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Abstract

This study aims to evaluate and compare the performance of various Al modelsRNN (Recurrent Neural Network), DBN
(Deep Belief Network), DBM (Deep Boltzmann Machine), RBM (Restricted Boltzmann Machine), ESDRBM (Extended
Stacked Denoising Restricted Boltzmann Machine)—using original and synthetic datasets to determine the viability of
synthetic data for maintaining model performance. The objective is to assess whether synthetic data can serve as a reliable
substitute for original data in training Al models, by comparing key performance metrics including precision, recall,
FMeasure, accuracy, sensitivity, and specificity. The performance of each model was measured across the specified
metrics using both original and synthetic datasets. A paired sample t-test was employed to statistically analyze the
differences between the metrics obtained from original and synthetic data, assessing the significance of any observed
differences. The results indicate minimal differences in performance metrics between original and synthetic data for all
models. ESDRBM, RBM, and DBM consistently showed slightly higher precision, recall, and FMeasure values. DBM
achieved the highest accuracy, while sensitivity and specificity metrics remained nearly identical across both data types.
Paired sample t-tests confirmed that the differences between the original and synthetic data were not statistically
significant, with high p-values indicating random variation as the likely cause of any observed differences. The findings
suggest that synthetic data can effectively maintain the performance of Al models across various metrics. ESDRBM,
RBM, and DBM maodels particularly exhibit robust performance with both data types. This underscores the potential of
synthetic data as a viable alternative to original data in Al model training, providing flexibility and scalability in data
generation without compromising model effectiveness.
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1. Introduction:

The economy, society, and environment continue to provide multiple challenges to the modern world. Sustainably
developing the educational system and ensuring that everyone has access to opportunities for education are essential for
effectively solving these issues through sustainable development in accordance with sustainability principles. [1,2,3]. As
part of the United Nations' "the 17 Goals" of Sustainable Development, "Quality Education" asks for ensuring inclusive
and equitable quality education and encouraging opportunities for lifelong learning for everyone. [4]. In order to
accomplish the aim of sustainable development, we must focus on higher education in addition to basic and secondary
education [5, 6]. Studies already conducted have demonstrated that higher education has a larger return on investment
than either vocational training or a high school education [7], and its importance in societal development is evident.
Furthermore, in order to effectively advance social progress, the concerns surrounding sustainable development and higher
education are now critical needs rather than options [8]. Improvements in education and opportunities for lifelong learning
can help citizens reach a certain level in terms of knowledge sharing and discovery, business collaboration, science,
technology, and creativity, personal and social moral systems, and inheriting fine cultural heritage, as long as they keep
their attention on how to work together to create a more sustainable society [9,10,11,12]. To make it possible for everyone
to contribute to sustainable development, this is an essential requirement.

Higher education itself can also increase citizens' willingness and effectiveness of lifelong learning and provide guarantees
for the sustainable development in education. The number of students enrolled in higher education is an important
indicator reflecting a country's level of higher education development [13, 14]. A university degree is a significant
intellectual achievement for people and provides the groundwork for a host of long-term social, economic, and health
advantages [15, 16]. However, data indicates that there are still relatively few people in each nation who are able to pursue
higher education, which has a significant influence on people's living conditions as well as the nation's and the world's
ability to grow sustainably [17].

Goal 4 of the Sustainable Development Agenda states that "ensuring inclusive and equitable quality education and
promoting lifelong learning opportunities for all" are necessary for the sustainable development of education [18]. Thus,
a development may only be deemed sustainable if it attains a suitable enrollment rate, offers a sufficient number of
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enrollment options, and guarantees a roughly equitable enrollment in colleges and universities across all regions.
Regarding opportunities, some researchers have noted that as higher education grows, so do the number of educational
opportunities [19]. Additionally, some empirical studies have shown that there is a higher likelihood that students from
disadvantaged strata will enroll in higher education [20,21,22].

Thus, the initial and fundamental guarantees for the sustainable development of Chinese colleges and universities will be
met if the most recent enrollment situation of these establishments can still guarantee that people can enroll in higher
education institutions and if there will be notable changes in the enrollment development in the future. Equality is a more
significant factor influencing the long-term growth of university enrollment in China. Unfortunately, the degree of
economic and social development in the eastern region is relatively high due to China's economic development exhibiting
an obvious pattern of "high in the east and low in the west." As a result, there is a significant disparity in education between
the various regions, and this inequality persists [23]. It is currently important to determine whether the first mover
advantage of the development of college enrollment in developed regions is diminishing due to the large initial education
gap. This can only be determined by analyzing the enrollment growth in various regions of China, as the uneven economic
development of China's regions has always existed and has also become a realistic backdrop for the formation of unequal
educational enrollment in various regions.

In conclusion, attaining more general sustainable development goals depends on the sustainability of the higher education
system, especially with regard to equity and opportunity in enrollment. In order to better understand how admission
prediction models may enable more equal and efficient enrollment procedures that serve the long-term goals of sustainable
development, this study will assess the sustainability of these models.

2. Review of Literature:

In the pursuit of understanding the dynamics of college and university enrollment, scholars have examined various factors
influencing these trends from multiple perspectives. Some researchers have focused on identifying variables that affect
higher education enrollment, treating it as a dependent variable. Studies have revealed that a decrease in veterans'
employment increases college enrollment [24], participation in academic activities positively impacts college admissions
[25], expanded student loan eligibility criteria lead to higher enrollments for men and lower-income areas [26], digital
messaging influences college enrollment positively [27], and COVID-19 has caused a decline in university enroliments
for men [28].

Conversely, other scholars have examined the impact of changes in college enrollment on different phenomena by treating
it as an independent variable. For example, in EU countries, higher education enrollments and globalization indices
significantly affect sustainable development goals, with globalization having a relatively higher impact [29]. Increased
college enrollment also influences college premiums for different students [30], improves health based on enrollment data
[31], and affects labor market dynamics [32]. Most studies examining the impact of university enrollments as an
independent variable have focused on China due to its education reform policies aimed at solving economic and
employment issues through college enrollment expansion [33]. These policies have increased access to higher education
across social classes [34] but have also led to issues such as resource wastage, reduced teaching quality, and increased
education expenses [35]. Consequently, China has optimized its enrollment expansion policy to enhance higher education
quality comprehensively [36].

Geographical factors within a country can led to inequalities in educational opportunities, reflected in three main aspects.
Economic disparities among regions influence access to higher education, as urban areas, particularly capitals, offer better
opportunities regardless of social origin [37]. The uneven distribution of higher education institutions also contributes to
this inequality [38-42]. Cultural differences across regions further exacerbate disparities in resource allocation and
enrollment opportunities [43]. In China, regional variations in higher education enrollment resources are significant [44].
The expansion of college enrollment has impacted regional innovation capabilities differently [45]. However, the
relationship between regions and changes in enrollment numbers, as well as the stability of these numbers, has not been
thoroughly analysed.

3. Methodology:

3.1. Generating synthetic data to validate the robustness and sustainability of our model by testing it with synthetic
data: This synthetic data is generated to mimic the original dataset's distribution and characteristics, allowing us to
evaluate the model's performance on unseen data and comparing it with the original data sets. To achieve this, we employ
a Variational Autoencoder (VAE) to generate realistic and varied synthetic data. This method ensures the synthetic data
generated is representative of the original dataset's distribution and characteristics. Using this data, we can test the
sustainability and robustness of our machine learning model by evaluating its performance on previously unseen data.
This approach helps in assessing the model's generalization capability and reliability in real-world scenarios.

553


http://www.veterinaria.org/
http://www.veterinaria.org/

REDVET - Revista electrénica de Veterinaria - ISSN 1695-7504

Vol 24, No. 4 (2023) biﬁu |695-7504
http://www.veterinaria.org LE% ek mv -
Article Received: 09/11/2023 Revised: 21/11/2023 Accepted: 01/12/2023 v'm“ r‘mwn.mo

3.2. Variational Autoencoder (VAE) Overview: A Variational Autoencoder (VAE) is a type of generative model that
learns to encode input data into a lower-dimensional latent space and then decode it back to the original data space. The
VAE consists of two main parts:

Encoder: Maps the input data to a latent space.

Decoder: Reconstructs the input data from the latent space representation.

3.3. Steps taken to Generate Synthetic Data

3.3.1. Data Preprocessing

e Load the Dataset: The original dataset is loaded into a panda DataFrame.

e Feature Separation: The dataset's features are separated into numerical and categorical columns.

e Data Normalization and Encoding: Numerical features are standardized using StandardScaler, and categorical
features are one-hot encoded using OneHotEncoder.

3.3.2. VAE Model Definition

e Model Architecture: Defining the VAE architecture with an encoder, a sampling layer, and a decoder.

e Encoder: Maps the preprocessed data to mean (z_mean) and log variance (z_log_var) of the latent space.

Sampling Layer: Using z_mean and z_log_var to sample points in the latent space.

e Decoder: Reconstructs the data from the sampled latent space points.

e Loss Function: Combines reconstruction loss (binary cross-entropy) and KL divergence loss to ensure the generated
data is diverse and realistic.

3.4. Model Training
Training: The VAE is trained on the prepared data for a set number of intervals to reduce the overall loss.

3.5. Data Generation
e Latent Space Sampling: Sample points from the latent space to generate synthetic data.
e Post-processing: Add small perturbations to the generated data to introduce variability.

3.6. Data Transformation and Validation

e Inverse Transformation: Transform the generated data back to the original feature space using the inverse
transformations of StandardScaler and OneHotEncoder.

e Column Adjustments: Ensure numerical features are in their expected ranges and formats (e.g., rounding specific
columns to two decimal places).

3.7. Final Adjustments and Saving
e Column Reordering: Reorder columns to match the original dataset's structure.
e Save to CSV: Save the generated data to a CSV file for further use in the project.

4. Result:

Based on the performance metrics of various models (RNN, DBN, DBM, RBM, ESDRBM) evaluated using original and
synthetic data, the results are highly consistent across both data types. The precision, recall, FMeasure, accuracy,
sensitivity, and specificity metrics show minimal differences between original and synthetic data, indicating robust model
performance regardless of data origin. For precision, the differences are minor, with ESDRBM slightly outperforming
other models. Similarly, recall and FMeasure are nearly identical across original and synthetic data, with ESDRBM, RBM,
and DBM showing slightly higher values. Accuracy remains consistently high for all models, with DBM achieving the
highest accuracy. Sensitivity and specificity also display minimal variation, with no significant differences between the
models. Statistical analysis using paired sample t-tests confirms that the differences between original and synthetic data
are not statistically significant across all metrics. The p-values for all tests are high, indicating that any observed
differences are likely due to random variation rather than inherent differences in the data. Overall, ESDRBM, RBM, and
DBM models consistently perform well across all metrics, with no significant performance loss when using synthetic data.

Analysis Parameters: Precision, Recall, FMeasure, Accuracy, Sensitivity, and Specificity for each model (RNN, DBN,
DBM, RBM, and ESDRBM). A comparison between original vs synthetic data set generated from Admission prediction
model (Figure 1). Table 1 shows the Tabular Comparison between original and synthetic data set. Similarly, Table 2 shows
overall Conclusion of tabular comparison between original & synthetic data sets. Whereas Table 3 demonstrates Paired
Sample t-Tests comparison between original and synthetic data sets. Figure 1: Difference between original and synthetic
data performance metrics. Figure 2: Scatter plot of differences (original — synthetic) by model. Figure 3: Box plot
differences between original and synthetic data performance metrics
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Result - Original Data Set
Result Window

Classification Testing:

Precision : £8.22355289421158

Recall : 88.22355289421158
FMeasure : 88.22355289421158
ccuracy : 88.2

Sensitivicy 88.2235528%421158
Specificity 88.17635270541082

T

Existing DBN :

Precision : 90.329218106%9588
Recall : 90.329212810699588
FMeasure : 90.32921810699588
IAccuracy : 90.59059059%05906
Sensitivity : 90.32921810699588
Specificity : 90.83820662768031

Result - Synthetic Data set

-Result Window

Existing DBM :

Precision : 91.27789%046653145
Recall : 91.2778904€653145

FMeasure : 91.27789046€53145
|JAccuracy : 91.4

Sensitivicy : 91.2778%046653145
Specificity : 91.51873767258382

Existing RBM :

Precision : 93.9453125

Recall : 93.9453125

FMeasure : 93.9453125

JAccuracy : 93.7937937937938
Sensitivity : 93.9453125
Specificity : 93.6344969199178¢

Proposed ESDREM :

Precision : 97.42063492063492
Recall : 97.420€3492063492
FMeasure : 97.42063492063492
JAccuracy : 97.3973973973%74
Sensitivity : 97.42083492063492
Specificity : 97.37373737373737

Testing was done successfully...

Classification Testing:

Precision : 88.44621513944223
Recall : £8.49621513944223
FMeasure : £8.44621513944223
[Accuracy : 88.4

Sensitivity : £8,44621513944223
Specificity : 88.35341365461848

Existing DBN :

Precision : 89.83402489626556
Recall : £9.8340248%626556
FMeasure : 89.8340248962655¢
[Accuracy : 90.1901901901502
Sensitivity : £9.8340248%626556
Specificity : 90,52224371373308

Existing DBM :

Precision : 91.0
Recall : 91.0
FMeasure : 91.0

||JAccuracy : 1.0

Sensitivicy : 91.0
Specificity : 91.0

Existing RBM :

Precision : 93.604€511627907
Recall : 93.6046511627%07
FMeasure : 93.6046511627907

||pccuracy : 93.4

Sensitivity : 93.6046511627%07
Specificity : $3.18181818181819

Proposed ESDRBM :

Precision : 97.0645792563€008

Recall : 97.06457925636008

|easure : 97.06457925636008

Accuracy : 97.0
Sensitivity : 97.0€457925636008
Specificity : 9€.93251533742331

Testing was done successfully...

Figure 1: Comparison between Original vs synthetic data set generated from Admission prediction model
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Table 1: Tabular Comparison between original and synthetic data set

Tabular comparison (Option 1)
Parameter Model Original | Synthetic Conclusion
RNN 88.22 88.27 The precision is nearly identical for both.
DBN 90.33 90.96 A slight increase.
Precision DBM 91.28 92.03 An increase.
RBM 93.95 93.39 A slight decrease.
ESDRBM 97.42 97.04 A slight decrease
RNN 88.22 88.27 Consistent recall values for both datasets.
DBN 90.33 90.96 Higher recall with synthetic data.
Recall DBM 91.28 92.03 Higher recall with synthetic data.
RBM 93.95 93.39 Slightly lower recall with synthetic data.
ESDRBM 97.42 97.04 Slightly lower recall with synthetic data.
RNN 88.22 88.27 Consistent FMeasure for both datasets.
DBN 90.33 90.96 Improved FMeasure with synthetic data.
FMeasure DBM 91.28 92.03 Improved FMeasure with synthetic data.
RBM 93.95 93.39 Slightly lower FMeasure with synthetic data.
ESDRBM 97.42 97.04 Slightly lower FMeasure with synthetic data.
RNN 88.2 88.19 Consistent accuracy for both datasets.
DBN 90.59 90.79 Slightly improved accuracy with synthetic
Accuracy data. : -
DBM 91.4 91.99 Improved accuracy with synthetic data.
RBM 93.79 93.60 Slightly lower accuracy with synthetic data.
ESDRBM 97.40 97.00 Slightly lower accuracy with synthetic data.
RNN 88.22 88.27 Consistent sensitivity for both datasets.
DBN 90.33 90.96 Higher sensitivity with synthetic data.
Sensitivity DBM 91.28 92.03 Higher sensitivity with synthetic data.
RBM 93.95 93.39 Slightly lower sensitivity with synthetic data.
ESDRBM 97.42 97.04 Slightly lower sensitivity with synthetic data.
RNN 88.18 88.10 Slightly lower specificity with synthetic data.
DBN 90.84 90.61 Lower specificity with synthetic data.
Specificity DBM 91.52 91.95 Slightly lower specificity with synthetic data.
RBM 93.63 93.80 Higher specificity with synthetic data.
ESDRBM 97.37 96.96 Slightly lower specificity with synthetic data.

Table 2: Overall Conclusion of tabular comparison between original & synthetic data sets

Tabular comparison (Option 2)
Parameter Model Original | Synthetic Conclusion
RNN 88.22 88.27 Overall, the performance in precision across
DBN 90.33 90.96 different models (RNN, DBN, DBM, RBM,
Precision DBM 91.28 92.03 ESDRBM) shows slight Variatiops but gene.ra'lly
RBM 93.95 93.39 consistent performance. The highest precision
ESDRBM 97.42 97.04 scores are observed in ESDRBM, RBM, and DBM
models.
RNN 88.22 88.27 .. .. .
DBN 9033 90.96 Slmlllar to precision, reca}ll scores  are quite
Recall DBM 9128 9203 consistent across models with minor dlfferepces.
RBM 93'9 5 93'39 ESDRBM, RBM, and DBM show slightly higher
ESDRBM 97'42 97'04 recall than RNN and DBN.
EI;E gggg 2(8)52 FMeasure (F1 score) reﬂects a balance between
FMeasure DBM 9128 92.03 precision and recal'l..Aga.m, ESDRBM, RBM, and
RBM 93'9 5 93'39 DBM models exhibit slightly better performance
ESDRBM 97' 1 97' 04 compared to RNN and DBN.
RNN 88.2 88.19 Accuracy scores are consistently high across all
Accuracy DBN 90.59 90.79 models, with slight variations. DBM shows the
DBM 91.4 91.99 highest accuracy among all models.
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RBM 93.79 93.60
ESDRBM 97.40 97.00
RNN 88.22 88.27
DBN 90.33 90.96 Sensitivity scores are very close across all models,
Sensitivity DBM 91.28 92.03 indicating consistent performance in correctly
RBM 93.95 93.39 identifying positive instances.
ESDRBM 97.42 97.04
RNN 88.18 88.10
Specificit BEII:I/I g?gg g?g; Specificity scores also show minimal variation
pectiicity RBM 9 3: 3 9 3: 20 among models, with RBM and DBM slightly higher.
ESDRBM 97.37 96.96

Table 3: Paired Sample t-Tests comparison between original and synthetic data sets

Metric Differences Mean Std. Dev. t-value df p-value | Conclusion
Difference (sd)
)
Precision [-0.05,-0.63,- | -0.098 0.639 -0.342 4 0.748 No
0.75, 0.56, significant
0.38] difference
Recall [-0.05,-0.63,- | -0.098 0.639 -0.342 4 0.748 No
0.75, 0.56, significant
0.38] difference
FMeasure [-0.05,-0.63,- | -0.098 0.639 -0.342 4 0.748 No
0.75, 0.56, significant
0.38] difference
Accuracy [0.01, -0.20, - | -0.038 0.353 -0.241 4 0.820 No
0.59, 0.19, significant
0.40] difference
Sensitivity [-0.05,-0.63,- | -0.098 0.639 -0.342 4 0.748 No
0.75, 0.56, significant
0.38] difference
Specificity [0.08, 0.23, - | 0.024 0.303 0.178 4 0.866 No
043, -0.17, significant
0.41] difference

These results suggest that there is no significant difference between the original and synthetic data across all evaluated

metrics.
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Figure 2: Difference between original and synthetic data performance metrics

Scatter Plot of Differences (Original - Synthetic) by Model
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Figure 3: Scatter plot of differences (original — synthetic) by model

Box Plot of Differences Between Original and Synthetic Data Performance Metrics

-

Precision Recall FMeasure Accuracy Sensitivity Specificity
Metric

0.6

Difference (Original - Synthetic)

—0.81

Figure 4: Box plot differences between original and synthetic data performance metrics

Conclusion: Model Robustness: The model shows consistent performance across both original and synthetic datasets,
indicating robustness. Small variations in metrics are expected due to the inherent differences between real and synthetic

data.

Model Sustainability: The model shows high performance metrics (Precision, Recall, FMeasure, Accuracy) with both
datasets, though slightly lower with synthetic data. This indicates that the model is sustainable and reliable, maintaining
high performance regardless of data origin.

General Model Performance: Models demonstrate high consistency in performance metrics, indicating that the model
can generalize well across different datasets. The slight differences in metrics do not significantly impact the overall
performance and reliability of the prediction models.

The prediction models demonstrate sustainable performance across both original and synthetic datasets. The minor
variations in performance metrics are within acceptable ranges, showcasing the robustness and reliability of the models.
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This confirms the sustainability of the prediction model, ensuring consistent and high-quality performance regardless of

the data source.
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