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TAX GAP ESTIMATION TOOLKIT TRAINING

Programme
Day 1: Monday, 7 October 2024

14:00 – 15:00 Opening remarks

       Introduction to the Bottom-Up approach with Q&A

15:00 – 15:15 Short Break (15 minutes)

15:15 – 16:00 Data Preparation theory 

16:00 – 17:00 Data Preparation practical with Q&A – Group break-out session

Day 2: Tuesday, 8 October 2024

14:00 – 15:00 Estimation theory

15:00 – 15:15 Short break (15 minutes)

15:15 – 16:00 Estimation practical with Q&A – Group break-out session

16:00 – 17:00   Interpreting and implementing findings with Q&A

       Closing words
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Bottom 
up

Estimated gap 
extended to the 

population

Detailed Administrative data 
(e.g., tax declarations, audit 

info)

Source: Australian Tax Office

Recap

https://www.ato.gov.au/about-ato/research-and-statistics/in-detail/tax-gap/principles-and-approaches-to-measuring-gaps/how-we-measure-tax-gaps
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Recap
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Recap of data preparation and tax gap estimation steps

• We have a merged Tax return-Audit data .

• This data will now be used in tax gap estimation.

• Because not all firms are audited, we need to extrapolate and aggregate.

1. Data 
collection

Audit outcome 
gives us info 
about tax 
recovered.

2. Analysis

Audits are 
costly and 
only few are 
conducted

3. 
Extrapolation

Estimation of 
recovery 
rates for 
non-audited 
firms.

4. Aggregation

Recovery 
rates are 
aggregated 
to calculate 
the tax gap.
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Part 2 of the Toolkit: 
Tax Gap Estimation using Machine Learning
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Extrapolation: Machine learning

• Machine learning uses both audited and unaudited taxpayer data to 

identify patterns and learn the most relevant variables, then predicts the 

tax potential revenue.

Strengths of Machine Learning:

•Captures complex, non-linear relationships without strict distributional assumptions, 

and adapts to complex data structures.

•Outperforms traditional statistical methods in predicting tax evasion and can provide 

more reliable and representative tax gap estimates.

•Addresses selection bias from observable factors by including all known variables 

influencing audit selection.

•Advanced ML techniques can incorporate methods, like the Heckman correction, to 

account for unobserved factors influencing selection bias.
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Extrapolation: Machine learning

Machine learning algorithms are many       Why use Random Forests for Tax Gap Analysis?

• Performs well even when predictors outnumber observations.

• Effectively manages outliers and atypical values, enhancing prediction accuracy.

• Reduces the risk of overfitting by not using all variables simultaneously.

• Simple to understand, quick to implement, and efficient in practice.

Note: For a detailed explanation of random forest review the technical note Appendix.  
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Extrapolation: Machine learning

TPIN Audit Status Recovery

Actual

108469 Audited 17,158.95

105476 Audited 14,921.44

876560 Audited 14,118.49

858323 Audited 16,138.63

684517 Unaudited

124278 Unaudited

368696 Unaudited

335143 Unaudited

368696 Unaudited

212796 Unaudited

166410 Unaudited
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Extrapolation: Machine learning

TPIN Audit Status Recovery

Actual

Recovery

Potential

108469 Audited 17,158.95

105476 Audited 14,921.44

876560 Audited 14,118.49

858323 Audited 16,138.63

684517 Unaudited

124278 Unaudited

368696 Unaudited

335143 Unaudited

368696 Unaudited

212796 Unaudited

166410 Unaudited



1109/10/2024 1109/10/2024

Extrapolation: Machine learning

TPIN Audit Status Recovery

Actual

Recovery

Potential

108469 Audited 17,158.95

105476 Audited 14,921.44

876560 Audited 14,118.49

858323 Audited 16,138.63

684517 Unaudited 6,517.63

124278 Unaudited 33,765.42

368696 Unaudited 22,256.54

335143 Unaudited 36,984.14

368696 Unaudited 16,175.93

212796 Unaudited 23,144.84

166410 Unaudited 13,103.30
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Tax gap estimation step by step
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Readme file
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Overview of Machine Learning Tax Gap Estimation Stages

The tax gap estimation part of the toolkit consists of four main stages:

Stage 1: Stata 
Environment 

Setup

Prepare 
Stata 
environment 
and load 
data for tax 
gap analysis.

Stage 2: 
Choosing the 

Machine Learning 
Model

Optimize 
Random 
Forest 
parameters 
to improve 
prediction of 
tax evasion 
amounts.

Stage 3: 
Testing the 

Model

Evaluate 
model 
performance 
and compare 
predictions 
with OLS 
regression 
results.

Stage 4: 
Estimating the 

Tax Gap

Use the 
optimized 
model to 
estimate the 
tax gap and 
generate 
visual 
summaries.
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Stage 1: Stata Environment Setup

Install Random Forest package 

Prepare Stata environment

Set up global directory paths

Import data
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Stage 2: Choosing the Machine Learning Model

Requirements:

• Cleaned Dataset: Ensure your dataset is cleaned and merged as per Part 1 of the toolkit.

• Variables Identification:

• Audited Regions Variable: A variable indicating regions where audits were conducted.

• Evaded Tax Variable: A variable representing the amount of tax evaded (e.g., VAT, CIT, PIT).

• Relevant Variables for Prediction: All variables that might help predict tax evasion.

Steps:

1. Set Up Parameters

2. Split the 
Data into 

Training and 
Testing Sets

3. Tune the First 
Parameter 
(Number of 
Iterations)

4. Tune the Second 
Parameter (Number of 

Variables per Split)

5. Select 
Optimal 

Parameters
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Stage 2: Choosing the Machine Learning Model

1. Set Up Parameters:

Identify Audited Regions:

Create Evaded Tax Variable:

Restrict Data to Audited Periods in 
Audited Regions:
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Stage 2: Choosing the Machine Learning Model

1. Set Up Parameters:

Identify Audited Regions:

Create Evaded Tax Variable:

Restrict Data to Audited Periods in 
Audited Regions:
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Stage 2: Choosing the Machine Learning Model

2. Split the Data into Training and Testing Sets:

1. Training sample: This is the part of the sample where we run the model. In this sense, we are 

training the model on this subsample.

2. Testing sample: In this part, we will compare the predictions from the model with the actual value 

of the variable. In this sense, we will test our predictions on this subsample.

• The testing sample should be a percentage of the total sample. For instance, you could split the sample into 50% 

for testing and 50% for training. Remember to replace "nn + 1 / NN" with numbers based on the sample size. 

Hence, if there are 100 observations, nn would be 50 and NN would be 100.

Set Seed for 
Reproducibility:

Create a Random 
Variable for Splitting:
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Stage 2: Choosing the Machine Learning Model

3. Tune the First Parameter (Number of Iterations):

Initialize Auxiliary 
Variables:

Run Loop to Find 
Optimal Iterations:

Plot Errors to 
Identify Optimal 
Iterations:
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Stage 2: Choosing the Machine Learning Model
• 4.Tune the Second Parameter (Number of Variables per Split):

Initialize 
Auxiliary 
Variables:

Identify Optimal 
Number of 
Variables:

Identify Optimal 
Number of 
Variables:

Plot Errors to 
Confirm Optimal 
Number of 
Variables:
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Stage 2: Choosing the Machine Learning Model
5. Select Optimal Parameters:

Use the optimal number of iterations and variables per split identified in the previous steps for the final model.
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Stage 2: Choosing the Machine Learning Model

5. Select Optimal Parameters:
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Stage 3: Testing the Machine Learning Model

Requirements:

• Optimal Parameters: From Stage 2 (e.g., Optimal Iterations and Optimal number of Variables).

• Training and Testing Data: Split datasets from Stage 2.

• Predictor Variables: The same variables used in Stage 2. 

Steps:

1. Run the Random 
Forest Model with 

Optimal Parameters

2. Make 
Predictions 

and Calculate 
R-squared

3. Plot Variable 
Importance 

Scores

4. Compare with OLS 
Regression

5. Generate 
Comparison 

Table

6. Generate 
Graphs to 
Visualize 

Model 
Accuracy
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Stage 3: Testing the Machine Learning Model

1. Run the Random Forest Model with Optimal Parameters:
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Stage 3: Testing the Machine Learning Model

2. Make Predictions and Calculate R-squared:

• On training data:

• On testing data:
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Stage 3: Testing the Machine Learning Model

3. Plot Variable Importance Scores:
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Stage 3: Testing the Machine Learning Model

4. Compare with OLS Regression:

• Run OLS Regression:

• Predict and Calculate R-squared on Testing Data:



2909/10/2024 2909/10/2024

Stage 3: Testing the Machine Learning Model

Code lines 318-400: 

Uses the collect 

command to organize 

and format a table that 

compares the OLS 

and ML models based 

on R-square and 

RMSE metrics.

5. Generate Comparison Table:

Note: Higher R-square values for the ML model suggest a better fit to the data
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Stage 3: Testing the Machine Learning Model

6. Generate Graphs to Visualize Model Accuracy:

Histogram of Predicted vs. Actual Values:



3109/10/2024 3109/10/2024

Stage 3: Testing the Machine Learning Model

6. Generate Graphs to Visualize Model Accuracy:

Scatterplot of Predicted vs. Actual Values:
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Stage 4: Estimating the Tax Gap

Requirements:

Full Dataset: Reload the original dataset with all observations.

Optimal Model Parameters: From previous stages.

Variables for Grouping: Variables to group by (e.g., year, industry, region).

Steps:

1. Prepare Data for 
Prediction

2. Run the 
Random 
Forest 

Model on 
Full Dataset

3. Calculate 
the Tax Gap

4.Obtain Nominal 
Values for Potential 
Revenue, Total Tax 

Collected, and 
Potential Revenue 

Lost
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Stage 4: Estimating the Tax Gap

1. Prepare Data for Prediction:

Clear and Reload 
Data:

Generate Necessary 
Variables:
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Stage 4: Estimating the Tax Gap

2. Run the Random Forest Model on Full Dataset:

Predict Unpaid Tax:

Handle Negative 
Predictions (if 
applicable):
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Stage 4: Estimating the Tax Gap

3. Calculate the Tax Gap:

Option A:  If No Negative Values in 'evaded' Variable

Calculate Tax Gap:

Plot the Tax Gap 
Percentage:

Export Summary 
Statistics:
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Stage 4: Estimating the Tax Gap

3. Calculate the Tax Gap:

Option B: If 'evaded' Variable Contains Negative Values

Calculate Tax Gap:

Plot the Tax Gap 
Percentage:

Export Summary 
Statistics:
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Stage 4: Estimating the Tax Gap

4.Obtain Nominal Values for Potential Revenue, Total Tax Collected, and Potential 

Revenue Lost

A. Overall Results by Year

Collapse Data and 
Calculate Potential 
Revenue:

Plot Revenue 
Consequences:

Export Summary 
Statistics:
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Stage 4: Estimating the Tax Gap

4.Obtain Nominal Values for Potential Revenue, Total Tax Collected, and Potential 

Revenue Lost

B. Results by Sector/Industry/Region

Collapse Data and 
Calculate Potential 
Revenue:

Plot Revenue 
Consequences:

Export Summary 
Statistics:
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Concise Summary of the Bottom-Up Tax Gap Analysis Toolkit

Aim: Equip Revenue Authorities with a machine learning framework to estimate tax gaps for VAT, PIT, and 
CIT, enhancing tax compliance and policy formulation.

Process Overview:

1. Setup: Install required Stata packages and prepare the analysis environment.

2. Model Selection: Employ Random Forest algorithms, tuning parameters to optimize predictions of tax 
evasion using relevant variables.

3. Model Testing: Assess the model's performance with metrics like R-squared and RMSE; compare 
results with traditional OLS regression to ensure accuracy.

4. Tax Gap Estimation: Apply the optimized model to the full dataset to predict unpaid taxes, calculate tax 
gap percentages across different groups (e.g., year, industry, region), and address any negative values 
in the evaded tax variable.

5. Revenue Analysis: Calculate nominal values for potential revenue, total tax collected, and predicted 
revenue lost. Generate visual summaries and detailed statistics to illustrate revenue implications.

Outcome: Provide a data-driven approach to identify significant tax evasion areas, facilitating better 
compliance strategies and informed policymaking.
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Bottom-up approach materials

• This workshop trains to use the Bottom-up approach. Providing technical sessions with examples of 

estimating the Tax gap using dummy data

• Tax Gap Toolkit Technical Note, Readme files and example Stata codes will be available on the UNU-

WIDER’s webpage later this year



Thank you!
Dr Kwabena Adu-Ababio​

kwabena@wider.unu.edu​
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wider.unu.edu

Follow us on LinkedIn, Facebook, and Twitter @UNUWIDER

More information available online
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