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ABSTRACT 

Tax evasion is an illegal evasion by a person or a company. This is the intentional 

misrepresentation of a tax return in order to reduce your liability in tax. Tax evasion 

represents one of the big dilemmas of governments and tax authorities around the world, 

but most especially in developing countries. Tax authorities control tax evasion through a 

system based on Tax audits. Tax audit selection is based on audit selection criteria, auditor 

experience, and a non-adaptive randomization selection manual system. The process 

therefore faces subjective judgments, limited data utilization, and susceptibility to corruption-

all these ultimately cause tax evasion. Herein, we present predictive analytics for controlling 

tax evasion using deep learning. In this study, raw data is collected from three sources: 

Customs Commission (138,644 data), domestic (15,070 data) and post-clearance audit history 

(2,686 data) over 5 years in the Ethiopia Customs Commission taxpayers. Using domain 

knowledge we integrated and pre-processed data. The final pre-processed dataset is the 15070 

dataset;  then we split the dataset to 80%  training dataset(12056), 10%test datasets(1507), 

and 10% validation datasets(1507).The data have been trained using deep neural networks, 

AutoEncoder, and  feed-forward neural networks then we used two hyperparameter tuning 

techniques random search CV and Bayesian optimize; and transfer learning to accurate 

predictions. We have predicted five consecutive annual selections for a tax audit and three 

highest tax evasion conditions. We Model then evaluated its mean bias, mean squared error, 

root mean squared error, R-squared, explained variance score, and training and validation 

loss comparing two hyperparameter tuning technique. We concluded that the random search 

CV hyperparameter tuning technique better by reducing error. We also determined using 

random search CV  the feed-forward neural network  the best model, with a mean bias of -

0.0009, mean squared error of 0.0000, and root mean squared error of 0.0038. The best 

performance yielded an R-squared of 99.98%, explained variance core of 99.98%, and 

accurate prediction of tax audit selection and three top tax evasion cases over 5 consecutive 

years. Predictive analysis of each variable is done sequentially but feature researcher uses any 

parallel processing system to minimize analysis time and integrated it with behavioural 

model. 

Keywords: Predictive analytics, Tax evasion, Customs Commission, Deep learning, 

Random search CV, Bayesian optimizer and Transfer learning
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CHAPTER ONE 

INTRODUCTION 

1.1 Background of the Study  

         Taxation can be thought of, in general terms, as a compulsory charge or other levy 

imposed on a taxpayer by a form of government organization. In that context, the funds 

collected are utilized for government spending and collective public expenditures, or to 

redistribute and correct market failures, including negative externalities. There are mostly 

two kinds of taxes: direct and indirect. The main difference between them is in their 

implementation. Direct taxes are labelled on individuals and corporate entities and cannot be 

transferred to others. It mainly comprises income tax, wealth tax, and gift tax, while indirect 

taxes are labelled on goods and services (Kumar, 2018). In this context, we focus on the 

direct taxation system specifically income import taxes. However, some taxpayers often try to 

avoid paying the correct taxes. Tax evasion is illegal evasion by an individual or company. 

This is a deliberate act of incorrectly showing and declaring tax returns aimed at reducing 

your tax liability. Tax evasion is a major problem for governments and tax authorities around 

the world, especially in developing countries (W. Fox et al, 2017).   

       Tax authorities control tax evasion through a system based on Tax audits. Tax audits are 

an important part of tax collection as the main process to correct errors, increase compliance, 

and ensure a fair taxation system (Alm J, 1993). That being said, two organizations control 

evasion by labelled domestic tax called Revenue Post Clearance Audit or international trade 

tax evasion through the Customs Commission known as the import-export post clearance 

audit. This thesis focus on Ethiopia customs commission import taxpayers. The post-

clearance audit process usually starts with taxpayer audit selection through many risk-based 

audit selection criteria; after that, an experienced auditor reviews the selection criteria to 

identify which returns shall be audited(
1
, 

2 
, 

3 
, 

4 
) The selection process of the taxpayers to be 

audited by tax agencies was a manual system, hence requiring subjective judgments, limited 

data utilizations, and susceptibility to corruption causes of tax evasion.  

                                                           

1. WCO GUIDELINE VOL2, 2011,  

2. GUIDELINES FOR POST-CLEARANCE AUDIT (PCA) VOLUME 1, 2018,  

3. የድህረ ዕቃ አወጣጥ የመስክ ኦዲት የመምረጫ መስፈርት የአሰራር ሰነድ, 2018,  

4. የጉምሩክ ቅ/ጽ/ቤቶች ስጋት ሥራ አመራር የአሠራር ማኑዋል ሁለተኛ ዕትም, 2017 
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To address tax evasion issues, predictive analytics are used to control tax evasion using deep 

learning. Predictive analytics has lately been extensively used in companies and other entities 

looking for ways of making better decisions and achieving better results by leveraging 

datasets, advances in computational power, and a new, emerging class of analysts capable of 

extracting knowledge from the ocean of data and information that is currently at our 

fingertips. Revenue and customs pursue the use of predictive analytics in pursuits because it 

recognizes what value can be derived from such an approach (Davenport & Harris, 2007; 

Miller et al., 2006; Davenport & Harris, 2010, Cleary, 2011). Predictive analytics aims to 

anticipate tax fraud so that tax auditors can take appropriate preventative measures (CPI, 

2018). The use of predictive analytics in tax audits not only uses various types of technical 

data analysis to determine the classification of taxpayers based on specific criteria but also 

determines which tax cases or taxpayers are more suitable for tax policy purposes. It informs 

decision-making in the audit selection (Hashim Zade et al., 2016). Demonstrating predictive 

analytics that can revolutionize tax authorities and decision-making processes (Rustagi & 

Goel, 2022). Deep learning is a form of machine learning, the use of data to train a model to 

make predictions from new data. It has shown significant potential in approximating and 

reducing large, complex datasets into highly accurate predictive and transformational output, 

greatly facilitating human-centered systems (Chen & Lin, 2014; Hatcher & Yu, 2018). The 

potential of applying deep learning in auditing is already visible for various risk-based audit 

procedures (Sun and Vasarhelyi 2017). The recent studies demonstrated the capabilities of 

deep learning in different audit tasks: - anomaly detection (Schreyer et al. 2017; Schultz and 

Tropmann-Frick 2020), audit sampling (Schreyer, Sattarov, Gierbl, and Reimer 2020), and 

financial report analysis (Deußer et al. 2022; Hillebrand et al. 2022a, 2022b). Audit firms are 

gathering their first empirical experiences when utilizing deep learning in real-world audit 

settings (Brenner, Van Giffen, and Koehler 2020; Lars Föhr et al. 2023). Deep learning 

model architectures are also associated with high applicability for risk-based audit 

approaches (Gierbl et al. 2021; Sun and Vasarhelyi 2017; Lars Föhr et al. 2023).  We focus 

on the application of deep learning in audit sampling or audit target audit selection using 

predictive analytics to control tax evasion.   

    With this goal in mind, we review different related work for controlling tax evasion: - 

Predictive analytics as a service on tax evasion uses feature engineering strategies (Kishore 

Babu & Vasavi, 2019). This focuses on property tax. The method used is recursive feature 

elimination (RFE) with a random forest algorithm for feature engineering, and ensemble 

models combining artificial neural networks (ANN), auto-regression (ARX), and Gaussian 
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process (GP) for predictive modelling. Finalize by proving feed-forward back propagation 

neural network better in terms of accuracy than regression. Neural network Normalized Root 

Mean Square Error (NRMSE) 0.0113 and Coefficient of determination (COD) 0.99.  In this 

research only determine Normalized Root Mean Square Error (NRMSE) and Coefficient of 

determination (COD) to judge the performance of different models. Deep neural network and 

time series approach for finance systems: Predicting the movement of the Indian stock market 

(Srivastava et al., 2021) using Historical data of NIFTY 50 is collected and converted into a 

time series format and Compared support vector machine, random forest, gradient boosting, 

and deep neural networks. Deep Neural Network performed better over another model with 

an accuracy of 98.7% achieved with 99.5% precision and 93% recalls. In this model, the 

prediction performance varies due to stock sales and the model using fewer datasets. 

Predictive Analytics for Controlling Tax Evasion (Kumar, 2018)this research is focusing on 

indirect tax which is good and services tax. By formulating the problem of detecting circular 

trading fraud as finding clusters in a weighted directed graph, where the edge weights were 

defined using Benford's analysis. A cut-off equal to 0.5 is 86.38% and testing accuracy is 

86.33%. The precision of the model is 85.5%. Recall of the model is 97.97%. This research 

has a time complexity issue. Audit lead selection and yield prediction from historical tax data 

using artificial neural networks (Chan et al., 2022)achieved a 40.1% precision and 58.7% 

recall (F1-score of 0.42) on classifying positive audit leads. This research used simple 

computational methods that under fit in terms of model complexity are usually based on 

empirical rules that have not been statistically validated and do not learn from historical data 

and audit outcomes. A deep learning-inspired belief rule-based expert system (Ul Islam et al., 

2020)compares the long-short memory, Deep Neural Network, and Deep Learning (DL) 

method with the Belief Rule-Based Expert System (BRBES). BRB-DL outperforms other 

methods like Long-Short Term Memory, Deep Neural Network, Fuzzy Deep Neural 

Network, Adaptive Neuro Fuzzy Inference System, and traditional BRBES in terms of 

prediction accuracy, e.g. achieving a Mean Square Error of 4.12 compared to 18.66, 28.49, 

17.05, 16.37, and 38.15 respectively for a combined cycle power plant dataset. In this 

research, only Mean Square Error is compared to decide which model is out preformed.   

our thesis predictive analytics for controlling tax evasion using deep learning develops by 

automating risk-based data pre-processing to handle the black box nature of deep learning 

and compare from deep learning model deep neural network and AutoEncoder,  and from the 

artificial neural network feed-forward neural network to fit Predictive analytics. Using 

predictive analytics powered by deep learning, tax authorities can identify patterns that 
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indicate tax evasion and take proactive steps to prevent it.  So, using deep learning with 

predictive analytics to control tax evasion is a Promising solution that can analyse vast 

amounts of data to uncover hidden patterns and trends. By implementing these techniques, 

tax authorities are more likely to detect and prevent tax evasion, ultimately leading to higher 

incomes, a fair and equitable tax system enhanced economic development, and strengthened 

governance and transparency.  

1.2 Statement of problem   

Tax evasion generally refers to the illegal evasion of paying taxes in whole or in part, and 

this is usually done through deliberate failure to declare or false declarations to tax 

authorities. It includes understating income, profits, and gains earned and/or overstating 

deductions. Tax evasion poses a significant challenge for governments and tax authorities 

around the world (W. Fox et al, 2017). Globally, tax evasion remains a significant issue, with 

estimates suggesting that around $500 billion is lost annually due to tax evasion practices. 

The Global Tax Evasion Report 2024 by the EU Tax Observatory indicates that while there 

have been efforts to combat tax evasion, approximately 25% of global offshore financial 

wealth remains untaxed, highlighting the on-going challenges in addressing this issue (EU 

Tax Observatory, 2023). In Africa, tax evasion is a critical concern that affects revenue 

collection significantly. The African Tax Administration Forum (ATAF) estimates that the 

continent loses about $50 billion annually due to tax evasion. This loss severely hampers the 

ability of African governments to finance development projects and improve public services. 

The report emphasizes the need for stronger tax compliance measures and better enforcement 

to address these challenges (Social Europe, 2023). In Ethiopia faces substantial challenges 

with tax evasion, particularly within its revenue and customs authority.  A study focusing on 

the Ethiopian Revenue and Customs Authority indicates that tax evasion is prevalent, with 

significant methods including non-declaration of income and underreporting of business 

expenses. The study found that tax evasion and avoidance are significant barriers to effective 

tax collection in Ethiopia, with estimates suggesting that tax evasion could account for up to 

33.3% of potential tax revenue in some sectors (Worku Mekonnen, 2021).  

Tax evasion happens differently, we focus on manual audit selection processes which face 

Subjective Selection Criteria: In manual audit selection, auditors often rely on their discretion 

and judgment to select audit cases. This subjectivity can lead to inconsistencies in how cases 

are chosen. Taxpayers may exploit this by presenting themselves as low-risk candidates, thus 
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avoiding audits. For instance, if an auditor is less familiar with certain industries or taxpayer 

behaviours, they may overlook potential red flags, allowing tax evasion to persist (Damissie 

Tolossa, 2023). Limited Data Utilization: Manual audit processes may not effectively utilize 

available data to assess taxpayer risk. Without comprehensive data analysis, auditors may 

miss critical indicators of non-compliance. Corruption and Collusion: In some cases, manual 

audit processes can be susceptible to corruption. If auditors are bribed or colluded with 

taxpayers, it undermines the integrity of the audit process. Taxpayers may feel emboldened to 

evade taxes if they believe they can avoid detection through corrupt practices (Damissie 

Tolossa, 2023). All those results in revenue loss: -Tax evasion significantly reduces 

government revenue, which can have far-reaching consequences for public services and 

infrastructure development. According to the OECD, tax evasion leads to substantial losses in 

tax revenues, limiting the government's ability to fund essential programs such as education, 

healthcare, and social welfare. This shortfall can adversely affect the well-being of citizens, 

leading to inadequate public services and diminished quality of life (OECD, 2021), 

Unfairness and Inequality: - Tax evasion creates an imbalanced tax system where some 

individuals and businesses evade their responsibilities while others comply. This unfairness 

exacerbates social inequality, as those who evade taxes contribute less to the communal pot 

that funds public services. Research from the Institute on Taxation and Economic Policy 

(ITEP) indicates that honest taxpayers may feel disillusioned and frustrated, as they bear a 

disproportionate burden of funding essential services compared to tax evaders (ITEP, 2020). 

This sense of injustice can erode public trust in the tax system and government institutions. 

Market Distortions Businesses that engage in tax evasion can gain an unfair competitive 

advantage over their law-abiding counterparts. This advantage distorts market dynamics, 

undermining fair competition and potentially leading to economic inefficiencies. According 

to a report by the World Bank, tax evasion can result in market imbalances, business closures, 

and reduced innovation, as compliant businesses struggle to compete (World Bank, 2019), 

Weakened Governance: - Tax evasion undermines good governance and the rule of law. It 

erodes trust in government institutions and can foster an environment conducive to corruption 

and illicit financial activities. A study by the United Nations highlights that addressing tax 

evasion is crucial for strengthening governance and promoting transparency in financial 

practices (UN, 2021). A robust tax system is essential for maintaining public confidence and 

ensuring that government functions effectively.  

our thesis to overcome the tax evasion problem developed predictive analytics for controlling 

tax evasion by integrating company rule to manage the black box nature of deep learning; 
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using deep learning models to analyse complex and large data, and using predictive analytics 

to predict taxpayers to be audit for five consecutive years by using transfer learning.  So 

using deep learning with predictive analytics to control tax evasion can analyse vast amounts 

of data to uncover hidden patterns and trends. After all, reducing the problem, the reality 

became increased government revenue, fair and equitable tax system, enhanced economic 

development, and strengthened governance and transparency. 

1.3 Research question  

The research questions are:  

1. Which deep learning model can best suit predicting patterns and anomalies of tax 

evasion in a large dataset and compare with traditional predictive models for five 

consecutive years?  

2. Which Hyperparameter tuning technique is better optimizing the models? 

1.4 Objective  

1.4.1 General objective  

The general objective of the thesis is predictive analytics for controlling tax evasion using 

deep learning: The case of the Ethiopia Customs Commission taxpayers.  

1.4.2 Specific objective  

The following specific objective to achieve the above general objective: -  

 To review post clearance audit selection criteria and customs commission risk 

analysis. 

 To prepare the data according to post clearance audit selection criteria 

 To pre-processed the data by handling missing value, outliers, and inconsistence of 

data. 

 To design Predictive analytics models using different deep learning techniques to 

predict tax evasion and traditional predictive analytics models to predict for five 

consecutive years using transfer learning.   

 To optimize the model using hyperparameter tuning techniques  

 To evaluate the performance of the deep learning model in predicting tax evasion. 

This involves assessing the model's mean square error, root mean square error, r-

squared, and mean bias.  

 To Compare different model evaluation results   
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 To propose recommendations on how deep learning-based models can be used to 

boost the effectiveness of existing tax administration measures. This involves 

exploring how the model can be integrated into existing tax systems and identifying 

areas where further research is needed.  

1.5 Significance of the study  

Predictive analytics and deep learning can be extremely useful in controlling tax evasion. The 

significance of study are early detection of tax evasion, improved accuracy in tax 

assessments, reduce fraud and errors, fair and equitable tax system and faster processing. All 

these benefits contribute to more reliable tax collection and ultimately contribute to 

strengthening national economies.  

1.6 Scope and limitation   

1.6.1 Scope  

In this research, predictive analytics for controlling tax evasion in the case of Ethiopia 

customs commission. Currently there is a lot of Customs Commission all over the world. 

There are also different audit selection criteria for different country. For this research work, 

Ethiopia customs commission is selected. We focus on direct tax evasion specifically due to 

import taxpayers. Tax evasion happens differently; we focus on manual audit selection 

processes that face Subjective Selection, limited utilization of data, and susceptibility to 

corruption ultimately causing tax evasion. To conduct the objectives, deep learning 

techniques are compared with the classical model of artificial neural networks. We selected 

deep neural network, AutoEncoder, and feed-forward neural networks then used for 

predictive analytics.   

1.6.2 Limitation.   

 The study focuses only on tax evasion due to import taxpayer audit selection.  

 Due to time constraints, the findings of this study have not been experimented with 

using new data. 

1.7 Thesis Organization  

The organization of the study is the overall content of the study which was conducted to 

develop predictive analytics for controlling tax evasion: The case of Ethiopia customs 

commission taxpayers.  
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Chapter One: This chapter of the study includes an introduction to the background of the 

study and discusses a general overview of the title, and statement of the problem by 

answering what is problem of tax evasion is. When this problem begins to import taxpayers? 

Why tax evasion is the problem? What predictive analytic and deep learning solution to the 

problem? Finalize what reality becomes after the solution, the objective of the study, research 

question, significance of study, scope and limitation, and thesis organization.  

Chapter Two:  in this chapter literature review discussed theoretical reviews and related 

work of study. A theoretical review helps us to get a supportive idea related to predictive 

analytics, deep learning, tax evasion, and another used to model and optimizes deep learning. 

Related work is to analyse the existing system to gain a further understanding of the study 

area and to indicate what other researchers have already done to bear their limitations to the 

present study.  

Chapter Three: In this chapter research methodology and material are discussed. These 

include an introduction, research objectives, data collections, data understanding, data 

preparations, data pre-processing, modelling, evaluation, a summary of methodology and 

material used based on customs commission risk analysis, time series analysis, predictive 

analytics, and deep learning.   

Chapter Four: in this chapter the proposed solution and implementation.  Discuss  proposed 

model work and ethical consideration.  

Chapter Five: In this chapter's results and discussion.  Then obtained result from deep 

learning model and comparing it. Discuss the results of different models. Then perform 

hyperparameter tuning using random search CV and Bayesian optimizer. 

Chapter six: In this chapter conclusion, research contribution, and recommendation. The 

conclusion of the study should be summarized and report clearly how all the research 

questions are answered, and the objective is achieved. The research contribution is precisely 

the contribution of this thesis. The recommendation part gives information for the user of this 

study and what the other researcher must include to enhance this study is mentioned. 



9 
 

CHAPTER TWO 

LITERATURE REVIEWS 

2.1 Theoretical reviews  

2.1.1 Predictive Analytics: is a form of data analysis that makes use of statistical 

techniques and machine learning algorithms in parsing data, identifying predictive patterns, 

and forecasting future events or trends. The approach analyses past data for patterns and 

correlations upon which forecasts regarding future trends or occurrences are made (Linda 

Tucci, 2021).  

2.1.2 Why Predictive Analysis  

Organizations seek help from predictive analytics to solve problems by (Rustagi & Goel, 

2022): -   

• Identifying fraud: Combining several analytical methods can refine pattern detection and 

prevent criminal behaviour.  

• Optimizing trading campaigns: Predictive analysis is used to examine customer responses, 

create new business models, and promote opportunities. Models may help businesses attract, 

retain, and grow their most profitable customers.  

• Enhancement in operations. Most industries use predictive models to predict inventory and 

management of resources. 

2.1.3 Process of predictive analytics  

 

Figure 2-1 process of predictive analytics 
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Process of predictive analytics: - 

Pre-Processing (Figure 2-1): Forecast by determining the previous and present performance 

and studying the historical data.  

Data Analysis (Figure 2-1): By this, we determine what has happened and why. Prepare 

Data: Identify the data resources. Data could be in different formats and how we can use the 

data. Evaluate the quality of the data.  

Data Processing (Figure 2-1): Based on a study of datasets, best-fit modelling techniques 

have been applied such as regression, pattern recognition, K nearest neighbour (KNN), 

support vector machines, etc.  

Assessment (Figure 2-1): is process includes a graphical representation of data, reports for 

comparative study, and analysis.  

Deployment (Figure 2-1): It helps in decision-making in day-to-day processes. It is a time-

dependent and delayed process that comes across with a lot of challenges.  

Monitor and Improve (Figure 2-1): Determines what is happening now and necessary 

measures to be taken for the enhancement  

2.1.4 Deep learning  

Deep learning is a subset of machine learning, a field dedicated to the research and 

development of learnable machines (to sometimes reach general artificial intelligence). In 

industry, deep learning is used to solve practical tasks in various fields such as computer 

vision (images), natural language processing (text), and automatic speech recognition (audio) 

(Andrew W. Trask, 2019). In other words, Deep Learning is a subset of methods in machine 

learning toolboxes that primarily use artificial neural networks, a class of algorithms loosely 

inspired by the human brain (Figure 2-2).  

 

 

Figure 2-3 Deep learning relations with AI and MI 
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2.1.5 Deep Learning Methods  

Convolutional Neural Networks (CNN), Recurrent Neural Networks (RNN), DE Noise 

AutoEncoders (DAE), Deep Belief Networks (DBN), Long Short-Term Memory (LSTM) 

and deep neural networks (DNN) are the most popular and widely used deep learning 

techniques. A description of each method is provided along with notable applications 

(Mosavi et al., 2020).  

2.1.5.1 Convolutional Neural Network (CNN)  

The CNN is one of the most famous architectures in DL technology. Generally, this 

technique is used for image processing applications. A CNN contains three kinds of layers: 

convolutional layer, pooling layer, and fully connected layer (Figure 2-4). It has two phases 

in its training process: feed-forward phase and back-propagation phase. Famous 

architectures in CNNs are ZFNet, Google Net, VGGNet, Alex Net, and ResNet. CNNs are 

known primarily for their applications in image processing, although other areas of 

applications are represented in the literature as well (Mosavi et al., 2020).   

 

                              Figure 2-5 Convolutional Neural Networks (CNN) architecture 

2.1.5.2 Recurrent Neural Networks (RNN)  

RNNs are designed to recognize sequences and patterns, like speech, handwriting, text, and 

applications alike. The cyclic connections are helpful in RNNs for the iterative 

computation-based architectures that are designed to process input data sequentially (Figure 

2-6). RNNs usually stand for feed-forward neural networks that, over time, have been 

extended by having the edges flow to the next step in time instead of the next layer within 

the same time step. The RNNs keep every previous input data in the hidden units of state 

vectors and use them to compute the output (Mosavi et al., 2020).  
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                             Figure 2-7 Recurrent Neural Networks (RNN) architecture 

2.1.5.3 DE Noising AutoEncoder (DAE)  

DAE was extended from AE as an asymmetric neural network for learning functions from 

noisy datasets. A DAE consists of three main layers, including an input layer, an encoding 

layer, and a decoding layer (Figure 2-8). DAEs can be aggregated to handle higher-level 

functions. Stacked DE Noising AutoEncoder (SDAE) is generated as an unsupervised 

algorithm by the DEA method and can be used for nonlinear dimensionality reduction. This 

method is a kind of feed forward neural network and uses a deep architecture with multiple 

hidden layers and a pre-training strategy (Mosavi et al., 2020). 

 

                              Figure 2-9 DE noising AutoEncoder (DAE) architecture 

2.1.5.4 The Deep Belief Networks (DBNs)  

DBNs is used to learn high-dimensional manifolds of data. This method involves multiple 

layers with connections between layers, except connections between units within each layer 

(Figure 2-10). A DBN can be viewed as a hybrid multilayer neural network containing 

directed and undirected connections. The DBN contains a greedily trained Constrained 
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BoltzmannMachine(RBM)(Mosavi,et,al.,2020).

 

                            Figure 2-11 Deep Belief Networks (DBNs) architecture  

2.1.5.5 Long Short-Term Memory (LSTM)  

LSTM is an RNN technique that uses feedback connections for general-use destination 

computers. This method can be used for both sequence and pattern recognition and image 

processing applications. In general, an LSTM contains three central units, including input, 

output, and forget gates (Figure 2-12). LSTMs control the decision when to enter a neuron 

and can remember what was computed at the previous time step. One of the main strengths of 

the LSTM method is that it makes all these decisions based on the current situation. Input it 

(Mosavi et al., 2020).  

  

                          Figure 2-13 Long Short-Term Memory (LSTM) architecture 



14 
 

2.1.5.6 Deep neural network (DNN): is develops hierarchical artificial neural networks 

consisting of layers of neurons. a DNN trained with a large volume of data can represent 

more and more complex functions. Compared to a traditional neural network, a DNN has 

more consecutive hidden layers and more neurons within each layer (Figure 2-14). This 

structure allows the neural network to identify high-level and abstract data features from the 

raw data. Specifically, the more complex data features identified by a successive layer are 

built upon the other, simpler data features extracted by the predecessor layer. Such a data 

transition and transformation process through multiple layers of neurons makes a DNN a 

"thinking" machine (Najafabadi, et al., 2015). 

 

 

Figure 2-15 deep neural network architecture 

2.1.6 Tax evasion: It is the illegal process of evading  paying tax liability by 

misrepresenting one's or business entity's actual tax liability (W. Fox et al, 2017, Julia 

Kagan, 2022).  

2.1.7 Ethical consideration: Ethical consideration means the basis of conduct or practice 

with a system of moral principles or values concerning the consequences of certain actions 

that affect human beings and society. Ethics in deep learning and artificial intelligence will 

highly contribute to the building up and deployment of such technologies responsibly. The 

following key ethical issues arise from the use of deep learning and AI:  
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                               Figure 2-16 Ethical consideration for predictive analytics 

Security and Privacy Concerns (Figure 2-16): Ideally, predictive analytics or predictive 

intelligence involves linking data from multiple sources with social data to identify trends 

and provide insights for decision-making. With many new sources of data becoming 

available, such as data from social media applications, aggregating these data sources to 

achieve predictive analytics raises privacy concerns and requires new ways to preserve 

privacy (Bates et al., 2014; Petersen, 2018).   

Integrity (Figure 2-16): Another ethical issue with predictive risk intelligence relates to a lack 

of integrity when designing or using algorithms. For many companies, revealing certain 

information would have a knock-on effect on their business. Therefore, they may 

compromise the integrity of their processes to save their business (Hacker, 2018). There 

exists an associated danger of a business and its ethical responsibilities towards other 

stakeholders conflicting.  

Transparency and fairness of automated decision-making (Figure 2-16): There is a 

question of algorithms' transparency and fairness with the intelligence being predictive risk 

intelligence. (Wachter, Mittelstadt, & Floridi, 2017b). According to Wachter et al., (2017), 

this concern arises because SIS use complex and opaque algorithmic mechanisms that can 

have many unintended and unexpected effects. When it comes to transparency and fairness in 

the automated decision-making process, such as predictive risk intelligence, users or clients 

only get a limited idea of why a decision has been made in a certain way, which does not 

mean the decision is justified, or legitimate (Wachter, Mittelstadt, & Floridi, 2017a). 
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Algorithmic Bias (Figure 2-16): There are also concerns about the reliability of using AI in 

making predictions. For example, AI can learn bias and prejudicial values when they are 

present within the dataset, leading to unfair or inaccurate predictions (Barocas & Selbst, 

2016). A lack of reliability in the predictions that are made by the SIS can be introduced 

when certain data are either included in or excluded from the training dataset. Due to 

potential bias in developing algorithms, AI can learn pre-existing inequalities that are present 

in the training dataset, resulting in a bias towards historically disadvantaged populations 

(Barocas & Selbst, 2016).  

2.1.8 Hyperparameters Some of the most important configuration settings are in machine 

learning, with hyperparameters controlling how a model learns or makes predictions. 

Proper tuning of these hyperparameters is critical in bringing significant improvements in 

model performance (Bartz, 2023).  

Key Hyperparameters: -  

The Number of Neurons: This is used in neural networks for the number of neurons within a 

layer. Having more neurons allows the model to learn more complicated patterns, but it might 

also raise the chances of overfitting.  

Learning Rate: amplitude of the step taken at each iteration of optimization, this 

hyperparameter will set the size. If too high, the learning rate might get stuck into a 

suboptimal solution after a few iterations; if too low, the training might take too much time. 

Activation Function: Type of activation function-the most common are ReLu, Sigmoid, and 

Tanh-affects how the output of a neuron is computed and can significantly influence the 

learning dynamics of the model.  

Epochs: This is a hyperparameter that defines the number of times a feed forward network 

sees the entire training dataset. Having more epochs could improve learning; however, this 

may also cause overfitting when your model starts memorizing the training data. 

Batch Size: The number of training examples used in one iteration. Smaller batch sizes can 

be more representative of the true gradient, but this causes longer training times. 

Optimizer: The optimization algorithm used, such as Stochastic Gradient Descent and Adam, 

defines the method of updating the model parameters based on the gradients. Consequently, 

different optimizers converge at different rates and may be more suitable for various 

problems than others. 
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2.1.8.1 Hyperparameter Tuning  

In a nutshell, hyperparameter tuning means enhancing these settings even further to better 

optimize model performance. Essentially, this involves experimenting with various 

combinations of hyperparameters and then testing the performance with a validation set 

(Bartz, 2023).  

2.1.8.2 Hyperparameter Tuning Techniques  

Grid Search: A grid search entails an exhaustive search in the pre-defined subset of 

hyperparameters to identify their most optimal combination (Bartz, 2023).  

Random Search: Unlike evaluating all combinations, this technique randomly samples the 

hyperparameter space, which in most cases is more efficient than grid search (Bartz, 2023).  

Bayesian Optimization: This method is a way of learning a probabilistic model of the 

mapping between hyperparameter values and model performance. Then, using this model, it 

decides which hyperparameters are the most promising to evaluate next (Bartz, 2023).  

Evolutionary Algorithms: are bio-evolution-inspired algorithms which employ mutation 

and selection processes in order to study the hyperparameter spaces (Bartz, 2023).  

Automated Hyperparameter Tuning: Hyperband, neural architecture search, etc.-

advanced techniques have helped in automating the tuning process, hence making it more 

efficient and effective. 

2.2 Related work  

In related research, the research era related to my research, various algorithms were used to 

predict tax evasion. Predicting tax fraud using a supervised machine learning approach 

(Murorunkwere et al., 2023). This paper compares the performance between Artificial 

Neural Networks, Logistic Regression, Random Forest, Decision Trees, GaussianNB, and 

eXtreme Gradient Boosting. The best accuracy of 92% was found in Artificial Neural 

Networks over the rest of the models. Predictive analytics as a service on tax evasion using 

feature engineering strategies (Kishore Babu & Vasavi, 2019). In this paper, the researcher 

used recursive feature elimination (RFE) with a random forest algorithm for feature 

engineering, and ensemble models combining artificial neural networks (ANN), auto-

regression (ARX), and Gaussian process (GP) for predictive modelling. Found that feed-

forward back propagation neural network proved to be better in terms of accuracy than 

regression. Neural network Normalized Root Mean Square Error (NRMSE) 0.0113 and 

Coefficient of determination (COD) 0.99. Deep Learning Applications In Audit Decision 
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Making(Sun et al., 2018). In this paper, the researcher used a deep learning textual analyser 

provided by IBM Watson's Alchemy Language API to extract sentiment features from 

earnings conference call transcripts. And compare three models logistic regression, random 

forest, and artificial neural network. Then concluded random forest was performed 

sentimental model with an accuracy of 83.57%. Data Mining Based Tax Audit Selection: A 

Case Study of a Pilot Project at the Minnesota Department of Revenue (Hsu et al., 2015). In 

this paper researcher used a data mining-based approach. Found that The ROI value for the 

manual audit selection process used at the time of the pilot project for APGEN Large is 1652 

% and the same for the data mining-based approach is 2300 %. This represents a 39.2 % 

increase in efficiency. Bayesian Networks on Income Tax Audit Selection Case Study of 

Brazilian Tax Administration (Sólon da Silva et al., 2023.) . In this paper researcher used two 

types of Bayesian networks Naive Bayes and Tree-Augmented Naive Bayes. Naïve Bayes is 

already a good tool to select those taxpayers who can and cannot be dismissed from being 

audited performing 45%. Tree-Augmented Naïve Bayes had no major advantages and 

performed 34%. Deep neural network and time series approach for finance systems: 

Predicting the movement of the Indian stock market (Srivastava et al., 2021). In this paper, 

the researcher compares support vector machines, random forests, gradient boosting, and 

deep neural networks. Found that Deep Neural Network performed better over another model 

with an accuracy of 98.7% achieved with 99.5% precision and 93% recalls. A deep learning-

inspired belief rule-based expert system (Ul Islam et al., 2020) . In this paper, the researcher 

compares the Long-Short Term Memory, Deep Neural Network, and Deep Learning (DL) 

method with the Belief Rule-Based Expert System (BRBES). Found that BRB-DL 

outperforms other methods like Long-Short Term Memory, Deep Neural Network, Fuzzy 

Deep Neural Network, Adaptive Neuro Fuzzy Inference System, and traditional BRBES in 

terms of prediction accuracy, e.g. achieving a Mean Square Error of 4.12 compared to 18.66, 

28.49, 17.05, 16.37, and 38.15 respectively for a combined cycle power plant dataset.  Deep 

Learning meets Risk-based Auditing: A holistic Framework for leveraging Foundation and 

Task-specific Models in Audit Procedures(Lars Föhr et al., 2020.). In this paper researcher 

proposes a framework based on the CRISP-DM (Cross-Industry Standard Process for Data 

Mining) process model and AI (Artificial intelligence) Canvas for the implementation and 

utilization of DL in risk-based auditing. Empower auditors to make use of DL models in 

identifying and evaluating the risks of material misstatement of the financial statements, 

which is part of the general trend to elevate the quality of audits. 

Various studies on Predictive analytics, Deep Learning, and Artificial Intelligence have 
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been carried out for prediction of fraudulent claims against tax frauds and evasion. Further 

research in these areas includes:  

Table 2-1 comparison of related works 

No  Title   method  Limitation   Result   

1. Predictive Analytics for 

Controlling Tax Evasion 

(Kumar, 2018)  

Formulating the problem of 

detecting circular trading 

fraud as finding clusters in a 

weighted directed graph, 

where the edge weights were 

defined using Benford's 

analysis.  

Used traditional 

machine learning 

algorithm.  

cutoff equal to 

0.5 is 86.38% 

and testing 

accuracy is 

86.33%. 

Precision of the 

model is 85.5%. 

Recall of the 

model is 

97.97%   

  

2.  Audit lead selection and 

yield prediction from 

historical tax data using 

artificial neural 

networks (Chan et al., 

2022)  

artificial neural networks  Not been statistically 

validated, and do not 

learn from historical 

data and audit 

outcomes.  

achieved a 

40.1% precision 

and 58.7% recall 

(F1-score of 

0.42) on 

classifying 

positive audit 

leads   
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3.  Predictive Analytics and 

the Targeting of Audits 

(Hashimzade et al., 

2015)  

predictive analytics based on 

Tobit and logit regression 

models  

Used traditional 

model 

The reported 

coe¢ cients and 

standard errors 

are the maximum 

likelihood 

estimates from 

the data 

accumulated up 

to the final 

period of one 

simulation are 

2077 

observations and 

1943 

observations in 

Tobit and logit 

regression model 

respectively.  

  

  

4.  Tax crime prediction 

with machine learning: 

A case study in the 

municipality of São 

Paulo (Ippolito & 

Lozano, 2020)  

Neural Networks, Naive 

Bayes, Decision Trees, 

Logistic Regression, 

Random Forests, and 

Ensemble Learning  

Used traditional 

model 

Random Forests 

best 

performed Recall 

51.6% , 

Precision 87.0% 

,  F-measure 

64.8 %, 

Accuracy 66.2% 

, Specificity 

88.3%  

      

  

5.  Non-Factoid Answer Long Short-Term Memory Use small datasets.  LSTM model 
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Selection in Indonesian 

Science Question 

Answering System 

using Long Short-Term 

Memory (LSTM) 

(Hanifah & 

Kusumaningrum, 2021)  

(LSTM)  was evaluated 

using Mean 

Reciprocal Rank 

(MRR) is 

90.06% and 

Mean Average 

Precision (MAP) 

metrics is 

78.69%    

6.  Gated Mixture 

Vibrational 

AutoEncoders for Value 

Added Tax audit case 

selection (Kleanthous & 

Chatzis, 2020)  

Gated Mixture Vibrational 

AutoEncoder deep network  

Not optimized the 

model and not 

compared with other 

model. 

76% accuracy  

7.  Applying robotic 

process automation 

(RPA) in auditing: A 

framework (Huang & 

Vasarhelyi, 2019)  

robotic process automation   

  

Do not specify which 

country to auditing. 

99.9% accuracy   
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CHAPTER THREE 

METHODOLOGY AND MATERIALS 

Introduction 

In this chapter, we carried out Predictive analytics for controlling tax evasion using deep 

learning: in the case of Ethiopia Customs Commission taxpayers. These procedures include 

research objectives, data collection, data understanding, and data preparations; data pre-

processing, modelling, evaluation, and material used. A general explanation of the research 

process is shown in the Figure 

. 

 

                            Figure 3-1 Predictive analytics using deep learning methods                   

3.1 Data collection procedure  

o The Purpose of Data Collection: The main purpose of data collection is to fulfil the 

general objective of Predictive analytics for controlling tax evasion using deep 

learning: the case of Ethiopia Customs Commission taxpayer‟s thesis. Mainly 

focusing on controlling tax evasion in the audit selection process. 

o Plan the Data Collection Process: planned three months to collect data. First, one 

month of understanding how to use deep learning and predictive analytics for 

controlling tax evasion and business. Then the data required for the model controlling 
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tax evasion. Second, for one week identified how and where to get the data set, thirdly 

designed the data collection tools, fourthly for one month and two weeks we collected 

the data required from identified sources.   

3.1.1 Identify Data Sources:  the relevant data sources are Ethiopia Customs Commission 

ECMS data of importers from Ethiopia Customs Commission, historical data of post 

clearance audit from Ethiopia Customs Commission post clearance audit, and domestic 

revenue data of importers from Ethiopia revenue minister to model deep learning and 

predictive analytics for controlling tax evasion. 

3.1.2 Design Data Collection Tools: we created the necessary tools to collect the data. This 

involves soft tools notebook and questionnaires, and hard tools 32GB flash drive set. 

3.1.3 Data collection: to execute a data collection plans; gathering data from the identified 

sources. we collected the five years importer data from 2018 to 2022 GC years  which 

contain  138,644 row by 37 columns excel datasets of import taxpayers from the Ethiopia 

customs commission head office provided via Gmail waleligntsige25@gmail.com  and flash 

drive,  they  are  employer, domestic revenue five years data of importer from 2018 to 2022 

GC years which is collected from Ethiopia revenue minister which contain 15,070 row by 2 

columns excel data sets provided via Gmail bakinardyee@gmail.com employer of Ethiopia 

customs commission head office and  historical data of post clearance audit  five years data  

from 2018 to 2022 GC years which contain 2686 rows by 6 columns excel data sets provided 

via Gmail abrehetg@gmail.com Ethiopia customs commission employer, the books of risk 

analysis,  manual audit section criteria  and post clearance audit manual  are provided via 

flash drivers. And also token one month 15 hrs. Lecture by senior expert on audit selection 

processes; how the current audit selection works based on manual rule-based using Excel 

sheet and each of 11 steps for audit selection criteria calculation from the data sets and the 

company rule. The collected data consisted of three data types categorical, numerical, and 

date time.  
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Figure 3-2 Historical audit datasets of Ethiopia customs commission taxpayers 

 

Figure 3-3 Domestic datasets of Ethiopia customs commission import taxpayers 
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Figure 3-4 ECMS datasets of Ethiopia customs commission taxpayers 
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3.1.4 Data description  

Table 3-1 Data description ECMS datasets 

No Attribute Name Data 

type 

Data description 

1 
TIN object 

The taxpayers‟ identification numbers 

2 
Importer object 

The importer is taxpayer 

3 
CIF ETB float64 

Total amount cost, insurance and fright  

4 
Declarant Name object 

The name of person work for importer.  

5 
Declarant Code int64 

It  is the unique number for declarant 

6 
Agent Code object 

It is the unique number for agent 

7 
Agent Name object 

The name of person work for declarant 

8 
Total Amount Paid int64 

The payment in destination office. 

9 
Total Tax Amount float64 

The total all tax paid by importer. 

10 
Agent Telephone object 

The telephone number of agent. 

11 
Top Up float64 

The amount paid by offence.  

12 
Total amount to be paid float64 

The amount of tax not paid 

13 
Cleared Date object 

The date the document cleared. 

14 
Importer Telephone object 

The telephone number of importer. 

15 
Importer Address object 

The address of importer. 

16 
Cleared Flag object 

The document cleared flag. 

17 
Assessment Notice 

Status 
object The document status when assessment. 
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18 
Released_By object 

The customs officer released document. 

19 
Country (Origin) object 

The country where goods made in. 

20 
Country (Consignment) object 

The country where goods consign. 

21 
Released object 

The good release from clearance unit. 

22 
Dec. Status object 

The document declaration status. 

23 
Invoice Amount float64 

The amount the customer paid. 

24 
Currency Code Decs. object 

The code given to currency on document. 

25 
Currency Code object 

The code of currency. 

26 
Current Lane object 

The risk after payment of tax and duty. 

27 
Original Lane object 

The risk when document declare. 

28 
Section object 

The different units in customs office. 

29 
Asmt. Date object 

The assessment date of documents. 

30 
Reg. Date object 

Date of document registration to customs. 

31 
Dec. Reference object 

The declaration reference of document.  

32 
Reg. No object 

The document registration number. 

33 
Reg. Serial int64 

The document registration serial. 

34 
Dec. Type object 

The document declaration type. 

35 
Year int64 

The year of importer take service. 

36 
Office Name object 

The branch office goods is consigned. 

37 
Office Code object 

The code give to branch office. 
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Table 3-2 Data description domestic datasets 

NO. Attribute Name Data types Data description  

1 
TIN object 

Taxpayer identification numbers. 

2 
Domestic risk object 

The risk of importer domestic. 

Table 3-3 Data description historical audit datasets 

NO. Attribute Name Data 

types 

Data description 

1 
Year int64 

The year taxpayer audited. 

2 
TIN object 

Taxpayer identification numbers. 

3 
PCA_Audit_Types object 

The post clearance audit types. 

4 
PCA_Fraud_Types object 

The post clearance audit fraud types. 

5 
PCA_Top_Up 2 object 

The past clearance audit office amount 

6 
Branches object 

The customs branch audited. 

3.2 Data preparation 

In the data preparation steps, we accomplished data conversion, data cleaning, data sampling, 

and feature extraction (dimensionality reduction).   

3.2.1 Data conversion  

1. Data replacement: for data confidentiality the TIN, declarant code, Reg. No, Dec. 

References, Importer, Importer Address, Importer Telephone, Declarant Name, Agent Code, 

Agent Name, and Agent Telephone columns are replaced by another equivalent value. For 

example, for TIN columns the current value is 0093273222 then it did amend by excel 

function = SUBSTITUTE (SUBSTITUTE (sheet1 TIN columns, "9", "5"), "2", "7") then new 

TIN be 005373777.  This is done by a data-providing company and it works for the rest of the 

columns that need confidentiality.   

2. Convert the Excel data to CSV data (comma-separated value) 
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3. Rename data sets: The Ethiopia Customs Commission  ECMS data set is renamed as 

Data1, the Ethiopia Ministry of Revenue data is renamed as Data2, and the Ethiopia Customs 

Commission post clearance audit history data set is renamed as Data3.  

3.2.2 Data Cleaning 

A. Handle missing values: - Check missing values in each of the columns, and decide how 

to handle missing values; this is accomplished by imputing the missing value with 

appropriate values and removing the columns based on the necessity of the columns for 

feature selection.  

 In Data1 the column Currency Code Decs are not necessary for feature selection according 

to domain knowledge so remove the column. This is done by removing the missing value 

column the column 'Currency Code Decs.' is specified as an argument to the drop() method. 

The axis parameter is set to 'columns' to indicate that we want to drop the specified column 

'Currency Code Decs.'. Then assign the Data1 data frame to Data1_rmvc. 

 In Data 2 the Domestic risks are necessary for feature selection according to domain 

knowledge so fill the non-value columns with Green. This is done by the fillna () method to 

replace any none or null values in the 'Domestic risks' column of the 'Data2' data Frame with 

the string 'Green'. Since the Green is the lowest risk value from the customs commissioner is 

zero so for string value making Green is equal to zero. Then assign the Data2 data frame to 

Data2_rmvr. 

  In Data3 the two columns have missing values. Those are PCA_Fraud_Types and 

PCA_Top_Up 2. From those PCA_Top_Up 2 is necessary for feature selection so that the 

missing value is handled by filling zero value to PCA_Top_Up and PCA_Fraud_Types 

columns is not necessary for feature selection based on domain knowledge so removing the 

column from the data frame by the missing value column 'PCA_Fraud_Types' is specified as 

an argument to the drop() method. The axis parameter is set to 'columns' to indicate that we 

want to drop the specified column 'PCA_Fraud_Types'. The data frame is assigned as 

Data3_re_drop. 

B. Handle outliers: - The outliers due to data entry errors or measurement mistakes can be 

removed from the dataset. 

  In Data3 the outlier data due data entry mistake of column PCA_Top_Up 2 must contain the 

numeric data, either float or int data types according to domain knowledge but due to mistake 

data entry, object data types. So we identified the non-numeric data types in the 

PCA_Top_Up 2 column and replaced it with zero value. 

C. Handle inconsistency: - Handle by formatting data in the correct form. 
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In Data1 all formatting is correct since the data collected from the ECMS system is 

consistent. 

In Data2 the data fills the Excel sheet manual so it has data inconsistency in capitalization. To 

handle the data inconsistency first, change the string value columns into lowercase letters and 

then again capitalize the first letter Domestic risk column necessary for feature selection so 

make it constituency.  

In Data3 the data fills the Excel sheet manual so it has data inconsistency in capitalization but 

the data needed for feature selection is consistent so leave these steps.  

3.2.3. Data Sampling   

The dataset is large; consider sampling a representative subset for analysis or model training 

to reduce computational requirements. In this we select dependent variable based on domain 

knowledge from Data1 columns selected  'Office Name', 'Year',  'Original Lane',  'Country 

(Consignment)',  'Country (Origin)',  'TIN',  'Declarant Code', 'CIF ETB', 'Total Tax Amount', 

'Top Up', Data2 columns selected all columns, and Data3 columns selected  Year, TIN',  

'PCA_Top_Up 2'. Those columns are used to calculate the independent variable according to 

the domain knowledge of Customs Commission post-clearance audit selection criteria.  

3.2.4 Feature extraction 

 After selecting the sample data based on domain knowledge audit selection criteria. Need to 

reduce the dimensionality of our data to save computation resources. 

Dimensionality reduction: Reduce the number of features in the dataset while preserving 

important information. Data1 columns selected to be reduced „Office Code', 'Dec. Type', 

'Reg. Serial',  'Reg. No', 'Dec. Reference', 'Reg. Date', 'Asmt. Date', 'Section',  'Current Lane',  

'Dec. Status',  'Invoice Amount',  'Currency Code',  'Currency Code Decs.',  'Released', 

'Released_By',  'Importer', 'Importer Address',  'Importer Telephone', 'Declarant Name', 

'Agent Code',  'Agent Name', 'Agent Telephone',  'Assessment Notice Status', 'Total Amount 

TO Be Paid',  'Cleared Flag', 'Cleared Date' and Data3 columns selected to be reduced  

'PCA_Audit_Types', 'Branches'. Those columns are not used for audit selection according to 

domain knowledge customs commission post clearance audit selection criteria. 

 3.3 Data pre-processing 

After data preparation, data pre-processing by data integration, data conversion, 

normalization, and feature engineering using domain knowledge, the Ethiopia Customs 
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Commission audit selection criteria and data-driven decisions are then ready to train deep 

learning models.  

3.3.1 Data integration 

 Data integration: focuses on combining data from Data1 and Data2 sources to create a 

unified and consistent view of the data. This involves merging data that contain the same 

variable belonging to Data1_reduce, Data2_rmvrc, and Data3_reduced sources. The objective 

of data integration is to provide a unified data source that can be easily accessed and 

analysed. Merge data frame Data1_reduce and Data3_reduced using the common columns 

TIN and Year. We assigned the merged dataset as Data13. Merge data frame Data13 and 

Data2_rmvrc using the common columns TIN. We assigned the merged dataset as Data132.  

3.3.2 Feature Engineering 

Feature engineering using statically analysis of company rules; which are accomplished using 

a risk analysis system and post-clearance audit selection criteria simplify analysis by 

automating traditional Excel analysis using pandas python. General feature engineering is 

done by calculating the consequence, likelihood, number of shipments, number of offenses, 

of 'Cost Insurance and Freight', 'Customer profile', 'Declarant profile', 'Country of origins', 

'Country of consignments', 'PCA history', 'Clearance unit risk', 'Intelligent risk', and 'Sector 

risk' variables from data sets per each TIN numbers.  The data sets contain three data types: 

numeric, categorical, and time data types: all data types are calculated according to company 

rules, and time series. The 'CIF', 'Customer profile', 'Declarant profile', 'Clearance unit risk', 

'Intelligent risk', 'PCA history' and 'Sector risk' variables done per 5 years and the 'Country of 

origins' and 'Country of consignments ' variables done per 1 year and check either the country 

is preferential or non-preferential according to the agreement between country and Ethiopia if 

there is agreement it preferential unless no preferential
3
. 

To remove the following: - The data processing of each variable …. Data driven decisions…. 

…Taking many pages of your thesis. So removed 35 pages as comments from this sections 
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Figure 3-5 Pre-processed datasets 

3.5 Data Splitting 

3.5.1 Split data into variable X and target Y 

The system contains two types of variables: 11 independent variables 11 variables derived 

from the features in datasets called X and the dependent variable after predictive analysis is 

target Y. Independent variable X is from audit selection data frame columns are Risk of CIF, 

Customer Profile Risk, Declarant Profile Risks, country of origin risks, country of 

consignment risks, PCA history Risks, Declaration Risks, Domestic risk, Risk of Intelligence, 

Random Selected Risk Dependant variable Y from Audit selection data frame column PA. 

3.5.2 Split data into training, test, validation  

From Pre-processed data 80% training set, 10% test set, and 10% validation set. The data 

after pre-processing is a 15070 data set, from this 12056 training set, 1507 test set, and 1507 

validation set. 

3.6 Model selection criteria  

Model selection in deep learning is the process of choosing the best-suited model for 

predictive analytics. We Review and compare different research papers to understand the 

complexity, interpretability, and performance model. Predictive analytics for controlling tax 

evasion (Kumar, 2018) in this research control tax evasion related to circular trading by using 
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machine learning algorithm and Benford‟s analysis. The machine learning is not handle large 

tax datasets and Benford‟s analysis is more traditional analysis compare to predictive 

analytics. Audit lead selection and yield prediction from historical tax data using artificial 

neural networks (Chan et al., 2022)  this research use artificial neural networks but not been 

statistically validated, and do not learn from historical data and audit outcomes. Predictive 

analytics and the targeting of audits(Hashimzade et al., 2015) this research used  Tobit and 

logit regression models which are not efficient to handle large complex tax datasets and the 

traditional.  Gated Mixture Vibrational AutoEncoders for Value Added Tax audit case 

selection (Kleanthous & Chatzis, 2020)this research used Gated Mixture Vibrational 

AutoEncoder deep network but the model not optimized.  To overcome above gaps, we 

develop predictive analytics for controlling tax evasion using deep learning.  

3.7 System evaluation techniques  

3.7.1 Measuring performance 

Performance metric can be defined as a logical and mathematical construct designed to 

measure how close the predicted outcome is to the actual result. Performance metrics 

(Evaluation metrics or error metrics) are crucial components of regression analysis and deep 

learning-based prediction models (Plevris, V. et, al., 2022)  

The Bias Error e = ei ∈ [i], with [i] = {1, 2… N}, can be expressed as the difference between 

the predicted values and the real (target) values, it can take positive, negative or zero values 

for each observation, and is stated as  

Let p (N×1 vector) be the predicted values and r (N×1 vector) be the real values of a quantity 

calculated (or measured) and then predicted a number N of times.  

                                    …………………………………..Equation 1 

In above (Equation 1)the variables represents:- 

   - Bias Error 

  - predicted values 

  - real values 
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The performance metrics are following: -  

3.7.1.1 Mean Bias (MB)  

The mean bias is the average of the bias errors. It can also take both positive, negative, or 

zero values and it is given by (Plevris, V. et.al. 2022).  

                                        ̅   
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      ̅  ……Equation 2                         

 In above (Equation 2)   ̅  represents mean bias, whereas,  ̅   and  ̅   are the mean value of p 

and r, respectively and N represents number of times 
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Positive MB: If the Mean Bias is positive, it indicates that the model tends to underestimate 

the actual values on average. This means the predictions are generally lower than the 

observed values.  

Negative MB: If the Mean Bias is negative, it indicates overestimation by the model, with 

regard to the actual values; the forecasted values are relatively high compared to observed 

values. 

MB Close to Zero: Closeness of the value of MB to zero indicates that, on average, the 

predictions of a model are unbiased, and there was a good balance between overestimations 

and underestimations.  

3.7.1.2 Mean squared error (MSE)  

The Mean Squared Error is one of the most in-demand metrics related to regression, based 

on the mean squared difference between predicted and actual values (Plevris, V. et.al. 

2022). It takes positive or zero values and is given by  

      
 

 
∑ (     ) 
    ……………………………………Equation 3 

In above (Equation 3) the MSE is mean squared error,    is predicted value,    is real value 

and N is the numbers of times. 
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MSE a value close to zero suggests that the predictions are very close to the actual values, 

meaning the model is accurately capturing the underlying data patterns.                        

3.7.1.3   Root Mean squared error (RMSE)  

The Root Mean Squared Error (RMSE) is also a frequently used measure of the differences 

between values (sample or population values) predicted by a model, or an estimator and the 

values observed. It is the square root of MSE. Unlike MSE, RMSE provides an error measure 

in the same unit as the target variable (Plevris, V.et.al, 2022).           

      √      

     √       √(
 

 
∑ (     )  
   )……………………………..Equation 4 

In above (Equation 4) the MSE is mean squared error, RMSE is root mean squared error,    

is predicted value,    is real value and N is the numbers of times. 

RMSE, A near-zero RMSE indicates that the average prediction error is minimal, which is 

desirable.  

3.7.1.4 R-squared   

R-squared is also called a coefficient of determination (Plevris, V. al. et. 2022). 

The formula for calculating R-squared is as shown below: 

    
                   

               
   

∑ (   
     )

∑ (     ̅) 
   

 ………………………………Equation 5 

In above (Equation 5)     is R-squared,  ̅ is mean of real value,    is predicted value,   is 

real value and    is powered predicted value. 

The R-squared ranges between 0 to 1. If the model does not fit the algorithm, it will produce 

a negative result. If the value is higher or nearer to 1, then it acts as the better model  

3.8 Hyperparameter tuning techniques  

Hyperparameter tuning is a process of finding out the best combination of hyperparameters 

that works well for our model. A hyperparameter is any setting that we choose before 

training our models, such as the number of hidden units, learning rate, batch size, 

optimizer, epochs, and activation function. 

To perform hyperparameter tuning, there are a lot of hyperparameter techniques like grid 

search, randomized search, Bayesian optimizer and so on. We selected 

RandomizedSearchCV from sci-kit-learn because randomized search tunes by random 

samples instead of evaluating all combinations, which can be more efficient than grid search 
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(Bartz, 2023).  The randomized search work by param_distributions dictionary contains the 

hyperparameters we want to tune and their respective values to search over. We specify 

different options for each hyperparameter, and RandomizedSearchCV will randomly sample 

combinations from these options. 

We set n_iter to the number of parameter settings that are sampled, CV to the number of 

cross-validation folds, and random_state for reproducibility. 

Once we call the fit method on the RandomizedSearchCV object, it will train and evaluate 

our model with different hyperparameter combinations. After the search is complete, we can 

access the best hyperparameters using the best_params_ attribute. 

In this way, we can automatically search for the best hyperparameters without the need for 

manual trial and error. This helps us find the optimal settings for our model, leading to 

improved performance. 

We also used the Bayesian optimizer from review paper (Sólon da Silva et al., 2023.), which 

generate 50 trial object for each models , suggest best optimal condition of models. 

So we compared the result from RandomizedSearchCV object with Bayesian optimizer.  
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CHAPTER FOUR 

PROPOSED SOLUTION AND IMPLEMENTATION 

Introduction  

This proposed solution and implementations was conducted to develop predictive analytics 

for controlling tax evasion using deep learning in the case of the Ethiopia customs 

commission taxpayers. We model with different algorithm predictive analytics with deep 

neural networks, AutoEncoder, and feed-forward neural networks using random search CV, 

Bayesian optimizer and transfer learning.   

4.1. The models using random search CV  

4.1.1 Deep neural network  

The DNN model is defined using a sequential architecture. It consists of An input layer that 

accepts input data with a shape matching the number of features in X_train; three hidden 

layers 64, 32, and 16 units respectively with ReLu activation; dropout layers are added after 

each of the hidden layers to reduce overfitting by randomly setting a fraction (20%) and an 

output layer with a single unit and a linear activation, suitable for regression tasks. The model 

is compiled using the RMSprop optimizer and mean squared error (MSE) as the loss 

function.  

 

We used An EarlyStopping callback to monitor the validation loss during training. If the 

validation loss does not improve for 10 consecutive epochs, training will stop. This helps 

prevent overfitting by stopping the training process at the right time.  

 

The model is trained on the training dataset (X_train, y_train) for up to 100 epochs, with a 

batch size of 128. The validation data (X_val, y_val) is used to evaluate the model's 

performance after each epoch. After training, predictions are made on the test set (X_test).  
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Then evaluate the model using various evaluation metrics: mean squared error, mean bias, 

root mean squared error, r-squared, and explained variance score. 

Then after create customer selection logic using DNN model. The logic loop iterates over a 

range of years (2024 to 2028) to select customers for audit based on the predictions made by 

the DNN model. The predictions are made for the training data and the results are sorted to 

select the top PA values in train data. It selects customers for this year excludes it from the 

next selection and does the same for five consecutive years. And identifying three variables 

based on the highest number of red risk levels. The model is selected by excluding previously 

selected for the next selection, and then the data size is minimized so that it affects the next 

selection prediction. To handle this model is further fine-tuned on data representing the last 

year by using transfer learning.  .   

This allows the model to adapt to potentially new patterns in the data.  Finally, the model can 

predict five consecutive years to be audit select customers and the top 3 variables highest 

number of red risk levels.  

Pseudocode 

1. Import necessary libraries: NumPy, Pandas, Matplotlib, Scikit-learn (for datasets, models, 

and metrics) and TensorFlow (for building neural networks) 

2. Define the Deep Neural Network (DNN) model: 

   a. Initialize a Sequential model. 

   b. Add an Input layer with shape matching the number of features in X_train. 

   c. Add several dense layers with 'ReLu' activation functions and Dropout layers. 

   d. Add an output dense layer with 'linear' activation for regression. 

3. Compile the DNN model: Use RMSprop optimizer and set loss to 'mean_squared_error'. 

4. Set up EarlyStopping callback to monitor validation loss. 

5. Fit the DNN model on the training data: Include validation split to monitor performance 

during training. 

6. Make predictions using the trained DNN model on the test set. 
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7. Evaluate model performance: Calculate Mean Squared Error (MSE), calculate Root Mean 

Squared Error (RMSE), calculate R-squared (R2), calculate Explained Variance Score (EVS), 

and calculate Mean Bias. 

8. Print evaluation metrics for the model. 

9. Customer selection logic: 

    a. Determine number of customers to select based on from datasets. 

    b. Initialise empty structures for selected customers and target values. 

10. For each year in range 2024 to 2028(for five consecutive years): 

    a. Predict target values using the model on training data. 

    b. Sort datasets by predicted target values. 

    c. Exclude previously selected target values. 

    d. Select highest risk customers based on highest target values. 

    e. Save selected customers to based on years. 

11. Identify columns with highest risk values and print the top three columns. 

12. Fine-tune the DNN model on last year's data using transfer learning: 

    a. Generate random features and target data for last year. 

    b. Fit the DNN model on this new data. 

13. Make final predictions using the fine-tuned DNN model. 

14. Update datasets with last year's predictions and sort by target values. 

15. Filter out duplicates in datasets based on target values and TIN numbers. 

16. Print selected customers for each year. 

 

Figure 4 -1 Initial DNN model architecture summary 
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Figure 4-2 Fine-tuned DNN model architecture summary 

Layers details in DNN model architecture (Figure 4-1 and Figure 4-2): 

1. Dense layer: are fully connected layers where each neuron is connected to every neuron in 

the previous layer 

Output shape none indicates that the output shape is dynamic and depends on the batch size 

during training. Each neuron has weights for each input plus a bias term. Our input is the 

number of features (n). 

The parameter of each layer is, Parameter = nxunits+units 

The number of features in the first dense layer is the input shape of the model is 10 

Units are 64 neurons 

Parameter = 10x64+64=704 

The number of features for the next dense layer is 64 

Units are 32 neurons 

Parameter = 32x64 +32=2080 

The number of features for the third dense layer is 32 

Units is 16 

Parameter = 16 x32 +16=528 

The number of features for the fourth dense layer is 16 

Units are 1 

Parameter = 1x16+1=17 

Dropout layer: a regularization technique that randomly sets a fraction of input units to 0, 

which helps prevent overfitting. 
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First dropout layer, Output shape(none, rate 64), params 0,  none indicates the output shape is 

dynamic, dropout 64%  of the neurons will be dropped during training, params 0 is the 0 

parameters, as dropout has no learnable parameters. 

Next, the dropout layer, Output shape(none, rate 32), params 0,  none indicates the output 

shape is dynamic, dropout 32%  of the neurons will be dropped during training, params 0 is 

the 0 parameters, as dropout has no learnable parameters. 

Third dropout layer, Output shape(none, rate 16), params 0,  none indicates the output shape is 

dynamic, dropout 16%  of the neurons will be dropped during training, params 0 is the 0 parameters, 

as dropout has no learnable parameters. 

The initial DNN model's total number of parameters is 3329(13.00KB), which measures how 

much memory the model occupies when stored. It includes weights and biases across all 

layers of the model.  Trainable parameters 3329(13.00KB) are parameters that will updated 

during the training process through backpropagation. Non-trainable parameters 0(0.00B) are 

parameters that will not updated or fixed during the training process.  

The fine-tuned DNN model's total number of parameters is increased to 6660(26.02KB), this 

indicates that the model has grown in complexity or capacity during the fine-tuning process. 

Trainable parameters are 3329(13.00KB) is remain the same as the initial model, this means 

the original parameters are still being updated during training. Non-trainable parameters 

remain at zero, this reinforces that the entire model is trainable, which can be advantageous 

for learning complex patterns in the data. Optimizer parameters 3331(13.02KB) refers to the 

parameters used by the optimizer itself; this maintains additional parameters using rmsprop 

optimizer to help with the training process. This number is slightly higher than the model 

parameters; this means the optimizer is storing some additional information to facilitate the 

learning process.  

To summarise the DNN model architecture, the total parameters of the model start with 3329 

parameters, which is relatively small which means a lightweight architecture; all parameters 

are trainable, which helps for learning from the data; there are no non-trainable parameters, 

which means the model is full adaptability. After fine-tuning, the total parameter increases to 

6660, which means the model has been modified to potentially capture more complex 

relationships in the data. The parameter size shows the model is efficient in terms of memory 

usage while being capable of learning from the data effectively. 

4.1.2 AutoEncoder 

The AutoEncoder model is defined using a sequential architecture with an input layer, an 

encoder part, and a decoder part. The encoder part consists of dense layers with ReLu 
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activation and L2 regularization to prevent overfitting. The number of units in each layer 

decreases, creating a bottleneck that forces the model to learn a compressed representation of 

the input (64, 64, 32, 8 units). The decoder part consists of a single dense layer with a linear 

activation function to reconstruct the input. The model is compiled using the Adam optimizer 

and mean squared error (MSE) as the loss function. 

 

 An EarlyStopping callback is used to monitor the validation loss and stop training if the loss 

does not improve for a specified number of epochs 5. This helps prevent overfitting.  

 

The model is training data (X_train, y_train) for 100 epochs with a batch size of 64. The 

validation data (X_val, y_val) is used to monitor the model's performance during training and 

to trigger the EarlyStopping callback if necessary. After training, the model is used to make 

predictions on the test set (X_test).  

 

Then evaluate the model using various evaluation metrics: mean squared error, mean bias, 

root mean squared error, r-squared, and explained variance score.  

Then after creating customer selection logic using the AutoEncoder model. The logic loop 

iterates over a range of years (2024 to 2028) to select customers for audit based on the 

predictions made by the AutoEncoder model. The predictions are made for the training data 

and the results are sorted to select the top PA values in train data. It selects customers for this 

year excludes it from the next selection and does the same for five consecutive years. And 

identifying three variables based on the highest number of red risk levels. The model is 

selected by excluding previously selected for the next selection, and then the data size is 

minimized so that it affects the next selection prediction. To handle this model is further fine-

tuned on data representing the last year by using transfer learning.   

This allows the model to adapt to potentially new patterns in the data.  Finally, the model can 

predict five consecutive years to be audit select customers and the top 3 variables highest 

number of red risk levels 

Pseudocode 
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1. Import necessary libraries: NumPy, Pandas, Matplotlib, Scikit-learn (for datasets, models, 

and metrics) and TensorFlow (for building neural networks) 

2. Define the AutoEncoder model: 

   a. Initialize a Sequential model. 

   b. Add an Input layer with shape matching the number of features in X_train. 

   c. Add several dense layers with 'ReLu' activation functions and Dropout layers. 

   d. Add an output dense layer with 'linear' activation for regression. 

3. Compile the AutoEncoder model: Use Adam optimizer and set loss to 

'mean_squared_error'. 

4. Set up EarlyStopping callback to monitor validation loss. 

5. Fit the AutoEncoder model on the training data: Include validation split to monitor 

performance during training. 

6. Make predictions using the trained AutoEncoder model on the test set. 

7. Evaluate model performance: Calculate Mean Squared Error (MSE), calculate Root Mean 

Squared Error (RMSE), calculate R-squared (R2), calculate Explained Variance Score (EVS), 

and calculate Mean Bias. 

8. Print evaluation metrics for the model. 

9. Customer selection logic: 

    a. Determine number of customers to select based on from datasets. 

    b. Initialise empty structures for selected customers and target values. 

10. For each year in range 2024 to 2028(for five consecutive years): 

    a. Predict target values using the model on training data. 

    b. Sort datasets by predicted target values. 

    c. Exclude previously selected target values. 

    d. Select highest risk customers based on highest target values. 

    e. Save selected customers to based on years. 

11. Identify columns with highest risk values and print the top three columns. 

12. Fine-tune the AutoEncoder model on last year's data using transfer learning: 

    a. Generate random features and target data for last year. 

    b. Fit the AutoEncoder model on this new data. 

13. Make final predictions using the fine-tuned AutoEncoder model. 
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Figure 4-3 Initial AutoEncoder model architecture summary 

 

Figure 4-4 Fine-tuned AutoEncoder model architecture summary 

Layers details in AutoEncoder model architecture (Table 4-3 and Table 4-4): 

1. Dense layer: are fully connected layers where each neuron is connected to every neuron in 

the previous layer. Output shape none indicates that the output shape is dynamic and depends 

on the batch size during training. Each neuron has weights for each input plus a bias term. 

Our input is the number of features (n). 

The parameter of each layer is, Parameter = nxunits+units 

The number of features in the first dense layer is the input shape of the model is 10 

Units are 64 neurons 

Parameter = 10x64+64=704 

The number of features for the next dense layer is 64 

Units are 64 neurons 

Parameter = 64x64 +64=4160 
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The number of features for the third dense layer is 64 

Units is 32 

Parameter = 32x64 +32=2080 

The number of features for the fourth dense layer is 32 

Units are 8 

Parameter = 8x32+8=264 

The number of features for the fifth  dense layer is 8 

Units are 1 

Parameter = 1x8+1=9 

2. Dropout layer: a regularization technique that randomly sets a fraction of input units to 0, 

which helps prevent overfitting. 

First dropout layer, Output shape(none, rate 64), params 0,  none indicates the output shape is 

dynamic, dropout 64%  of the neurons will be dropped during training, params 0 is the 0 

parameters, as dropout has no learnable parameters. 

Next, the dropout layer, Output shape(none, rate 64), params 0,  none indicates the output 

shape is dynamic, dropout 64%  of the neurons will be dropped during training, params 0 is 

the 0 parameters, as dropout has no learnable parameters. 

The initial AutoEncoder model's total number of parameters is 7217(28.19KB), which 

measures how much memory the model occupies when stored. It includes weights and biases 

across all layers of the model.  Trainable parameters 7217(28.19KB) are parameters that will 

updated during the training process through backpropagation. Non-trainable parameters 

0(0.00B) are parameters that will not updated or fixed during the training process.  

The fine-tuned AutoEncoder model's total number of parameters is increased to 

21,653(84.59KB), this indicates that the model has grown in complexity or capacity during 

the fine-tuning process. Trainable parameters are 7217(28.19KB) is remain the same as the 

initial model; this means the original parameters are still being updated during training. Non-

trainable parameters remain at zero, this reinforces that the entire model is trainable, which 

can be advantageous for learning complex patterns in the data. Optimizer parameters 

14436(56.39KB) refers to the parameters used by the optimizer itself; this maintains 

additional parameters using ReLu optimizer to the training process. This number is double to 

the model parameters; this means the optimizer is storing large amount of additional 

information to facilitate the learning process.  

To summarise the AutoEncoder model architecture, the total parameters of the model start 

with 7217 parameters, which is relatively large which means a complex architecture; all 
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parameters are trainable, which helps for learning from the data; there are no non-trainable 

parameters, which means the model is full adaptability. After fine-tuning, the total parameter 

increases to 21,653, which means the model has been modified to potentially capture more 

complex relationships in the data. The parameter size shows the model is efficient in terms of 

memory usage while being capable of learning from the data effectively. 

4.1.3 Feed forward neural network 

The FFNN model is defined using a sequential architecture, where:  an input layer is created 

with a shape matching the number of features in X_train (12056, 10); two hidden layers with 

64 and 32 units respectively, both using ReLu activation and an output layer with a single 

unit, suitable for regression tasks.  The model is compiled with the Adam optimizer and mean 

squared error (MSE) as a loss function. 

 

 The model is trained on the training (X_train, y_train) for 50 epochs, with a batch size of 32. 

The validation data (X_val, y_val) is used to monitor the model's performance during 

training. An EarlyStopping callback is implemented to halt training if the validation loss does 

not improve for 5 epochs, which helps prevent overfitting. After training, the model is 

evaluated on the test (X_test), and predictions are made. 

 

Then evaluate the model using various evaluation metrics: mean squared error, mean bias, 

root mean squared error, r-squared, and explained variance score.  

Then after creating customer selection logic using the FFNN model. The logic loop iterates 

over a range of years (2024 to 2028) to select customers for audit based on the predictions 

made by the FFNN model. The predictions are made for the training data and the results are 

sorted to select the top PA values in train data. It selects customers for this year excludes it 

from the next selection and does the same for five consecutive years. And identifying three 

variables based on the highest number of red risk levels. The model is selected by excluding 

previously selected for the next selection, and then the data size is minimized so that it affects 

the next selection prediction. To handle this model is further fine-tuned on data representing 

the last year by using transfer learning. 
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This allows the model to adapt to potentially new patterns in the data.  Finally, the model can 

predict five consecutive years to be audit select customers and the top three variables highest 

number of red risk levels. 

Pseudocode 

1. Import necessary libraries: NumPy, Pandas, Matplotlib, Scikit-learn (for datasets, models, 

and metrics) and TensorFlow (for building neural networks) 

2. Define the Feedforward Neural Network (FFNN) model: 

   a. Initialize a Sequential model. 

   b. Add an Input layer with shape matching the number of features in X_train. 

   c. Add several dense layers with 'ReLu' activation functions. 

   d. Add an output dense layer with 'linear' activation for regression. 

3. Compile the FFNN model: Use Adam optimizer and set loss to 'mean_squared_error'. 

4. Set up EarlyStopping callback to monitor validation loss. 

5. Fit the FFNN model on the training data: Include validation split to monitor performance 

during training. 

6. Make predictions using the trained FFNN model on the test set. 

7. Evaluate FFNN model performance: Calculate Mean Squared Error (MSE), calculate Root 

Mean Squared Error (RMSE), calculate R-squared (R2), calculate Explained Variance Score 

(EVS), and calculate Mean Bias. 

8. Print evaluation metrics for the model. 

9. Customer selection logic: 

    a. Determine number of customers to select based on from datasets. 

    b. Initialise empty structures for selected customers and target values. 

10. For each year in range 2024 to 2028(for five consecutive years): 

    a. Predict target values using the model on training data. 

    b. Sort datasets by predicted target values. 

    c. Exclude previously selected target values. 

    d. Select highest risk customers based on highest target values. 

    e. Save selected customers to based on years. 

11. Identify columns with highest risk values and print the top three columns. 

12. Fine-tune the FFNN model on last year's data using transfer learning: 

    a. Generate random features and target data for last year. 

    b. Fit the FFNN model on this new data. 

13. Make final predictions using the fine-tuned FFNN model. 
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Figure 4-5 Initial FFNN model architecture summary 

 

Figure 4-6 Fine-tuned FFNN model architecture summary 

Layers details in FFNN model architecture (Figure 4-5 and Figure 4-6): 

1. Dense layer: are fully connected layers where each neuron is connected to every neuron in 

the previous layer. Output shape none indicates that the output shape is dynamic and depends 

on the batch size during training. Each neuron has weights for each input plus a bias term. 

Our input is the number of features (n). 

The parameter of each layer is, Parameter = nxunits+units 

The number of features in the first dense layer is the input shape of the model is 10 

Units are 64 neurons 

Parameter = 10x64+64=704 

The number of features for the next dense layer is 64 

Units are 32 neurons 

Parameter = 32x64 +32=2080 

The number of features for the third dense layer is 32 

Units is 1 

Parameter = 1 x32 +1=33 

The initial FFNN model's total number of parameters is 2817(11.00KB), which measures 

how much memory the model occupies when stored. It includes weights and biases across all 
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layers of the model.  Trainable parameters 2817(11.00KB) are parameters that will updated 

during the training process through backpropagation. Non-trainable parameters 0(0.00B) are 

parameters that will not updated or fixed during the training process.  

The fine-tuned FFNN model's total number of parameters is increased to 8453(33.02KB), this 

indicates that the model has grown in complexity or capacity during the fine-tuning process. 

Trainable parameters are 2817(11.00KB) is remain the same as the initial model; this means 

the original parameters are still being updated during training. Non-trainable parameters 

remain at zero, this reinforces that the entire model is trainable, which can be advantageous 

for learning complex patterns in the data. Optimizer parameters 5636(22.02KB) refers to the 

parameters used by the optimizer itself; this maintains additional parameters using ReLu 

optimizer to help the training process. This number is almost double to the model parameters; 

this means the optimizer is storing a lot of additional information to facilitate the learning 

process.  

To summarise the FFNN model architecture, the total parameters of the model start with 

2817 parameters, which is relatively small which means a lightweight architecture; all 

parameters are trainable, which helps for learning from the data; there are no non-trainable 

parameters, which means the model is full adaptability. After fine-tuning, the total parameter 

increases to 8453, which means the model has been modified to potentially capture more 

complex relationships in the data. The parameter size shows the model is efficient in terms of 

memory usage while being capable of learning from the data effectively. 

4.2. The model using Bayesian optimization  

4.2.1 Deep neural network  

The DNN model is defined using a sequential architecture. It consists of An input layer that 

accepts input data with a shape matching the number of features in X_train; three hidden 

layers 71, 19, and 25 units respectively with sigmoid activation; dropout layers are added 

after each of the hidden layers to reduce overfitting by randomly setting (0.12483) and an 

output layer with a single unit and a linear activation, suitable for regression tasks. The model 

is compiled using the Adam optimizer and mean squared error (MSE) as the loss function.  
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We used An EarlyStopping callback to monitor the validation loss during training. If the 

validation loss does not improve for 10 consecutive epochs, training will stop. This helps 

prevent overfitting by stopping the training process at the right time.  

 

The model is trained on the training dataset (X_train, y_train) for up to 150 epochs, with a 

batch size of 64. The validation data (X_val, y_val) is used to evaluate the model's 

performance after each epoch. After training, predictions are made on the test set (X_test).  

Then evaluate the model using various evaluation metrics: mean squared error, mean bias, 

root mean squared error, r-squared, and explained variance score. 

 

Then after create customer selection logic using DNN model. The logic loop iterates over a 

range of years (2024 to 2028) to select customers for audit based on the predictions made by 

the DNN model. The predictions are made for the training data and the results are sorted to 

select the top PA values in train data. It selects customers for this year excludes it from the 

next selection and does the same for five consecutive years. And identifying three variables 

based on the highest number of red risk levels. The model is selected by excluding previously 

selected for the next selection, and then the data size is minimized so that it affects the next 

selection prediction. To handle this model is further fine-tuned on data representing the last 

year by using transfer learning.  .   

This allows the model to adapt to potentially new patterns in the data.  Finally, the model can 

predict five consecutive years to be audit select customers and the top 3 variables highest 

number of red risk levels.  

Pseudocode 

1. Import necessary libraries: NumPy, Pandas, Matplotlib, Scikit-learn (for datasets, models, 

and metrics) and TensorFlow (for building neural networks) 

2. Define the Deep Neural Network (DNN) model: 

   a. Initialize a Sequential model. 

   b. Add an Input layer with shape matching the number of features in X_train. 

   c. Add several dense layers with 'sigmoid' activation functions and dropout layers. 

   d. Add an output dense layer with 'linear' activation for regression. 
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3. Compile the DNN model: Use Adam optimizer and set loss to 'mean_squared_error'. 

4. Set up EarlyStopping callback to monitor validation loss. 

5. Fit the DNN model on the training data: Include validation split to monitor performance 

during training. 

6. Make predictions using the trained DNN model on the test set. 

7. Evaluate model performance: Calculate Mean Squared Error (MSE), calculate Root Mean 

Squared Error (RMSE), calculate R-squared (R2), calculate Explained Variance Score (EVS), 

and calculate Mean Bias. 

8. Print evaluation metrics for the model. 

9. Customer selection logic: 

    a. Determine number of customers to select based on from datasets. 

    b. Initialise empty structures for selected customers and target values. 

10. For each year in range 2024 to 2028(for five consecutive years): 

    a. Predict target values using the model on training data. 

    b. Sort datasets by predicted target values. 

    c. Exclude previously selected target values. 

    d. Select highest risk customers based on highest target values. 

    e. Save selected customers to based on years. 

11. Identify columns with highest risk values and print the top three columns. 

12. Fine-tune the DNN model on last year's data using transfer learning: 

    a. Generate random features and target data for last year. 

    b. Fit the DNN model on this new data. 

13. Make final predictions using the fine-tuned DNN model. 

 

Figure 4-7 Initial DNN model architecture summary 
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Figure 4-8 Fine-tuned DNN model architecture summary  

Layers details in DNN model architecture (Figure 4-7 and Figure 4-8): 

Dense layer: fully connected layers where each neuron is connected to every neuron in the 

previous layer. Output shape none indicates that the output shape is dynamic and depends on 

the batch size during training. Each neuron has weights for each input plus a bias term. Our 

input is the number of features (n).  

The parameter of each layer is, Parameter = nxunits+units 

The number of features in the first dense layer is the input shape of the model is 10 

Units are 71 neurons 

Parameter = 10x71+71=781 

The number of features for the next dense layer is 71 

Units are 19 neurons 

Parameter = 19x71 +19=1368 

The number of features for the third dense layer is 19 

Units is 25 neurons 

Parameter = 25 x19 +25=500 

The number of features for the fourth dense layer is 25 

Units are 1 neuron 

Parameter = 1x25+1=26 

2. Dropout layer: a regularization technique that randomly sets a fraction of input units to 0, 

which helps prevent overfitting. 
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First dropout layer, Output shape(none, rate 71), params 0,  none indicates the output shape is 

dynamic, dropout 71%  of the neurons will be dropped during training, params 0 is the 0 

parameters, as dropout has no learnable parameters. 

Next, the dropout layer, Output shape(none, rate 19), params 0,  none indicates the output 

shape is dynamic, dropout 19%  of the neurons will be dropped during training, params 0 is 

the 0 parameters, as dropout has no learnable parameters. 

Third dropout layer, Output shape(none, rate 25), params 0,  none indicates the output shape 

is dynamic, dropout 25%  of the neurons will be dropped during training, params 0 is the 0 

parameters, as dropout has no learnable parameters. 

The initial DNN model's total number of parameters is 2675(10.45KB), which measures how 

much memory the model occupies when stored. It includes weights and biases across all 

layers of the model.  Trainable parameters 2675(10.45KB) are parameters that will updated 

during the training process through backpropagation. Non-trainable parameters 0(0.00B) are 

parameters that will not updated or fixed during the training process.  

The fine-tuned DNN model's total number of parameters is increased to 8027(31.36KB), this 

indicates that the model has grown in complexity or capacity during the fine-tuning process. 

Trainable parameters are 2675(10.45KB) is remain the same as the initial model; this means 

the original parameters are still being updated during training. Non-trainable parameters 

remain at zero, this reinforces that the entire model is trainable, which can be advantageous 

for learning complex patterns in the data. Optimizer parameters 5352(20.91KB) refers to the 

parameters used by the optimizer itself; this maintains additional parameters using Adam 

optimizer to help with the training process. This number is double to the model parameters; 

this means the optimizer is storing more additional information to facilitate the learning 

process.  

To summarise the DNN model architecture, the total parameters of the model start with 2675 

parameters, which is relatively small which means a lightweight architecture; all parameters 

are trainable, which helps for learning from the data; there are no non-trainable parameters, 

which means the model is full adaptability. After fine-tuning, the total parameter increases to 

8027, which means the model has been modified to potentially capture more complex 

relationships in the data. The parameter size shows the model is efficient in terms of memory 

usage while being capable of learning from the data effectively. 

4.2.2 AutoEncoder 

The AutoEncoder model is defined using a sequential architecture with an input layer, an 

encoder part, and a decoder part. The encoder part consists of dense layers with tanh 
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activation and L2 regularization to prevent overfitting. The number of units in each layer 

decreases, creating a bottleneck that forces the model to learn a compressed representation of 

the input (88, 40, 22, 15 units). The decoder part consists of a single dense layer with a linear 

activation function to reconstruct the input. The model is compiled using the Adam optimizer 

and mean squared error (MSE) as the loss function. 

 An EarlyStopping callback is used to monitor the validation loss and stop training if the loss 

does not improve for a specified number of epochs 5. This helps prevent overfitting.  

 

The model is training data (X_train, y_train) for 96 epochs with a batch size of 64. The 

validation data (X_val, y_val) is used to monitor the model's performance during training and 

to trigger the EarlyStopping callback if necessary. After training, the model is used to make 

predictions on the test set (X_test).  

 

Then evaluate the model using various evaluation metrics: mean squared error, mean bias, 

root mean squared error, r-squared, and explained variance score.  

Then after creating customer selection logic using the AutoEncoder model. The logic loop 

iterates over a range of years (2024 to 2028) to select customers for audit based on the 

predictions made by the AutoEncoder model. The predictions are made for the training data 

and the results are sorted to select the top PA values in train data. It selects customers for this 

year excludes it from the next selection and does the same for five consecutive years. And 

identifying three variables based on the highest number of red risk levels. The model is 

selected by excluding previously selected for the next selection, and then the data size is 

minimized so that it affects the next selection prediction. To handle this model is further fine-

tuned on data representing the last year by using transfer learning.   

This allows the model to adapt to potentially new patterns in the data.  Finally, the model can 

predict five consecutive years to be audit select customers and the top 3 variables highest 

number of red risk levels 

Pseudocode 
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1. Import necessary libraries: NumPy, Pandas, Matplotlib, Scikit-learn (for datasets, models, 

and metrics) and TensorFlow (for building AutoEncoder model) 

2. Define the AutoEncoder model: 

   a. Initialize a Sequential model. 

   b. Add an Input layer with shape matching the number of features in X_train. 

   c. Add several dense layers with 'tanh' activation functions, dropout layers and L2 

regularization. 

   d. Add an output dense layer with 'linear' activation for regression. 

3. Compile the AutoEncoder model: Use Adam optimizer and set loss to 

'mean_squared_error'. 

4. Set up EarlyStopping callback to monitor validation loss. 

5. Fit the AutoEncoder model on the training data: Include validation split to monitor 

performance during training. 

6. Make predictions using the trained AutoEncoder model on the test set. 

7. Evaluate AutoEncoder model performance: Calculate Mean Squared Error (MSE), 

calculate Root Mean Squared Error (RMSE), calculate R-squared (R2), calculate Explained 

Variance Score (EVS), and calculate Mean Bias. 

8. Print evaluation metrics for the model. 

9. Customer selection logic: 

    a. Determine number of customers to select based on from datasets. 

    b. Initialise empty structures for selected customers and target values. 

10. For each year in range 2024 to 2028(for five consecutive years): 

    a. Predict target values using the model on training data. 

    b. Sort datasets by predicted target values. 

    c. Exclude previously selected target values. 

    d. Select highest risk customers based on highest target values. 

    e. Save selected customers to based on years. 

11. Identify columns with highest risk values and print the top three columns. 

12. Fine-tune the AutoEncoder model on last year's data using transfer learning: 

    a. Generate random features and target data for last year. 

    b. Fit the AutoEncoder model on this new data. 

13. Make final predictions using the fine-tuned AutoEncoder model. 
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Figure 4-9 Initial AutoEncoder model architecture summary 

 

Figure 4-10 Fine-tuned AutoEncoder architecture 

Layers details in AutoEncoder model architecture (Figure 4-9 and Figure 4-10): 

Dense layer fully connected layers where each neuron is connected to every neuron in the 

previous layer. Output shape none indicates that the output shape is dynamic and depends on 

the batch size during training. Each neuron has weights for each input plus a bias term. Our 

input is the number of features (n). 

The parameter of each layer is, Parameter = nxunits+units  

The number of features in the first dense layer is the input shape of the model is 10 
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Units are 88 neurons 

Parameter = 10x88+88=968 

The number of features for the next dense layer is 88 

Units are 40 neurons 

Parameter = 40x88 + 40=3560 

The number of features for the third dense layer is 40 

Units is 22 neurons 

Parameter = 22x40 +22=902 

The number of features for the fourth dense layer is 22 

Units are 15 neurons 

Parameter = 15x22+15=345 

The number of features for the fifth dense layer is 15 

Units are 1 neuron 

Parameter = 1x15+1=16 

Dropout layers a regularization technique that randomly sets a fraction of input units to 0, 

which helps prevent overfitting. First dropout layer, Output shape(none, rate 88), params 0,  

none indicates the output shape is dynamic, dropout 88%  of the neurons will be dropped 

during training, params 0 is the 0 parameters, as dropout has no learnable parameters. Next, 

the dropout layer, Output shape(none, rate 40), params 0,  none indicates the output shape is 

dynamic, dropout 40%  of the neurons will be dropped during training, params 0 is the 0 

parameters, as dropout has no learnable parameters. 

The initial AutoEncoder model's total number of parameters is 5791(22.62KB), which 

measures how much memory the model occupies when stored. It includes weights and biases 

across all layers of the model.  Trainable parameters 5791(22.62KB) are parameters that will 

updated during the training process through backpropagation. Non-trainable parameters 

0(0.00B) are parameters that will not updated or fixed during the training process.  

The fine-tuned AutoEncoder model's total number of parameters is increased to 

17,375(67.88KB), this indicates that the model has grown in complexity or capacity during 

the fine-tuning process. Trainable parameters are 5791(22.62KB) is remain the same as the 

initial model; this means the original parameters are still being updated during training. Non-

trainable parameters remain at zero, this reinforces that the entire model is trainable, which 

can be advantageous for learning complex patterns in the data. Optimizer parameters 

11,584(42.25KB) refers to the parameters used by the optimizer itself; this maintains 

additional parameters using Adam optimizer to the training process. This number is double to 
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the model parameters; this means the optimizer is storing large amount of additional 

information to facilitate the learning process.  

To summarise the AutoEncoder model architecture, the total parameters of the model start 

with 5791 parameters, which is relatively large which means a complex architecture; all 

parameters are trainable, which helps for learning from the data; there are no non-trainable 

parameters, which means the model is full adaptability. After fine-tuning, the total parameter 

increases to 17,375 which means the model has been modified to potentially capture more 

complex relationships in the data. The parameter size shows the model is efficient in terms of 

memory usage while being capable of learning from the data effectively. 

4.2.3 Feed forward neural network 

The FFNN model is defined using a sequential architecture, where:  an input layer is created 

with a shape matching the number of features in X_train (12056, 10); two hidden layers with 

96 and 48 units respectively, both using tanh activation and an output layer with a single unit, 

suitable for regression tasks.  The model is compiled with the sgd optimizer and mean 

squared error (MSE) as a loss function. 

 

The model is trained on the training (X_train, y_train) for 150 epochs, with a batch size of 32. 

The validation data (X_val, y_val) is used to monitor the model's performance during 

training. An EarlyStopping callback is implemented to halt training if the validation loss does 

not improve for 5 epochs, which helps prevent overfitting. After training, the model is 

evaluated on the test (X_test), and predictions are made. 

 

Then evaluate the model using various evaluation metrics: mean squared error, mean bias, 

root mean squared error, r-squared, and explained variance score.  
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Then after creating customer selection logic using the FFNN model. The logic loop iterates 

over a range of years (2024 to 2028) to select customers for audit based on the predictions 

made by the FFNN model. The predictions are made for the training data and the results are 

sorted to select the top PA values in train data. It selects customers for this year excludes it 

from the next selection and does the same for five consecutive years. And identifying three 

variables based on the highest number of red risk levels. The model is selected by excluding 

previously selected for the next selection, and then the data size is minimized so that it affects 

the next selection prediction. To handle this model is further fine-tuned on data representing 

the last year by using transfer learning. 

This allows the model to adapt to potentially new patterns in the data.  Finally, the model can 

predict five consecutive years to be audit select customers and the top three variables highest 

number of red risk levels. 

 

 

Pseudocode 

1. Import necessary libraries: NumPy, Pandas, Matplotlib, Scikit-learn (for datasets, models, 

and metrics) and TensorFlow (for building neural networks) 

2. Define the Feedforward Neural Network (FFNN) model: 

   a. Initialize a Sequential model. 

   b. Add an Input layer with shape matching the number of features in X_train. 

   c. Add several dense layers with 'tanh' activation functions and Dropout layers. 

   d. Add an output dense layer with 'linear' activation for regression. 

3. Compile the FFNN model: Use sgd optimizer and set loss to 'mean_squared_error'. 

4. Set up EarlyStopping callback to monitor validation loss. 

5. Fit the FFNN model on the training data: Include validation split to monitor performance 

during training. 

6. Make predictions using the trained FFNN model on the test set. 

7. Evaluate model performance: Calculate Mean Squared Error (MSE), calculate Root Mean 

Squared Error (RMSE), calculate R-squared (R2), calculate Explained Variance Score (EVS), 

and calculate Mean Bias. 

8. Print evaluation metrics for the model. 

9. Customer selection logic: 

    a. Determine number of customers to select based on from datasets. 

    b. Initialise empty structures for selected customers and target values. 
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10. For each year in range 2024 to 2028 (for five consecutive years): 

    a. Predict target values using the model on training data. 

    b. Sort datasets by predicted target values. 

    c. Exclude previously selected target values. 

    d. Select highest risk customers based on highest target values. 

    e. Save selected customers to based on years. 

11. Identify columns with highest risk values and print the top three columns. 

12. Fine-tune the FFNN model on last year's data using transfer learning: 

    a. Generate random features and target data for last year. 

    b. Fit the FFNN model on this new data. 

13. Make final predictions using the fine-tuned FFNN model. 

 

Figure 4-11 Initial FFNN model architecture summary 

 

Figure 4-12 Fine-tuned FFNN model architecture summary 

Layers details in FFNN model architecture (Table 4-11 and Table 4-12): 

Dense layer: Each neuron has weights for each input plus a bias term. Our input is the 

number of features (n).  

The parameter of each layer is, Parameter = nxunits+units 

The number of features in the first dense layer is the input shape of the model is 10 
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Units are 96 neurons 

Parameter = 10x96+96=1056 

The number of features for the next dense layer is 96 

Units are 48 neurons 

Parameter = 48x96 +48=4656 

The number of features for the third dense layer is 48 

Units is 1 neuron 

Parameter = 1 x48 +1=49 

The initial FFNN model's total number of parameters is 5761(22.50KB), which measures 

how much memory the model occupies when stored. It includes weights and biases across all 

layers of the model.  Trainable parameters 5761(22.50KB) are parameters that will updated 

during the training process through backpropagation. Non-trainable parameters 0(0.00B) are 

parameters that will not updated or fixed during the training process.  

The fine-tuned FFNN model's total number of parameters is slightly increased to 

5763(22.50KB). Trainable parameters are 5761(22.50KB) is remain the same as the initial 

model; this means the original parameters are still being updated during training. Non-

trainable parameters remain at zero, this reinforces that the entire model is trainable, which 

can be advantageous for learning complex patterns in the data. Optimizer parameters 

2(12.00KB) refers to the parameters used by the optimizer itself; this maintains additional 

parameters using sgd optimizer to the training process. The number of optimizer parameters 

is minimum due to a simple optimizer configuration stochastic gradient descent optimizer 

with a fixed learning rate and no additional parameters.    

To summarise the FFNN model architecture, the total parameters of the model start with 

5761 parameters, which is relatively small which means a lightweight architecture; all 

parameters are trainable, which helps for learning from the data; there are no non-trainable 

parameters, which means the model is full adaptability. After fine-tuning, the total parameter 

to 5763, which means the model used simple optimizer sgd. The parameter size shows the 

model is efficient in terms of memory usage while being capable of learning from the data 

effectively. 

4.3 Ethical consideration 

The following ethics of the system are considered for developing predictive analytics for 

controlling tax evasion using deep learning: - 
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Data security and privacy: We collected data from three sources; all data contain 

confidential data; Tin, and personal information. To make data confidential, we replaced the 

equivalent value in Tin and dropped the other personal information like name, phone number, 

location and so on that was not necessary.  

Integrity: We proposed to use deep learning, but deep learning algorithms are well known 

for their black-box nature. So, we used integrity risk analysis and the audit selection criteria 

of the post-clearance audit process from the customs commission for data pre-processing and 

feature selection.  

Transference and fairness of decision making: Integrating risk analysis and audit selection 

criteria for data pre-processing and feature selection. We use the result from models. 

Algorithm Bias: We considered the following to the reliability of using deep learning to 

make predictions: - 

We did a proper data split; we analysed all training and test datasets for training and tested all 

algorithms.  

We tested the model's well-known regression metrics MB, MSE, RMSE, and R-squared and 

explained the variance score to test the prediction error. 

4.4 Tool used 

4.4.1 Hardware Tools 

 There are requirements used for system development, running, and everything which 

software wants to integrate, such as a computer with the following specification: 

Laptop Computer Processor: corei5, RAM: 8GB, HDD: 1TB and SSD: 256GB. 

Flash drive: 32GB 

Paper: 1000 sheets A4 size 

Pen : 20 peace‟s  

4.4.2 Software tools 

 There are requirements used for implementing the code before installing for that the 

following software requirements are used to develop the proposed system such as Window 11 

operating system, Google colab and keras library with the tensor flow as a back end 

4.4.3 Programming Language 

Python: we used python for creating a model: predictive analytics for controlling tax evasion 

using deep learning 
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CHAPTER FIVE 

EXPERIMENTAL RESULT AND DISCUSSION 

Introduction  

We discuss the result of different evaluation metrics mean bias, mean squared error, root 

mean squared error, and explained variance error and hyperparameter tuning. We also 

compare the model and suggest the best algorithm based on evaluation metrics for prediction. 

5.1 The model using random research CV 

5.1.1 Model architecture using random search CV 

Table 5-1 Model architecture using random search CV 

Model Initial model Fine-tuned model 

DNN Total params 3329(13.00KB) 

Trainable params 3329(13.00KB) 

Non-trainable params 0(0.00B) 

Total params 6660(26.02KB) 

Trainable params 3329(13.00KB) 

Non-trainable params 0(0.00B) 

Optimizer params 3331(13.02) 

AutoEncoder Total params 7217(28.19KB) 

Trainable params 7217(28.19KB) 

Non-trainable params 0(0.00B) 

Total params 21,653(84.59KB) 

Trainable params 7217(28.19KB) 

Non-trainable params 0(0.00B) 

Optimizer params 14436(56.39KB) 

FFNN Total params 2817(11.00KB) 

Trainable params 2817(11.00KB) 

Non-trainable params 0(0.00B) 

Total params 8453(33.02KB) 

Trainable params 2817(11.00KB) 

Non-trainable params 0(0.00B) 

Optimizer params 5636(22.02KB) 

 

Total parameters comparison of models in above table (Table 5-1). The AutoEncoder model 

has highest total parameters in both initial and fine-tuned states, show its complexity. The 

AutoEncoder also shows increase, suggesting a more complex architecture. The DNN and 

FFNN have fewer parameters overall, with the FNN being the simplest among them. 

Trainable parameters comparison of models in above table (Table 5-1), all model trainable 

parameters remain unchanged, show that the models stable architectures. Non-trainable 

parameters comparison of models in above table (Table 5-1), for all models initially and after 
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fine tuning hove 0, this show that all parameters in the models are designed to be trainable, 

contributing directly to model learning. Optimizer parameters comparison of models in above 

table (Table 5-1), the AutoEncoder model has the highest optimizer parameters, reflecting a 

potentially more complex optimization process. The DNN follow to ensemble model. The 

FFNN   have fewer optimizer parameters, suggesting simpler optimization strategies. 

Overall comparison 

1. Complexity: AutoEncoder>DNN>FFNN; the AutoEncoder model is the most complex, 

while the FNN is the simplest. 

2. Parameter stability: All models maintain stable trainable parameter, due to there is no non 

trainable parameter initial model and after fine tuning. 

3. Optimization approach: the AutoEncoder model shows that the most involved 

optimization process, followed by the DNN then the FNN. 

Each model serves different purposes based on complexity, stability, and optimization 

strategies. The AutoEncoder models are best suited for complex tasks requiring high 

performance, while the FFNN be preferable for simpler tasks.  

5.1.2 Training and Validations loss using random search CV 

 

                                 Figure 5-1 Training and validation loss using DNN model 

The training and validation loss using DNN model in above figure (Figure 5-1), show that the 

both validation loss and training loss decreasing; the validation loss is less than the training 

loss this implies that the DNN model learning and generalizing well on unseen data.  
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                   Figure 5-2 Training and validation loss for AutoEncoder model 

The training and validation loss for AutoEncoder model in above figure (Figure 5-2), show 

that both losses is decreasing, and low, this show that the model effectively learning and 

generalization. The small difference in losses initial and the same through final suggest that 

the model is not overfitting. 

 

Figure 5-3 Training and validation loss for FFNN model 

The training and validation loss for FFNN model in above figure (Figure 5-3), show there is 

no difference in training and validation loss, suggest that model is learn for both training and 

unseen data.  
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Table 5-2 Training and validation loss of models summary 

Model Training loss Validation loss 

DNN 0.0048 0.0023 

AutoEncoder 0.0198 0.0186 

FFNN 0.00 0.00 

         

The training and validation loss of DNN models in above table (Table 5-2),     shows a low 

training loss and an even lower validation, suggesting that it has learned the training data well 

while   also generalizing effectively to unseen data. This balance indicates a well performing 

model. 

The training and validation loss of AutoEncoder in above table (Table 5-2), shows slightly 

higher training and validation losses compared to DNN, but both values still low and close 

values.  This shows that the models is performing well but might not be as effective as the 

DNN in generalizing. 

The training and validation loss of FFNN model in above table (Table 5-2), shows the FFNN 

achieves a perfect fit on both training and validation datasets. While this show strong 

performance, it raises concerns about potential overfitting, as it suggests the model may have 

memorized the data rather than learned general patterns. So we needed to measure another 

performance metrics to check either the model have prediction error. 

Overall summary of table (Table 5-2), the DNN shows the best balance between training and 

validation losses, indicating strong generalization. The AutoEncoder performs well but not as 

robustly as the DNN.  In contrast, the FFNN, while achieving perfect losses, raise concerns 

about overfitting and the ability to generalize to new data. So that, the FFNN models needed 

further evaluation to checks its prediction error. 

5.1.3  Model performance results  

 

Figure 5-4 Model performance results using random search CV 
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5.1.4 Model performance visualization  

 

 

Figure 5-5 Model vs. Mean Bias using random search CV 

The model performance visualization with mean bias in above figure (Figure 5-5), shows the 

FFNN and DNN mean bias values in negative directions, indicating slight tendency to 

underestimate the target values.  The AutoEncoder exhibits mean bias values in positive 

directions, suggesting slight overestimation.  

 

 

Figure 5-6 Model vs. Mean squared error using random search CV 

The model performance visualization with mean squared error in above figure (Figure 5-6), 

shows the FFNN achieves the lowest mean squared error, and indicates the superior 
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performance. The AutoEncoder models also perform well with low mean squared error. The 

DNN has highest mean squared error, suggesting it has larger prediction errors compared to 

the other models. 

 

Figure 5-7 Model vs. Root Mean Squared error using random search CV 

The model performance results visualization using root mean squared error in above figure 

(Figure 5-7), show consistent with mean square error, the FFNN has the lowest RMSE, 

indicating the best overall prediction accuracy. The AutoEncoder follow with moderate root 

mean squared error. The DNN has the highest root mean squared errors in its predictions, 

indicate that less prediction accuracy.  

 

Figure 5-8 Model vs. R-squared using random search CV 
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The model performance results visualisation with r-squared value in above figure (Figure 5-

8), shows the FFNN has the highest r-squared, that means it explains nearly all the variance 

in the target variable followed by AutoEncoder model. The DNN has a significantly lower r-

squared value, suggesting it explains less variance compared to the other models. 

 

 

Figure 5-9 Model vs. explained variance score using random search CV 

The model performance results visualization using explained variance score in above figure 

(Figure 5-9), show that the FFNN has the highest explained variance score, indicating it 

captures nearly all the variability in the data. The AutoEncoder also performs well, closely 

following the FFNN. The DNN has the lowest score, again reflecting its limitations in 

variability capture compared to the other models.   

5.1.5 Model performance implication 

Feed-forward neural network (FFNN):- the FFNN model exhibits very low error metrics 

(MSE and RMSE) in above table (Table 5-3), indicating high accuracy in predictions. The R-

squared value is extremely close to 1, suggesting that the model explains almost all 

variability in the data. The negative mean bias indicates a slight tendency to underestimate 

the target variable, but it is negligible given the overall performance.  

Deep neural network (DNN):- The DNN shows a higher MSE and RMSE in above table 

(Table 5-3) compared to the FNN, indicating less accuracy in its predictions. The mean bias 

is negative, suggesting a tendency to underestimate the target variable. Although the R-

squared and explained variance scores are still reasonably good, they indicate that the DNN 

does not capture as much variability in the data as the FFNN. 
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AutoEncoder: - the AutoEncoder performs well, with low MSE and RMSE values. 

Its Rsquared and Explained variance score express that it catches a critical amount of irregula

rity in the data. The mean bias is nearly zero, suggesting that the model does not steadily over

state or undervalue the objective variable in above table (Table 5-3). 

Overall summary, FFNN consistently outperforms other model across all metrics that make it 

the best model for these problems. The AutoEncoder shows strong performance next to 

FFNN. The DNN lags behind in most metrics, suggesting it may not be the best fit for this 

dataset or tasks. 

We choice the FFNN  as best model for prediction due to perfect fit model , simplicity , 

stability, adaptability and outperforming other models across all metrics,  

5.1.6 Hyperparameters tuning results using Random search CV 

The randomized search CV is technique used for hyperparameter tuning in machine learning 

models. It is useful with large number of hyperparameter. It works by defining the parameter 

distributions, this done by allowing the algorithm to sample values; specify the number of 

iterations, this done by adjusting how many time the algorithm will sample hyperparameter 

values and evaluate the model; perform the search , this done randomly samples 

hyperparameter values from the specified distributions; update the search, this done after 

each iteration the algorithm updates its knowledge about the hyperparameter based on the 

performance of sampled hyperparameters; and return the best hyperparameters , this done at 

the end of search process by specifying the best scoring hyperparameters  
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The following models parameter optimization using random search CV:- 

Table 5-3 DNN Model using random search CV hyperparmeter tuning 

Hyperparameters  Hyperparmeter 

tuning  

Random search CV 

results 

Activation fuction    ReLu,sigmoid, tanh ReLu 

Units     Layer3: 32,64, 128 

    Layer2: 16,32, 64 

    Layer1: 8, 16, 32 

Layer3:64, 

Layer2:32, layer1:16 

Epochs  50, 100, 150 100 

Batch size   32, 64, 128 128 

optimizer adam, sgd, rmsprop rmsprop 

Dropout  0.2, 0.3, 0.4 0.2 

 

Table 5-4 AutoEncoder Model using random search CV hyperparmeter tuning 

Hyperparameters  Hyperparmeter 

tuning  

Random search CV 

results 

Activation fuction   ReLu,tanh,sigmoid ReLu 

Dropout  0.1, 0.2, 0.3 0.1 

Learning rate '0.001,0.0001,0.00001 0.0001 
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Units  Layer4:32, 64, 128, 

Layer3: 16, 32, 64, 

Layer2: 8, 16, 32, 

    Layer1: 4, 8, 16, 

Laye4:64, Layer3:64, 

Layer2:32, 

Layer: 8 

Epochs  50, 100, 200 100 

Batch size 32, 64, 128 64 

optimizer  Adam,sgd,RMSprop Adam 

 

Table 5-5 FFNN model using random search CV hyperparmeter tuning 

Hyperparameters  Hyperparmeter 

tuning  

Random search CV 

results 

Activation fuction   ReLu,tanh, sigmoid ReLu 

Learning rate  0.001,0.0001,0.00001 0.0001 

Units      Laye2: 16, 32, 64, 

    Laye1: 8, 16, 32 

Laye2: 64,  

Layer1: 32 

Epochs  50, 100, 200 50 

Batch size 32, 64, 128 32 

optimizer Adam,sgd, rmsprop Adam 

 

5.1.7   The prediction of audit selection using Feed forward neural (FFNN)  

The following audit selection prediction and the top three indicators tax evasion using Feed 

forward neural for five consecutive years: -  
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Figure 5-10 Audit selection prediction using feed forward neural for 2024 year 

 

Figure 5-11 Audit selection prediction using feed forward neural for 2025 year 
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Figure 5-12 Audit selection prediction using feed forward neural for 2026 year

 

 

Figure 5-13 Audit selection prediction using feed forward neural for 2027 year 
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Figure 5-14 Audit selection prediction using feed forward neural for 2028 year 

The top three indictor‟s tax evasion prediction for five consecutive years using feed-forward 

neural networks is the same results for each year are customer profile, declarant profile, and 

random selection. 

5.2 The model using Bayesian optimizer  

5.2.1 Model architecture using Bayesian optimizer  

Table 5-6 Model architecture using Bayesian optimizer 

Model Initial model Fine-tuned model 

DNN Total params 2675(10.45KB) 

Trainable params 2675(10.45KB) 

Non-trainable params 0(0.00B) 

Total params 8027(31.36KB) 

Trainable params 2675(10.45KB) 

Non-trainable params 0(0.00B) 

Optimizer params 5352(20.91KB) 

AutoEncoder Total params 5791(22.62KB) 

Trainable params 5791(22.62KB) 

Non-trainable params 0(0.00B) 

Total params 17,375(67.88KB) 

Trainable params 5791(22.62KB) 

Non-trainable params 0.00(0.00B) 
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Optimizer params 11,584(42.25KB) 

FFNN Total params 5761(22.50KB) 

Trainable params 5761(22.50KB) 

Non-trainable params 0(0.00B) 

Total params 5763(22.52KB) 

Trainable params 5761(22.50KB) 

Non-trainable params 0(0.00B) 

Optimizer params 2(12.00B) 

  

The total parameters of model in above table (Table 5-6) , show that the DNN and 

AutoEncoder model increases in total parameters after fine tuning, showcasing their 

enhanced complexity and capability to learn from data. In contrast, the FFNN showed 

minimal change in total parameters, showing that the fine-tuning process did not alter its 

architecture. The trainable parameters of model in above table (Table 5-6), show that  all 

models trainable parameters remained unchanged; this show that the learning capacity of 

each model was preserved and the fine tuning is focused on optimizing the existing parameter 

rather than altering the model architecture. The non –trainable parameters in either the initial 

or fine-tuned model is the zero. This suggests that all parameters were designed to be 

trainable, allowing for full adaptability to the training data. The optimizer parameters in 

above table (Table 5-6), shows that the DNN and AutoEncoder model, have more complex 

optimization process. The AutoEncoder has the highest optimizer parameters that contribute 

to improved performance.  The FFNN has low number of optimizer parameters, which shows 

that it has simpler optimization approach. This may limit its ability to adapt to complex data 

patterns compared to the other two models. 

Overall comparisons:  

1. Complexity: AutoEncoder> DNN> FFNN; the AutoEncoder model is the most 

complex, while the FNN is the simplest. 

2. Parameter stability: All models maintain stable trainable parameter, there is no 

non trainable parameter initial model and after fine tuning. 

3. Optimization approach: the AutoEncoder show that the most involved 

optimization process, followed by the DNN, then the FFNN.  

Each model serves different purposes based on complexity, stability, and optimization 

strategies. The AutoEncoder model is best suited for complex tasks requiring high 

performance, while the FFNN be preferable for simpler tasks. 
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5.2.2 Training and validation loss using Bayesian optimizer 

 

Figure 5-15 Training and validation loss DNN model using Bayesian optimizer 

The training and validation loss DNN model using Bayesian optimizer in above figure 

(Figure 5-15), shows that the validation loss is lower than training loss, which means the 

DNN has learned effectively from the training data by maintaining strong generalization 

capabilities. And the model has risks overfitting, so we needed to evaluate different 

predictions error metrics. 

 

Figure 5-16 Training and validation loss AutoEncoder model using Bayesian optimizer 

The training and validation loss AutoEncoder model using Bayesian optimizer in above 

figure (Figure 5-16), shows that both the losses are low, slightly training loss higher than 
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validations, this indicates the AutoEncoder has learned effectively from the training data 

while maintaining strong generalization capabilities..  

 

Figure 5-17 Training and validation loss FFNN model using Bayesian optimizer 

The training and validation loss FFNN model using Bayesian optimizer in above figure 

(Figure 5-17), shows that, the validation loss less than training loss, this means the model is 

accurate predictions on new data. FFNN has learned effectively from the training data while 

maintaining strong generalization capabilities.  

Table 5-7 Training and validation loss of models using Bayesian optimizer 

Model  Training loss Validation loss 

DNN 0.0022 0.0003 

AutoEncoder  0.0107 0.0103 

FFNN 0.0500 0.0063 

 

The training and validation loss of models using Bayesian optimizer in above table (Table 5-

13), shows that the DNN models training data achieving a very low error rate, the validation 

loss is also significantly lower than the training loss, suggesting that the model excellent 

generalization to unseen data; the AutoEncoder training loss is higher than that of the DNN, 

show that while the AutoEncoder has learned from training data, it is not as effective as the 

DNN in minimizing reconstruction error, the validation loss is very close to the training loss, 

suggesting that the AutoEncoder generalizes well; the FFNN has the highest training loss 

among the three models, show that it has not learned as effectively from the training data 

compared to the DNN and AutoEncoder, the validation loss is significantly lower than the 
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training loss, suggesting that the FFNN may generalize well to unseen data however , the 

large gap between training and validation loss raises concerns about potential underfitting. 

Overall summary of training and validation loss the DNN exhibits the best overall 

performance, followed by the AutoEncoder, then FFNN. 

5.2.3 Model performance results using Bayesian optimizer  

 

Figure 5-18 Model performance results using Bayesian Optimizer 

 

5.2.4Model performance visualization using Bayesian optimizer 

 

 

Figure 5-19 Model vs. Mean Bias using Bayesian optimizer 

The model vs. mean bias using Bayesian Optimizer in above figure (Figure 5-19), show that 

the DNN model has the lowest mean bias, least tendency to overestimate the target variable. 

The AutoEncoder have slightly higher mean bias values than DNN, suggesting minimal bias 

in their predictions. The FFNN has the highest mean bias, with a negative value, implying 

that it tends to underestimate the target variable on average.  
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Figure 5-20 Model vs. Mean Squared error using Bayesian optimizer 

The model vs. Mean Squared error using Bayesian optimizer in above figure (Figure 5-20); 

shows that the DNN model has the lowest MSE, that lowest prediction error; the 

AutoEncoder have slightly higher MSE but are still very low, shows high accuracy in their 

predictions; and the FFNN has the highest MSE among the models, show not good 

predictions as other models. 

 

 

Figure 5-21 Model vs. Root Mean Squared error using Bayesian optimizer 

The Model vs. Root Mean Squared error using Bayesian optimizer in above figure (Figure 5-

21); show that the DNN model has the lowest RMSE, which means accurate prediction. The 

AutoEncoder have slightly higher RMSE values than DNN, suggesting high accuracy in their 
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predictions then to DNN. The FFNN has the highest RMSE among the models; it has not 

good prediction as other models.  

 

 

Figure 5-22 Model vs. R-squared using Bayesian optimizer 

The Model vs. R-squared using Bayesian optimizer in figure (Figure 5-22); show that the 

DNN model has the highest R-squared value, show that it explains the highest percentage of 

the variance in the target variable.  The AutoEncoder has slightly lower R-squared values but 

are still very high than DNN, suggesting that they explain a significant of the variance in the 

target variable.  The FFNN has the lowest R-squared among the models, lowest percentages 

of the variance in the target variable.  
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Figure 5-23 Model vs. Explained variance score using Bayesian optimizer 

The Model vs. Explained variance score using Bayesian optimizer in the above figure (Figure 

5-23); shows that the DNN model has the highest explained variance score that means it 

captures the highest percentage of the total variance in the target variance score. The 

AutoEncoder has slightly lower explained variance scores but are still very high than DNN, 

that means they capture a significant portion of the total variance in the target variable. The 

FFNN has the lowest explained variance score among the models, lowest percentage of the 

total variance in the target variance score than other models.  

5.2.5 Model performance implication using Bayesian optimizer 

Feed-forward neural network (FFNN):- the FFNN model exhibits higher error metrics 

(MSE and RMSE) in above table (Figure 5-18), indicating low accuracy in predictions. The 

R-squared value is close to 1, suggesting that the model explains variability in the data. The 

negative mean bias indicates a slight tendency to underestimate the target variable..  

Deep neural network (DNN):- The DNN shows a lower MSE and RMSE in above table 

(Figure 5-18) compared to the FNN, indicating higher accuracy in its predictions. The mean 

bias is positive, suggesting a tendency to overestimate the target variable. Although the R-

squared and explained variance scores are higher, they indicate that the DNN capture much 

variability in the data as than FFNN. 

AutoEncoder: - the AutoEncoder performs well, with low MSE and RMSE values than both 

FFNN. Its Rsquared and Explained variance score express that it catches the data 

variability. The mean bias is negative, suggesting that the model does  undervalue the objecti

ve variable in above table (Figure 5-18). 
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We choice the DNN because outperform all prediction metrics and best to interpretability of 

the models.  

5.2.6 Hyperparameter tuning using Bayesian optimizer 

Bayesian optimization is useful in hyperparameter tuning. It works by surrogate model , this 

done by building objective function; Acquisition function, this done balances trying new 

hyperparameter combinations and refining known good hyperparameters; Iterative process, it 

process consists of sample hyperparameters, update surrogate model, optimize acquisition 

function and evaluate the objective function, repeat; and final convergence steps by 

specifying number of trials is completed.  
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Table 5-8 DNN model hyperparmeter tuning using Bayesian optimizer 

Hyperparameters  Hyperparmeter tuning  Bayesian 

optimizer results 

Activation fuction  trial.suggest_categorical('activation', ['ReLu', 

'tanh', 'sigmoid']) 

Sigmoid  

Units  
unit4 = trial.suggest_int('unit4',32, 128), unit3 = 

trial.suggest_int('unit3',16, 64), and unit2 = 

trial.suggest_int('unit2', 8, 32) 

Unit4=71, 

unit3=19,unit2=25 

Epochs  trial.suggest_int('epochs', 50, 200) 150 

Batch size trial.suggest_categorical('batch_size', [16, 32, 

64]) 

64 

optimizer 
 trial.suggest_categorical('optimizer', ['adam', 

'sgd', 'rmsprop']  
Adam  

Dropout  trial.suggest_float('dropout_rate', 0.1, 0.5) 0.12483 

 

Table 5-9 AutoEncoder model hyperparmeter tuning using Bayesian optimizer 

Hyperparameters  Hyperparmeter tuning  Bayesian optimizer 

results 

Activation fuction  trial.suggest_categorical('activation', 

['ReLu', 'tanh', 'sigmoid']) 

tanh 

Dropout  trial.suggest_float('dropout_rate', 

0.1, 0.5) 

0.12146556 

Learning rate trial.suggest_loguniform('lr', 1e-5, 

1e-1) 

0.00022027 
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Units  
 units_1 = trial.suggest_int('units_1', 

32, 128) 

    units_2 = 

trial.suggest_int('units_2', 16, 64) 

    units_3 = 

trial.suggest_int('units_3', 8, 32) 

    units_4 = 

trial.suggest_int('units_4', 4, 16) 

Units_1=88, 

Units_2=40, 

Units_3=22,  

Units_4=15 

Epochs  
trial.suggest_int('epochs', 50, 200) 

 

96 

Batch size trial.suggest_categorical('batch_size', 

[16, 32, 64]) 

64 

optimizer 
trial.suggest_categorical('optimizer', 

['Adam', 'sgd', 'RMSprop']) 

 

Adam 

Table 5-10 FFNN model hyperparmeter tuning using Bayesian optimizer 

Hyperparameters  Hyperparmeter tuning  Bayesian optimizer 

results 

Activation fuction  trial.suggest_categorical('activation', 

['ReLu', 'sigmoid', 'tanh']) 

tanh 

Learning rate  trial.suggest_float('learning_rate', 

1e-5, 1e-2, log=True) 

0.00003511 

Units  
 units1 = trial.suggest_int('units1', 

64, 256, step=32), units2 = 

trial.suggest_int('units2', 16, 128, 

step=16) 

Unit1=96, unit2=48 

Epochs  trial.suggest_int('epochs', 50, 200) 150 

Batch size trial.suggest_categorical('batch_size', 32 
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[16, 32, 64, 128]) 

Dropout  
  trial.suggest_float('dropout_rate', 

0.1, 0.5) 
0.284558 

optimizer 
trial.suggest_categorical('optimizer', 

['adam', 'sgd', 'rmsprop']) 
sgd 

 

 

5.3 Comparison model architecture with random search CV and Bayesian optimizer   

The comparison model architecture with random search CV and Bayesian optimizer based on 

above table (Table 5-1 and Table5-6):- 

Optimizer parameters: - the Bayesian optimization approach adds significant optimizer 

parameters compared to random search, especially in DNN and AutoEncoder models. 

Model complexity: - the AutoEncoder model display substantial increases in total parameters 

with Random search, shows they may benefit from hyperparameter tuning than other models. 

In general the hyperparameter tuning method affects both the model architecture and the 

parameter count. Bayesian optimization may lead to more complex models with potentially 

better performance, while Random search CV maintains simpler architectures with 

significant parameter increases. 

 5.4 comparison model performance results using random search CV and Bayesian 

optimizer.  

Performance comparison: the random search CV shows that the FFNN and Ensemble 

perform well across all metrics, with showing the best overall performance, in contrast the 

Bayesian optimizer results drop in performance for the FFNN, while RF, AutoEncoder and 

DNN perform well, in MSE and RMSE; Bias and error metrics: the random search CV 

generally yields lower bias and error metrics across the board, while the Bayesian optimizer 

shows higher errors for the FFNN; and R-squared and explained variance in random search 

CV is higher show that better fit and predictive power compared to Bayesian optimizer 

results. 

In general for our case the prediction power and minimal bias is crucial so that the random 

search CV is better. 
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CHAPTER SIX 

CONCLUSION, CONTRIBUTION, AND FUTURE 

RECOMMENDATIONS 

6.1Conclusion 

We conclude the study by answering the research question. Research question 1. Which deep 

learning model can best suit predicting patterns and anomalies of tax evasion in a large 

dataset and compare with traditional predictive models for five consecutive years? We 

compare deep learning model DNN, AutoEncoder with artificial neural network feed-forward 

neural network. We found that the feed-forward neural networks performed best in all 

models. Research questions 4, Which Hyperparameter tuning technique is better optimizing 

the models? We compared two hyperparameter tuning techniques random search CV and 

Bayesian optimizer, the random search CV is best perform with minimal bias, mean squared 

error, root mean squared error and higher r-squared and explained variance score. 

When we generalize the study, we used domain knowledge for data pre-processing; we model 

predictive analytics using deep neural networks, AutoEncoder, and feed-forward neural 

networks. We optimize the hyperparameter of the model using random search CV and 

Bayesian optimizer techniques. We found that the random search CV is better performed and 

feed forward neural networks best suit model. We saw the ethical consideration in data 

confidentiality, fair and equal decisions for risk analysis, and identifying the mean bias of 

algorithms ensuring that this research serves the customs commission.  

6.2 Contribution of Study 

1. Working the predictive analytics for controlling tax evasion using deep learning integrating 

company rules to handle the black box nature of deep learning algorithms  

2. The study contributes by evaluating and comparing different deep learning models and 

selecting the best fit for predictive analysis.  

3. The research done using local datasets from three source customs commission, domestic 

and PCA audit history.  

4. The study contributes by evaluating and comparing two hyperparameter tuning technique, 

suggest the better optimizer. 
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5. Predict the next five years' audit selection and the top three variables that show tax 

evasion.  

6. In predicting audit selection, the previous year's selected customer was excluded from the 

next year's audit selection, so that it reduced data because that it affect the performance of 

model prediction, to handle this we used transfer learning and more accurately predicted for 

five consecutive years. 

6.3 Future Recommendations 

Conduct different behavioural models since frequently the customer behaviour is changing 

and incorporating it‟s to models.  

Conduct predictive analytics for controlling tax evasion, data analysis of each variable is 

done separately or sequentially but feature researcher uses greedy algorithm or any parallel 

processing system to minimize analysis time and make a more efficient system. 

Customise uses predictive analytics for controlling tax evasion related to the online market 

and works. 

Continuously monitor and implementing a feedback loop to retrain and validate the models 

periodically can ensure their effectiveness and adaptability to evolving patterns and trends.  
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APPENDIX 

Appendix A: Model implementation 

A.1 sample Library  

import tensorflow as tf # data automation, model tracking, performance monitoring, and 

model retraining. 

import pandas as pd # working with data sets. It has functions for analyzing, cleaning, 

exploring, and manipulating data. 

import numpy as np # to perform a wide variety of mathematical operations on arrays 

import matplotlib.pyplot as plt # for data visualization 

import tensorflow_datasets as tfds # provides a collection of ready-to-use datasets for use 

with TensorFlow 

import seaborn as sns # for data visualization 

from tensorflow.keras.utils import plot_model 

import scipy.stats as stats # to calculate probability function mean, std from datasets. 

from sklearn.model_selection import train_test_split # to split data in Time frame 

from functools import reduce # to merge multiple dataframes as separate arguments. 

from sklearn.metrics import mean_squared_error, r2_score, explained_variance_score # to 

evaluate parameter model 

from tensorflow.keras.models import Sequential 

A.2 Data loading 

Data1 = pd.read_csv(r"ECMS import dataset 1.csv", encoding='latin-1') #loading data1 and 

NB: Latin-1 because the dataset contains characters,including the ASCII character set (the 

basic Latin alphabet, digits, punctuation marks, etc.) and mathematical symbols to support all 

this used latin-1 

Data2 = pd.read_csv(r"Domestic dataset 2.csv") #loading data2 

Data3 = pd.read_csv(r"PCA history dataset 3.csv") #loading data3 
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 A.3 Pre-processed data 

 

A.4 Data spilt  

 

A.4 Model Architecture FFNN model architecture. 

 


