaining are standardized (Z-score). This 
study used ninety-nine students from one hundred and three primary 
data samples after removing outliers Verma and Illes (2023). The initial 
stage consisted of 99 instances. Implementing class balancing using the 

Table 1
Dataset Description.

Particular N 
Target 1 
Predictors 29

Factors 8 
Features 21

Categorical 13 
Standardized 16

Initial Instances 99 
Final Instances 168 

Smote -NC has resulted in 168 instances now available for experimen

tation.

The reason is to apply Smote -NC because it was extended to han

dle nominal and continuous data types. Students studied informatics 
at Eötvös Loránd University. They studied informatics for graduation 
and post-graduation. Google Forms was used as the method for col

lecting samples Dataset (2022). The Likert scale (1--10) was used to 
test understanding, with one representing no agreement and ten rep

resenting complete agreement. No data was missing. IBM SPSS Version 
29 performed factor analysis to create the most vital eight factors, and 
standardized values were used Verma (2024). The SVM algorithm has 
been implemented in the Python 3.12 language, and the final preprocess 
dataset input file can be seen in Fig. 2.

𝑧− 𝑠𝑐𝑜𝑟𝑒 = 𝑥− 𝜇
𝜎

(1)
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Fig. 3. Instance Distribution and Statistics of Features. 

Equation (1) represents the mathematical expression employed by 
the StandardScaler() function, where 𝜇 denotes the average value 
and 𝜎 represents the variability of the training samples.

Algorithm 1 SMOTE-NC (Nominal and Continuous Features).

Require: Minority dataset 𝑚, synthetic samples 𝑁 , neighbors 𝑘
Ensure: Synthetic dataset 𝑠
1: Initialize 𝑠 = ∅
2: for each 𝑥𝑖 ∈𝑚 do

3: Find 𝑘 nearest neighbors of 𝑥𝑖
4: for each synthetic sample to generate do

5: Randomly pick neighbor 𝑥𝑛𝑛
6: for each feature 𝑓𝑗 do

7: if 𝑓𝑗 is continuous then

8: 𝑥𝑠𝑦𝑛[𝑓𝑗 ] = 𝑥𝑖[𝑓𝑗 ] + 𝛿 ⋅ (𝑥𝑛𝑛[𝑓𝑗 ] − 𝑥𝑖[𝑓𝑗 ]), where 𝛿 ∼𝑈 (0,1)
9: else

10: Set 𝑥𝑠𝑦𝑛[𝑓𝑗 ] to most frequent value

11: end if

12: end for

13: Add 𝑥𝑠𝑦𝑛 to 𝑠
14: end for

15: end for

16: return 𝑠

The Nominal and Continuous Features (SMOTE-NC) algorithm is 
applied to balance the target class of hybrid learning Chawla et al. 
(2002). The algorithm of SMOTENC class describes that the input 
was minority class ``No,'' majority class ``Yes,'' and the initial num

ber of samples N. The SMOTENC() function has been used with 
three parameters, categorical_features, random_state=42, and 
k_neighbors=4, for the dataset. The imbalanced -learn library has 
over_sampling module with SMOTENC class that has been used. 
Fig. 3 (a) depicts the distribution of records of the dataset before and 
after using the Smote -NC. Before the class balance, the category ``Yes'' 
contains 84 records, whereas the category ``No'' contains 15. Subse

quently, the Smote-NC method increased the number of instances in the 
underrepresented class ``No'' to achieve a balanced distribution with the 
class ``Yes.'' Fig. 3 (b) describes the statistical properties of 21 predictors. 
The features are with short abbreviations. The average and dispersion 
scores of predictors are mentioned, and it has been noted that there is 
less dispersion.

The sample adequacy was tested with the Kaiser-Meyer-Olkin (KMO) 
test, which calculates the proportion of common variance among 
variables Kaiser (1970), and sphericity was tested with the Bartlett 
test Bartlett (1937). The KMO test estimated 0.771, which is higher 
than 0.60, allowing us to implement a factor analysis approach. The 
Bartlett test of sphericity indicated that the variable correlation matrix 

Fig. 4. Scree plot of PCA components. 

Fig. 5. Factor loadings (Correlation). 

is not an identity matrix, indicating that variables are connected and 
acceptable for factor analysis (p < 0.05).

Fig. 4 displays the scree plot with vital components with eigen score 
and cumulative percentage. A red circle on the blue line indicates the 
eight significant components. The highest eigen score of 7 in OBS signif

icantly contributed to factor formation. The second robust component 
is AST, which exhibits five eigenvalues. The next three essential compo

nents are UIS, TCM, and LSC, each with an eigenvalue score of 2, while 
the next critical components are LIF, OLS, and CGT, with an eigenvalue 
score of 1. The cumulative percentage of variance for OBS is 23, whereas 
AST is 15, UIS is 7, TCM is 6, LSC is 5, LIF and OLS are both 4, and CGT 
is 3. The total cumulative variance is 68%.

Fig. 5 shows the factor loadings of the rotated component. A matrix 
represents the Pearson correlations between features and components. 
OBS and AST have five correlated features, respectively. UIS has four, 



Computers and Education: Artificial Intelligence 8 (2025) 100432

5

C. Verma 

Fig. 6. Dataset Testing Techniques. 

and TCM has three; LCS and OLS have two features correlated. CGT itself 
is a strong component. The value of correlation lies between 0.611 and 
0.806. Consequently, It is identified no cross-loading issues. Hence, the 
indicated components are significant.

4.3. Testing approaches

A balanced dataset has undergone evaluation using four rigorous 
testing methodologies: k-fold Cross-Validation (KFOLD), Leave-One-Out 
Cross-Validation (LOOCV), and Stratified Cross-Validation (SKFOLD). 
Fig. 6 illustrates the comparative efficacy of several testing method

ologies for test and training accuracies. K-Fold Cross-validation par

titions the dataset into K equal or nearly equal segments (folds) Ko

havi (1995). The SVM is trained on K-1 folds before testing on 
the remaining folds. Repeat this method for each fold. The K-Fold 
class is configured with the following parameters: n_splits=10, 
shuffle=True, and random_state=41. The mean testing accuracy 
is 0.9820, while the mean training accuracy is 0.9907, utilizing the K

Fold approach. Subsequently, the SKFOLD was implemented using Class 
StratifiedFold with parameters n_splits=10, shuffle=True, 
and random_state=41. The dataset comprises K folds, similar to 
K-fold. However, the partitioning process ensures that the class distri

bution in each fold matches the overall class distribution of the dataset 
efValverdeAlbacete2023. The mean testing accuracy is 0.9824, and the 
mean training accuracy is 0.9927 using the SKFOLD method. The mean 
testing accuracy is 0.9793, while the mean training accuracy is 0.9905, 
utilizing the SKFOLD method. Finally, the class LeaveOneOut imple

ments LOOCV, which trains n times by utilizing one data point as the 
test set and n-1 samples as the training set. The mean testing accuracy 
is 0.9937, whereas the mean training accuracy is 0.9821. In this proce

dure, 167 training samples and 1 testing sample were in each set.

4.4. Validation with KDE

To do generalized testing on the trained SVM Model, the KDE non

parametric method is applied Silverman (1986) Bowen et al. (2021).

Standardized numeric characteristics with class-conditional KDE are 
used to generate new, realistic, and human-like samples, where both 
classes of the target feature FHLM are balanced. Three different groups 
were made, and the Kolmogorov–Smirnov (KS) test found important fea

tures (p < 0.05) in each group created by KDE (Table 2). It used to 
compare the distribution of a feature in the original dataset with the 
same feature in the KDE-generated synthetic humanized test sets. The 
distribution of each numeric feature is modeled by using a Gaussian 
KDE with a fixed bandwidth for each class label (FHLM = ``No'' and 
FHLM = ``Yes''). Each feature had class-specific values extracted and a 
KDE model fitted to capture its empirical distribution. It sampled new 
synthetic values for each feature after training. Three balanced subsets 

Algorithm 2 KDE-Based Class-Conditional Data Generation.

Require: Scaled numeric features 𝑋num, categorical features 𝑋cat, class labels 
𝑦, samples per class 𝑛

Ensure: Synthetic dataset 𝐷synthetic with 2𝑛 samples

1: Initialize KDE model dictionary: KDE[𝑐][𝑓 ] for 𝑐 ∈ {0,1} and each numeric 
feature 𝑓

2: for each class 𝑐 ∈ {0,1} do

3: for each numeric feature 𝑓 in 𝑋num do

4: 𝑉 ← all values of 𝑓 where 𝑦 = 𝑐
5: Fit KDE model: KDE[𝑐][𝑓 ]← KDE_Fit(𝑉 )
6: end for

7: end for

8: for each class 𝑐 ∈ {0,1} do

9: Initialize empty table 𝑇num for numeric features

10: for each numeric feature 𝑓 do

11: 𝑇num[𝑓 ]← KDE[𝑐][𝑓 ].sample(𝑛)
12: end for

13: 𝑇cat ← randomly sampled 𝑛 rows from 𝑋cat where 𝑦 = 𝑐
14: 𝑇 ← 𝑇num ∪ 𝑇cat

15: Append target column 𝑇 [FHLM]← 𝑐
16: Store 𝑇 as 𝐷𝑐
17: end for

18: 𝐷synthetic ←𝐷0 ∪𝐷1
19: Shuffle rows of 𝐷synthetic

20: return 𝐷synthetic

were created from 15 synthetic samples per feature, each class. A to

tal of 90 realistic samples have been created. Categorical features were 
sampled without replacement from real class records to improve real

ism and structural consistency. After combining synthetic numeric and 
categorical characteristics, the class label was assigned. Finally, class

specific synthetic samples were combined and randomized to decrease 
ordering bias. The dataset has synthetic, statistically coherent samples 
that fit the distribution and preserve feature-class connections.

4.5. Hyperparameter tuning

The GSCV approach suggested the optimal parameters required for 
the SVM classification task. For this reason, the GridSearchCV class 
has been used in scikit -learn. Table 3 shows the best parameters 
for the SVM algorithm. The initial regularization parameter, denoted 
as C=0.03, was selected to be very tiny to get stronger regularization, 
and it targets a bigger margin for generalization. The second param

eter, class_weight=None, is set because of the balanced class with 
SMOTE -NC. To utilize the linear kernel, a third kernel parameter was 
chosen: kernel=linear. For the linear kernel, it is assumed that the 
data is linearly separable and the decision boundary is straight. The 
fourth parameter, tol=0.0001, represents the tolerance level used to 
prevent overfitting. It helps to balance the accuracy and computing effi

ciency of the given dataset. The optimization can be stopped with high 
precision, based on the minimum improvement needed between itera

tions. The optimization procedure was conducted with the fifth parame

ter, shrinking=True, to ensure faster convergence and more efficient 
training. It also enhances computational efficiency and accelerates op

timization. The final sixth parameter used was probability=True, 
which was employed to evaluate the likelihood of the ``Yes'' and ``No'' 
classes.

4.6. Support vector machine

SVM is a supervised machine learning method usually used for clas

sification. It finds the best hyperplane to classify data. SVM works well 
in complex or high-dimensional class borders by maximizing the mar

gin between data points of distinct classes. This paper employs a linear 
SVM classifier to ascertain whether a student’s response facilitates hy

brid learning. The future hybrid learning mode was the target class.

Vapnik developed the kernel-based SVM model, known for its strong 
discrimination and generalization. It works by maximizing the margin 
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Table 2
KS Test Results for KDE Realistic Sets.

Set-A Set-B Set-C 
Feature K-Stat. p<0.05 K-Stat. p<0.05 K-Stat. p<0.05 
ALP 0.43333 0.00020 0.32828 0.01034 0.39495 0.00097 
ATL 0.47879 0.00002 0.54545 0.00000 0.54545 0.00000 
Age 0.40000 0.00080 0.46667 0.00004 0.40000 0.00080 
CAISOBHI 0.30000 0.02450 0.34444 0.00609 -- -- 
CGT -- -- -- -- 0.36970 0.00251 
Course 0.36667 0.00280 0.35354 0.00446 0.48687 0.00002 
FH 0.41010 0.00053 0.47677 0.00003 0.47677 0.00003 
FTFHL 0.35657 0.00401 0.43333 0.00020 0.43333 0.00020 
Gender 0.46667 0.00004 0.43333 0.00020 0.40101 0.00076 
IWRSE 0.36667 0.00280 0.43333 0.00020 -- -- 
LRS 0.49394 0.00001 0.39394 0.00101 0.39394 0.00101 
LSEC -- -- 0.34949 0.00512 0.30606 0.02047 
OHLM 0.32626 0.01101 0.40000 0.00080 0.32626 0.01101 
OLOTAW 0.44848 0.00010 0.46667 0.00004 0.51515 0.00000 
OLOWS -- -- -- -- 0.29293 0.02997 
OS 0.66869 0.00000 0.66869 0.00000 0.50202 0.00001 
OTOLAW 0.39192 0.00109 0.30000 0.02450 0.36667 0.00280 
RQIWT -- -- 0.28788 0.03466 -- -- 
TCUM 0.28182 0.04087 -- -- -- -- 
TOMVCD 0.34848 0.00531 -- -- -- -- 
WMPP 0.45152 0.00009 0.51818 0.00000 0.65152 0.00000 

Table 3
Tuning Parameters.

Used Model Tuned Parameters 
SVM C=0.03, class_weight=None, kernel=’linear’, probability=True, shrinking= True, tol=0.0001 

between classes for decision-making Cortes and Vapnik (1995). SVM 
employs a hyperplane, also called the decision boundary, to separate 
data within a two-dimensional feature space created by mapping la

beled inputs. The determination of this hyperplane for hybrid learning 
classification relies heavily on the optimal margin, which is defined by 
the closest support vectors. SVMs use training data to maximize perfor

mance in classifying patterns apart from input-output pairings, unlike 
conventional classification, models Sevindi (2020), Hinds and Joinson 
(2018).

𝑓 (𝐱) = 𝐱𝑇𝐰+ 𝑏 =
𝑛 ∑
𝑖=1 
𝑥𝑖𝑤𝑖 + 𝑏 = 0. (2)

The equation (2) represents the decision function for a Support Vec

tor Machine (SVM) with a linear kernel, defining the hyperplane in the 
feature space. Here, 𝐱 is the input feature vector, 𝐰 is the weight vector, 
𝑏 is the bias term, and 𝑥𝑖 are the individual feature values. This equa

tion determines the decision boundary where the classifier assigns an 
output of 0, separating the two classes’ ‘Yes'' and’ ‘No.'' The dot product 
𝐱𝑇𝐰 calculates the weighted sum of features, while the bias 𝑏 shifts the 
boundary.

Equation (3) is derived after dividing Equation (2) by ||𝐰|| Kumar 
et al. (2021).

𝐱𝑇𝐰 ||𝐰|| = 𝑃𝐰(𝐱) = − 𝑏 ||𝐰|| . (3)

The projection of any point 𝐱 onto the vector 𝐰 along the plane is 
always given by − 𝑏 ‖𝐰‖ , where 𝐰 represents the normal direction of the 

plane, and |𝑏| ‖𝐰‖ is the distance from the origin to the plane. It is important 
to note that the equation of the hyperplane is not unique; 𝑐 𝑓 (𝐱) = 0
represents the same plane for any constant 𝑐. The hyperplane divides the 
𝑛-dimensional space into two regions. Specifically, the mapping function 
is defined as 𝑦 = sign(𝑓 (𝐱)) ∈ {1,−1}.

𝑓 (𝐱) = 𝐱𝑇𝐰+ 𝑏 =
{
> 0, 𝑦 = 𝑠𝑖𝑔𝑛(𝑓 (𝐱)) = 1, 𝐱 ∈ 𝑃
< 0, 𝑦 = 𝑠𝑖𝑔𝑛(𝑓 (𝐱)) = −1, 𝐱 ∈𝑁. (4)

In equation (4), 𝑓 (𝐱) = 𝐱𝑇𝐰+𝑏 represents a linear classifier, where 𝐱
is the input feature vector, 𝐰 is the weight vector, and 𝑏 is the bias term. 
The predicted label 𝑦 is determined by the sign of the decision function 
𝑓 (𝐱), such that 𝑦 = sign(𝑓 (𝐱)). If 𝑓 (𝐱) > 0, the sample is classified as 
belonging to the positive class (𝑦 = 1), and if 𝑓 (𝐱) < 0, it is classified 
as belonging to the negative class (𝑦 = −1). The decision boundary sep

arates the two classes, with samples in class 𝑃 having 𝑓 (𝐱) > 0 and 
samples in class 𝑁 having 𝑓 (𝐱) < 0.

5. Result

5.1. Confusion matrix

Fig. 7 (a) presents a comparative analysis of both normalized and raw 
count confusion matrices for the base SVM-FHLM model and its three 
KDE-based variants: KDE-A, KDE-B, and KDE-C. Fig. 7 (a) displays the 
normalized confusion matrix, which visually represents the relative per

formance by considering actual and predicted values’ proportions. The 
forecast of ``Yes'' achieved a perfect score of 0.98, whereas the prediction 
of ``No'' scored 0.99, which is a significant result in terms of classifica

tion. Fig. 7 (b) displays a fundamental confusion matrix that employs the 
actual number of records to calculate cross-validation accuracy. If the 
answer is ``Yes'' then 82 out of 168 records were successfully identified. 
83 records were correctly categorized as ``No'' and 3 were misclassified. 
Further, the normalized confusion matrix of SVM-FHLM shows strong 
class separation, with 99% accuracy for ‘Yes’ and 98% for ‘No’, indi

cating a reliable baseline model. Fig. 7 (b) to Fig. 7 (d) reveal that all 
KDE-augmented models also perform well, with KDE-B achieving par

ticularly high class-wise accuracy—87% for ‘No’ and a perfect 100% 
for ‘Yes’—highlighting its balanced classification capability. Raw count 
confusion matrices in Fig. 7 (e) to Fig. 7 (h) further confirm the consis

tency of these findings. SVM-FHLM correctly classifies over 80 instances 
per class, while KDE-B maintains strong performance across unseen test 
datasets of 90 samples. KDE-A and KDE-C also show respectable results, 
but on smaller scales, suggesting differences in evaluation data. Overall, 
SVM-FHLM performed well on the three unseen datasets with KDE-based 
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Fig. 7. Normalized (NCM) and Simple (SCM) confusion matrices across models. 

enhancements offering potential benefits in scenarios where density es

timation refines class boundaries.

5.2. Classification report

Table 4 shows the classification report produced using 
classification report()function from the klearn.metrics 
module of the scikit -learn library. The precision for a class ``No'' is 
0.98, indicating that 98% of occurrences labeled as ``No'' are true ``No''. 
The class ``Yes'' has a value of 0.99, indicating that 99% occurrences 
categorized as class ``Yes'' are indeed class ``Yes''. The recall for the class 
“No'' is 0.99, indicating that all instances of the actual class ``No'' are 
perfectly classified, resulting in a 99% accuracy rate. The class ``Yes'' has 
an accuracy of 0.98, indicating that 98% of the instances belonging to 
the ``Yes'' class are correctly identified. The F1-score, the harmonic av

erage of recall and precision, is 0.98 for both ``No'' and ``Yes'' classes. It 
gives a balanced measure of both recall and precision. A high accuracy 
of 0.98 indicates significant SVM model performance. Similar macro and 
weighted averages indicate a balanced dataset with comparable support 
for both classifications. Support for classes ``No'' and ``Yes'' is 84, indi

cating 84 instances in the dataset. The SVM-FHLM model performs well 
on KDE Set A despite generated noise. Class ``No'' had perfect precision 
(1.00) but somewhat lower recall (0.80), while class ``Yes'' scored 0.83 
precision and perfect recall. Overall accuracy is 0.90, with macro av

erage and AUC of 0.90 and 0.9733. Under noisy conditions, the model 
remains reliable but prioritizes true identification above false positive 
reduction. The model generalizes best in KDE Set B. Class ``No'' had per

fect precision (1.00) and recall (0.87), whereas class ``Yes'' had 0.88 
and perfect recall. AUC returns to 1.0000, matching the original mod

el’s discriminative power, and the accuracy is 0.93. This shows KDE Set 
B matches the training data distribution, making it easier for the model. 
The accuracy of KDE Set C reduces to 0.87, but the model still performs 
well. Class ``No'' has 0.92 precision and 0.80 recall, while class ``Yes'' 
has 0.82 and 0.93. The AUC remains high at 0.9822, indicating that the 
classifier can detect classes even in this more diversified or unseen data.

5.3. Receiver operating characteristic, gain curve, learning curve

Binary classification models are evaluated using the Receiver Operat

ing Characteristic (ROC) curve, a plot that depicts the trade-off between 

the True Positive Rate (TPR) and the False Positive Rate (FPR) at differ

ent cutoffs. Fig. 8(a) depicts the comparative efficacy of the SVM-FHLM 
model alongside its KDE test sets with the help of ROC curves, which 
compare true and false positive rates at various threshold levels, sep

arating Yes'' and No'' classes. The SVM-FHLM and KDE Set B attained 
flawless classification with an AUC of 1.00, exhibiting no false positives 
and ensuring total sensitivity. KDE Set C achieved an AUC of 0.98, in

dicating exceptional classification confidence despite challenging test 
conditions. KDE Set A demonstrated consistent performance, achiev

ing an AUC of 0.97, indicative of a high degree of model correctness. 
Therefore, both realistic test samples proved the model’s robustness and 
generalization power.

Fig. 8(b) shows that the SVM model achieved a maximum true posi

tive rate of 99% within the range of 45%--50% of the data samples. The 
gain chart shows a significant increase above the reference line, followed 
by a leveling off. It underscores the models’ predictive efficacy by juxta

posing the cumulative percentage of accurately predicted positives with 
the percentage of the sample population. The trained SVM-FHLM and 
KDE sets demonstrated a significant improvement over the random base

line, with KDE Sets B and C displaying especially pronounced increases, 
suggesting that a minor subset of data contributes to a substantial frac

tion of true positives. Although KDE Set A was slightly less effective in 
terms of gain compared to the other sets, it still demonstrated robust 
predictive capability. These results show that the SVM-FHLM model is 
very good at applying what it learned to new situations, and that using 
KDE in test scenarios helps maintain performance and proves the model 
can correctly identify true positives even when the data is disturbed or 
limited.

Fig. 8(c) shows the test and train accuracy learning curve with re

spect to the number of instances in the dataset. With 135 samples, the 
training accuracy is 97%, and the test accuracy is 99%. As the samples 
increase to 140, the accuracies of both models become increasingly sim

ilar. There appears to be no discrepancy between the SVM model’s test 
and training accuracy. Therefore, the SVM model has been optimized 
to achieve maximum accuracy by using a sufficient amount of data and 
preventing overfitting.

5.4. SVM’s feature coefficient

Fig. 9 displays the calculated coefficients of the decision function 
used by the linear kernel for classification. Ten features have negative 



Computers and Education: Artificial Intelligence 8 (2025) 100432

8

C. Verma 

Table 4
Comparing Classification Report of SVM-FHLM and KDE test sets (A, B, C).

Model Class Precision Recall F1-Score Support Accuracy Macro Avg AUC 

SVM-FHLM (CV)
No 0.98 0.99 0.98 84 

0.98 0.98 1.0000
Yes 0.99 0.98 0.98 84 

KDE Set A No 1.00 0.80 0.89 15 
0.90 0.90 0.9733

Yes 0.83 1.00 0.91 15 

KDE Set B No 1.00 0.87 0.93 15 
0.93 0.93 1.0000

Yes 0.88 1.00 0.94 15 

KDE Set C No 0.92 0.80 0.86 15 
0.87 0.87 0.9822

Yes 0.82 0.93 0.88 15 

Fig. 8. Performance Curve: ROC curve, Gain chart, and Learning curve. 

Fig. 9. SVM Coefficient of Feature. 

coefficients, while eighteen have positive ones. These weights determine 
the decision boundary in the feature space. Red indicates negative coef

ficients, whereas green represents positive ones. The SVM model identi

fied three hybrid learning influencer features—OS, FH, and LRS—with 
positive coefficients of 0.78, 0.49, and 0.47, respectively. Conversely, 
the features CGT, OBST, and LUWAF have negative coefficients of -0.42, 
-0.16, and -0.15, respectively. These features significantly influenced the 
classification of hybrid learning predictions for future study modes.

Table 5 compares the classification performance of the SVM-FHLM 
model, evaluated using 10-fold cross-validation, against three KDE

enhanced datasets: Set A, Set B, and Set C. The base model demonstrated 
strong predictive capabilities, with an average accuracy of 97.61% ± 
1.13% (95% CI: 95.24%--99.40%), high precision (97.66% ± 1.67%), 
recall (97.56% ± 1.68%), and AUC (99.89% ± 0.09%). These results 
highlight the model’s robustness when trained on clean, balanced data.

When evaluated on KDE-augmented test sets—designed to simulate 
real-world uncertainty through controlled noise—the model maintained 
solid performance. Set A achieved 90.22% ± 5.41% accuracy, 100% re

call, and an AUC of 97.43% ± 2.39%, indicating the model’s ability to 
identify all positive cases in noisy conditions. Set B further demonstrated 
robustness, with 93.12% ± 4.60% accuracy and perfect recall and AUC 
(100.00%), showcasing the model’s generalizability across diverse data 
scenarios. While Set C exhibited lower accuracy and specificity, it still 
achieved a high AUC (98.27% ± 1.90%) and strong recall (93.30% ± 
6.66%), reflecting the model’s ability to detect true positives under in

creased noise. These results suggest that KDE-enhanced datasets serve 
as effective stress tests for assessing model stability. The SVM-FHLM 
model consistently retained high classification fidelity in perturbed set

tings. Its AUC remained stable across all KDE sets, underscoring its 
reliable discriminative capacity and suitability for real-world applica
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Table 5
Comparison of evaluation metrics of SVM-FHLM model with KDE test sets at 95% confidence intervals (CI) with disper

sion (±).

Metric SVM-FHLM (CV) KDE Set A KDE Set B KDE Set C 
Accuracy 0.9761 ± 0.0113 0.9022 ± 0.0541 0.9312 ± 0.0460 0.8681 ± 0.0639 

(95% CI: 0.9524--0.9940) (95% CI: 0.8000--1.0000) (95% CI: 0.8333--1.0000) (95% CI: 0.7333--0.9667) 
Precision 0.9766 ± 0.0167 0.8364 ± 0.0882 0.8791 ± 0.0789 0.8255 ± 0.0931 

(95% CI: 0.9405--1.0000) (95% CI: 0.6471--1.0000) (95% CI: 0.7141--1.0000) (95% CI: 0.6364--1.0000) 
Recall 0.9756 ± 0.0168 1.0000 ± 0.0000 1.0000 ± 0.0000 0.9330 ± 0.0661 

(95% CI: 0.9383--1.0000) (95% CI: 1.0000--1.0000) (95% CI: 1.0000--1.0000) (95% CI: 0.7692--1.0000) 
Specificity 0.9766 ± 0.0166 0.8034 ± 0.1039 0.8625 ± 0.0898 0.8032 ± 0.1058 

(95% CI: 0.9405--1.0000) (95% CI: 0.5881--1.0000) (95% CI: 0.6471--1.0000) (95% CI: 0.5788--1.0000) 
F1 Score 0.9759 ± 0.0115 0.9083 ± 0.0542 0.9337 ± 0.0462 0.8727 ± 0.0658 

(95% CI: 0.9503--0.9945) (95% CI: 0.7857--1.0000) (95% CI: 0.8332--1.0000) (95% CI: 0.7142--0.9744) 
Kappa 0.9519 ± 0.0227 0.7994 ± 0.1073 0.8590 ± 0.0928 0.7305 ± 0.1288 

(95% CI: 0.9042--0.9881) (95% CI: 0.5867--1.0000) (95% CI: 0.6441--1.0000) (95% CI: 0.4495--0.9333) 
MCC 0.9522 ± 0.0225 0.8189 ± 0.0912 0.8704 ± 0.0814 0.7422 ± 0.1238 

(95% CI: 0.9047--0.9882) (95% CI: 0.6443--1.0000) (95% CI: 0.6892--1.0000) (95% CI: 0.4708--0.9354) 
G-Mean 0.9760 ± 0.0113 0.8944 ± 0.0591 0.9274 ± 0.0495 0.8633 ± 0.0675 

(95% CI: 0.9518--0.9946) (95% CI: 0.7669--1.0000) (95% CI: 0.8044--1.0000) (95% CI: 0.7119--0.9733) 
AUC 0.9989 ± 0.0009 0.9743 ± 0.0239 1.0000 ± 0.0000 0.9827 ± 0.0190 

(95% CI: 0.9964--1.0000) (95% CI: 0.9138--1.0000) (95% CI: 1.0000--1.0000) (95% CI: 0.9321--1.0000) 

tions involving unseen data. The model achieved the highest accuracy 
(97.60% ± 1.13%), followed by KDE Set B (92.74% ± 4.10%) and Set 
A (89.44% ± 6.44%). G-Mean values remained stable across models, 
with Set C (86.33% ± 6.75%) maintaining a solid balance between sen

sitivity and specificity. The SVM-FHLM model also showed the highest 
agreement between predicted and actual labels (𝜅 = 0.9519 ± 0.0227). 
Among KDE sets, Set B led with 𝜅 = 0.8580 ± 0.0928, followed by Set 
A (0.7994 ± 0.1073) and Set C (0.7305 ± 0.1288), indicating strong 
reliability despite noise. F1 scores further confirmed balanced perfor

mance: the SVM-FHLM model achieved 97.59% ± 1.15%, with Sets B 
(93.37% ± 4.05%) and A (90.36% ± 8.54%) remaining consistent, and 
Set C showing a reasonable F1 score of 87.27% ± 6.58%.

6. SVM explainability with SHAP

SHAP provides a unified framework for interpreting predictions by 
assigning a relevance score to each feature for a given prediction Lund

berg and Lee (2017). This approach analyzes individual predictions and 
indicates whether each feature contributes to an increase or decrease in 
the predicted value.

By applying classic Shapley values from game theory, SHAP con

nects local explanations to fair and efficient credit allocation SHAP 
(2024). The SHAP library includes the shap_values function. The 
shap.KernelExplainer class utilizes this method to estimate SHAP 
values for test data.

𝜙𝑖(𝑆𝑉𝑀 ;𝑥) =
∑
𝑧0⊆𝑥0

|𝑧0|!(𝑀 − |𝑧0|− 1)!
𝑀! 

×
[
𝑆𝑉𝑀𝑥(𝑧0) −𝑆𝑉𝑀𝑥(𝑧0 ⧵ 𝑖)

]
(5)

Equation (5) illustrates the SHAP value estimation. Here, 𝜙𝑖(SVM;𝑥)
denotes the SHAP score for attribute i in the SVM model, where x is 
the input value of that attribute. The term 

∑
𝑧0⊆𝑥0

indicates that 𝑧0 is 
a subset of the feature set 𝑥0. The expression |𝑧0|! is the factorial of 
the subset size, (𝑀 − |𝑧0| − 1)! is the factorial of the complement size, 
and 𝑀! is the factorial of the total number of attributes. 𝑆𝑉𝑀𝑥(𝑧0)
represents the SVM’s prediction when only the attributes in the subset 
𝑧0 are used, while 𝑆𝑉𝑀𝑥(𝑧0 ⧵ 𝑖) denotes the prediction when attribute 
i is excluded from the subset.

Fig. 10(a) presents a summary plot that compares the influence of 
each feature on both classes, revealing positive and negative associa

tions with the target class. The x-axis shows log-odds values, and the y

axis lists features in descending order of importance. The vertical bar at 
the center separates the ``Yes'' class (right side) from the ``No'' class (left 
side). Colored dots represent individual data points, with red indicating 

higher logit values and blue indicating lower values, as shown by the 
color scale on the right. The feature RQIWT exhibits a strong influence on 
class ``No'' and a weaker influence on class ``Yes.'' Three features�-OS, 
FH, and LRS�-show a more significant impact on class ``Yes'' than on 
class ``No.'' Lower-ranking features such as OLOWS, TOMVCD, and Age 
contribute less to the distinction between classes. Thus, attributes re

lated to Overall Satisfaction, happiness, and longer solutions appear 
organized and beneficial in the hybrid learning context.

Fig. 10(b) displays the decision plot, with log-odds values on the top 
x-axis and feature names on the y-axis. Colored lines represent the pre

diction paths of individual observations, converging at their predicted 
values on the bottom x-axis. As the plot progresses, SHAP values for 
each feature are added to the model’s base value. The features FH, OS, 
LRS, CGT, and ATL are shown to significantly influence the prediction.

The most important feature in OS (SHAP: 0.2561) in Fig. 11 (a), 
which relates to the training data, is followed by CGT (0.2213), FH 
(0.2065), LSR (0.2024), and ATL (0.1498). These qualities mostly con

cern measures of academic performance, hence supporting their impor

tance in predicting FHLM classification results. By comparison, the least 
important characteristics were IWRS (0.0078), TMCATCS (0.0065), and 
UNIS (0.0061), which probably had little effect on the output of the 
model because of low variance or weak correlation with the goal.

Fig. 11 (b) shows SHAP scores of KDE set A. With OS (0.2744), CGT 
(0.2599), FH (0.2346), LSR (0.2021), and ATL (0.1505) exhibiting sig

nificant influence, the top five traits stay mostly stable with training. 
These numbers show that even with KDE-generated noise, the model still 
prioritizes the same significant factors. Closely reflecting their small part 
in the training phase, the least influential variables are IWRS (0.0109), 
TMCATCS (0.0099), and UNIS (0.0071).

The trend of prevailing features in Fig. 11 (c), which depicts KDE 
Set B, continues with OS (0.2972), CGT (0.2721), LSR (0.2305), FH 
(0.1862), and FTFHL (0.1560) placing at the top. Especially in this 
group, the SHAP values are somewhat higher, indicating more pro

nounced feature effects likely resulting from modified KDE distribu

tions. Once more, the bottom three features—IWRS (0.0134), TMCATCS 
(0.0112), and UNIS (0.0082)�-have little effect, implying consistent 
model behavior in de-emphasizing weaker predictors.

Fig. 11 (d) shows the SHAP study for KDE Set C. Leading fea

tures here are FH (0.2407), CGT (0.2399), LSR (0.2327), OS (0.2309), 
and ATL (0.1953), which emphasize the consistency of feature ranking 
across all test situations. The model keeps its emphasis on the funda

mental academic features despite noise. SHAP value is consistently low 
for the bottom features—IWRS (0.0078), TMCATCS (0.0065), and UNIS 
(0.0064).
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Fig. 10. (a) SHAP Summary (b) SHAP Decision. 

Hence, SHAP analysis across training and KDE test sets shows that 
the model relies on realistic unseen samples, an interpretable subset 
of characteristics with good predictive value. The stability and inter

pretability of the SVM-FHLM model in multiple data settings are con

firmed by the robust ranking of the importance of features.

Top predictors included Overall Satisfaction (OS) and

Feeling Happiness (FH), which state that emotional well-being 
is essential to learning. Student persistence and performance improve 
when they feel supported, engaged, and content. Long-Term Solu
tion (LRS) importance also shows students’ rising confidence that 
hybrid learning is a sustainable, even preferable, style of education 
beyond pandemics. Challenging Group Tasks (CGT), Reduc

tion in Quality of Interaction with Teachers (RQIWT), 
and Less Interaction with Other Faculty (LUWAF) show 

that hybrid learning still struggles to promote collaboration and mean

ingful teacher-student discourse. These gaps propose rethinking group 
activities and how educators might be present in physical and digital 
places. The high ranking of Appropriateness for Theory Lec
tures (ATL) shows that students value hybrid delivery for specific 
subjects. The weight provided to University Assistance (UIS) 
and University Initiative and Support (UIS) emphasizes 
how much learners depend on institutional mechanisms to navigate 
these hindrances. Therefore, SVM-FHLM features don’t merely inform a 
model; they highlight where pedagogy, technology, and student needs 
converge, giving educators a clearer route forward.

7. Discussion

In hybrid education, OS and FH highlight the importance of student 
motivation and emotional engagement. According to Self-Determination 
Theory Deci and Ryan (1985), motivation and learning outcomes are 
enhanced when autonomy, competence, and relatedness are supported. 
The flexibility of hybrid learning, which allows students to engage at 
their own pace and within their own environment, may foster intrin

sic motivation. Furthermore, the perception of hybrid learning as a LRS 
influences students’ views on the sustainability and adaptability of learn

ing environments. Constructivist learning theories assert that learning 
is an active, contextualized process shaped by students’ experiences and 
social interactions Vygotsky (1978); Bruner (1960).

The feature CGT highlights that collaboration becomes difficult in the 
absence of face-to-face interaction. This underscores how hybrid learn

ing environments may hinder collaborative learning pedagogies, which 
depend on peer interaction, shared responsibility, and group cohesion�-

elements more challenging to sustain in digital formats Johnson and 
Johnson (1999). Results indicating a RQIWT and LUWAF further demon

strate the breakdown of relational and dialogic teaching and learning 
practices. These practices are foundational to the Community of In

quiry framework Garrison et al. (2000) and connectivist learning theory 
Siemens (2005), both of which emphasize the necessity of sustained 
teaching and social presence to facilitate meaningful learning in digi

tal or blended settings.

The feature ATL as a positive aspect reveals that students favor the 
hybrid model for theoretical instruction. This aligns with blended learn

ing theory, which advocates combining face-to-face instruction with the 
flexibility and extended reach of online modalities Garrison and Kanuka 
(2004). The feature First Time Facing Hybrid Learning (FTFHL) introduces 
a reflective element, suggesting that encountering a new learning for

mat can influence students’ beliefs and learning strategies. According 
to Transformative Learning Theory, disorienting experiences, such as 
adapting to a hybrid education system, can trigger profound cognitive 
changes and perspective transformation Mezirow (1991).

The features University Assistance (AST) and University 
Support (UNIS) highlight the critical role of institutional infrastruc

ture in fostering student success. Instructional scaffolding plays a central 
role in educational design by providing necessary support as learn

ers confront new challenges Wood et al. (1976). Furthermore, Tinto’s 
model of student integration and retention underscores the importance 
of intellectual and social support in promoting student engagement and 
persistence within higher education environments Tinto (1993).

These findings not only show that the SVM-FHLM AI model works 
well, but they also highlight how hybrid learning environments connect 
with important educational ideas. Bringing these ideas into the design of 
systems and the creation of educational policies could greatly improve 
the strength of teaching methods and focus on students in future hybrid 
learning programs.

8. Implication

This study’s findings have meaningful implications for the design 
and support of hybrid learning in higher education. This study’s conclu
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Fig. 11. Comparison of SHAP scores for SVM-FHLM on (a) Training data, and KDE test sets: (b) KDE-A, (c) KDE-B, and (d) KDE-C. 

sions affect higher education’s hybrid learning design and support. OS, 
FH, and LRS show students’ emotional engagement and perspective of 
hybrid learning as a feasible and sustainable approach, consistent with 
self-determination theory and constructivist pedagogy. CGT and RQIWT 
reveal weaknesses in collaborative dynamics and instructional presence, 
pointing out the need for stronger social and teaching presence, as em

phasized in the Community of Inquiry framework. Positive reaction 
to ATL enables selective hybrid material delivery in blended learning 
methodologies. Finally, UIS and AST emphasize that hybrid student 
success depends on instructional design and effective support structures, 
which support instructional scaffolding and student retention. To be rel

evant and scalable, hybrid learning should be data-informed and based 
on strong pedagogical theory.

9. Framework configuration and deployment

The web application SVM-FHLM-29 Verma (2025) was built using 
the Gradio Python toolkit to design customizable user interfaces for sta

tistical and machine learning models and different Python functions Gra

dio (2024). This paper used library gradio to access the Interface, 
Blocks, Row, Column, Radio(), Slider and Markdown classes, as 
well as launch() method to create and launch an application inter

face. Two files, requirements.txt, and app.py, were uploaded to 
Hugging Face website Face (2024), a popular real-time deployment 
web space.

Fig. 12 displays the real-time AI web application based on the ex

periment performed with eight sections. The web application user in

terface components are constructed using the extensive array of classes 
provided by the Gradio library. The Blocks class is a container for 
organizing and structuring various components. The Markdown class 

generates text over the components. The Row class organizes its items 
horizontally in a singular row. The Column(scale=1) arranges the 
components vertically in a column. Radio class generates a radio but

ton component that enables users to select a single option from a set 
of predefined choices. The Slider class generates a slider component 
that enables users to select a numerical value within a defined range by 
manipulating a slider handle. The initial three components utilized the 
Radio class, while the other seven components were developed using 
the Slider class.

The first component takes input about the age, gender, and course 
level of study. The second component takes six significant inputs about 
hybrid learning satisfaction. For lab and theory classes, the third com

ponent receives three inputs regarding hybrid learning. The fourth com

ponent concerns seven challenges faced during hybrid learning. During 
hybrid learning, the fifth component solicits feedback regarding univer

sity support and assistance. The sixth component is about time and cost 
management in hybrid learning. The seventh component will take in

put about the benefits of hybrid learning, and the eighth component 
will display the results after clicking the submit button. The results will 
be based on the trained SVM model, which displays the classification 
results as eight instances of ``Yes''. The standard threshold is less than 
0.5 for ``No'' responses and greater than 0.5 for ``Yes'' responses. The 
classify () method processes the model’s predicted values and as

signs them to a specified class.

10. Conclusion

The present study integrated and explained the SVM model with 
SHAP to predict hybrid learning in education. Also, based on SVM, a 
real-time hybrid learning recommendation application has been devel
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Fig. 12. A Real Time Hybrid Learning Identification Tool. 

oped. The primary samples have been considered for it. Test accuracy 
was observed, and the best parameters were set to train the model us

ing SVM hyperparameter optimization. The model has been trained with 
99% accuracy and tested with 98% accuracy. Hence, SVM has been sta

bilized, and no significant variation has been found in both accuracies.

The trained model has been validated with KDE three test sets of 
30 samples each, which also achieved more than 85% accuracy with 
95% CI. This process helped make the model more robust and better 
generalize to unseen data. Additionally, we used the SHAP approach to 
explain the final trained model further, highlighting the novel features 
that significantly contributed to the classification task. The SVM model 
acquired the maximum possible F1 score, precision, and recall values, 
all of which were 0.98. According to the calculations, the AUC equals 1, 
which indicates a high value for accurate segregation between ``Yes'' and 
“No'' responses. According to the SVM coefficient, the attributes that had 
the most impact were OS, LRS, FH, and OS. These attributes had positive 
coefficients of 0.78, 0.49, 0.47, and 0.41, respectively. The Challenging 
Group tasks (CGT) and the Obstacle (OBST) have negative coefficients, 
with the former being -0.42 and the latter representing -0.16. While 
the selection was being made, Shapley Additive Explanations (SHAP) 
explained the strength of the SVM model and voted for OS, FH, LRS, 
and CGT.

The current study used a single institution, a limited sample size, 
and confined dimension reduction with machine learning techniques. 
Also, the developed real-time website will be tested with the real re

sponses of students and cross-validated with the current accuracy of 
the model. If needed, the future studies may incorporate techniques 
such as Xtream Gradient Boosting, Linear discriminant analysis, random 
forest, K-nearest neighbor, and Decision Tree with SHAP to improve 
the explanation. In addition, the following study will focus on improv

ing prediction accuracy and investigating the strengths of attributes. A 
considerable model can also be deployed as an online Python web ap

plication for institutions.
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