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Preface 
 
Throughout this thesis the term 'we' refers to the author and the first supervisor. Any comments 

made on the work processes of Customs are from the author alone. In some cases, it might seem 

inaccurate or incorrect in the eyes of Customs or third parties. In that case it lies solely on the 

interpretation of the author of certain situations, and might not be conform the real situation at 

Customs.     



 
 

Abstract 
 
Dutch Customs currently has a problem where they have to spend a lot of time and manpower 

to check and correct the customs value of e-commerce fulfilment goods that enter the EU at the 

Dutch border. The Customs value is calculated by taking the sales price of the specific good 

and subtracting the costs of transportation that are incurred along the trade route till the Dutch 

border. The cause of the problem lies in the fact that every import company is allowed to 

calculate their own costs of transport, resulting in seemingly random custom values for identical 

goods between import companies. Upon further research, it is apparent that Customs does not 

possess the data needed to recreate the calculations that the import companies performed in 

order to check if the custom values are true and accurate. Furthermore, the most important 

feature, the sales price for each good, was not stored adequately by Customs.  

 With the use of the following machine learning regression algorithms; Artificial Neural 

Network, Support Vector Regression, and Random Forest, we were able to construct a much 

simpler model to predict the customs value that incorporates only three variables, namely sales 

price, gross weight, and customs duty. We achieved an average MAPE of 9,5%, which we 

further supported with a prediction interval. This, combined with a confidence level, will allow 

Customs to view at a glance which customs values are close to being true, and which values are 

more likely to be incorrect. This will hopefully shorten the time and manpower required to 

supervise the customs value of goods.   

  



 
 

Management Summary 

Problem description 
 

Because of an enormous increase in the movement of e-commerce goods over the last 

couple of years, Dutch Customs has problems carrying out their supervision on the transit of 

shipments, in particular of fulfilment e-commerce. In the current situation, Customs is spending 

a lot of time verifying and correcting the amount of import duty that is to be collected for every 

fulfilment shipment. Customs has to check each shipment individually which takes up time and 

manpower that can be used elsewhere. Moreover, most corrections are relatively small, usually 

only a couple of euro is gained with each correction, and this could be done more efficient.  

 

In order to comply to the UCC regulations Customs has allowed companies to calculate the 

customs value themselves based on their own costs. This has been done for two reason, (1) to 

save time and resources, and (2) because Customs does not have the same information as import 

companies have. This has led to a situation where the customs value is company dependent; if 

import companies would import the same good, all goods would have another customs value 

since the cost values are different. The custom value is not a pinpoint accurate number anymore, 

but more a value that lies within a certain range. This makes the auditing role of Customs 

difficult and labour intensive.  

 Another problem that arises from the current method, is that Customs is lacking the data 

to verify the correctness of the customs value, because the import companies calculate the 

customs value on their side, without sharing their data with Customs. This is a risk potential 

since this can lead to fraud, in case import companies deliberately report lower sales prices 

(called undervaluation), in order to pay less import duties.   

 

There are 4 different stage where declaration data can be adjusted. The first stage is where the 

import company checks the imported goods and corrects the declaration if needed. The second 

stage is when Customs sends an inspection team to check the content of the imported package 

and corrects the declarations when needed. The third stage is when Customs checks the URL 

of the declaration and compares that to the information on the declaration. The final stage is 

where Customs (should) check to see if the declarations are in line with the agreed upon customs 

value calculation. In between the stage is the estimated time it takes to go to the next stage.  

 



 
 

 
 

Our solution would be implemented in Stage 3, where Customs can use our method to better 

predict whether or not a declaration is correct. The strength of our model lies in the fact that we 

can support this assumption by providing a prediction interval based on real, historic data. 

 

Analysis 
  
 We use a multitude of (machine learning) regression algorithms to predict the customs 

value, in order to limit the number of small corrections Customs is currently doing. Customs 

can now decide what corrections they want to perform, based on the given sale price’s deviation 

from this predicted value. Since there is a high variation in what is considered a correct customs 

value, we will also construct a prediction interval to deal with the variation in customs value 

and to give further insights. 
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1. Introduction 

In Europe, e-commerce sales via web shops are increasing strongly. This year, 268 million 

consumers bought online goods and spent €198 billion on it. Come 2022, European e-commerce 

sales are predicted to hit 418 billion euros, a growth of 61,6% since 2016. This growth in e-

commerce has an impact on the logistics networks that facilitate the delivery of packages to 

individual customers. An important part of these e-commerce goods is bought abroad. For these 

flows, additional problems occur. A critical success factor for all web shops is the smooth final 

delivery of the goods to the buyer. This buyer can be anywhere in the world and usually requires 

the purchases to be delivered to their house, or a specific location nearby. According to the 

HIDC (Holland International Distribution Council), one of the three main challenges of the e-

commerce supply chain is competition regarding delivery speed to consumers. In the early years 

of e-commerce, delivery times of days or weeks were not uncommon. Currently, however, 

many web shops are trying to compete on minimal delivery times.  

 

This development results in a continuous struggle to develop fulfilment mechanisms that deliver 

as promised. Fulfilment is a service proposition of platforms such as Alibaba and Amazon, to 

enable individual web shop owners to make a faster delivery to the customer. Fulfilment by 

Amazon (FBA) is the system that Amazon makes available to retailers: Amazon receives the 

products, stores them, ships them. It is now recognized as a category of shipments that are 

mostly stock movements by web shops with the aim to bring products closer to customers in 

anticipation of sales. In doing this, these web shops enable quicker delivery in B2C sales. The 

challenge for fulfilment is the movement of the largely online purchase and payment transaction 

into an offline setting, of boxes, shipments, transport and storage. Given the complexity of this 

operational part of the transaction, many specialized fulfilment service providers have 

developed that cater to the requirements of web shops. The classic fulfilment services are 

similar to what logistics services providers offered their clients for years: transportation, 

warehousing, value added services, returns handling, and ICT.  
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Figure 1.1: A structural representation of FBA. 

 
A major challenge for Dutch Customs is to organise proper supervision on these e-commerce 

flows. This challenge results, among others, from the considerable fragmentation in shipments 

which means that individual packages all require intensive attention. Since initial fulfilment 

shipments are not sales but stock movements, and there is often nothing to go on to determine 

a benchmark value, crucial information is essentially missing when shipment documents and 

declarations are prepared. When goods cross the EU border, a certain amount of import duties 

has to be paid to the EU according to the Customs Valuation Agreement made by the Word 

Trade Organisation (WTO). Certain goods may have a higher tariff based on the policies that 

the EU deems favourable for the economy. This import duty is a percentage of the declared 

customs value of the goods. The customs value is the value for the application of the Common 

Customs Tariff. It is necessary to define the value precisely as the taxable amount in order to 

prevent importers from being treated unequally in the same cases. The rules for determining 

value in the European Community are based on Article VII of the General Agreement on Tariffs 

and Trade (GATT). The GATT code has six different methods for determining the customs 

value. These are: 

 

1. Transaction value of imported goods; 

2. Transaction value of identical goods; 

3. Transaction value of similar goods; 

4. Recovery method (deduction method); 

5. Calculated value (cost plus method); 

6. Reasonable means (fall-back method). 
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In normal cases, when goods cross the border for B2C or B2B sales, a transaction has already 

been made and the customs value can be derived from the sales price on the declaration. 

However, when it comes to fulfilment stock movement, the goods that cross the border have 

not yet been sold, they are to be stored in bonded warehouses and be shelved until a customer 

buys the product online. Therefore, these products do not have a sales price when crossing the 

border and this makes it difficult to determine the amount of import duties to be paid. For now, 

customs is applying the sixth method of the GATT, namely the reasonable means, which 

implies to use one of the other methods and ease the constrains of that method. When it comes 

to fulfilment, the following two methods are used with relaxed constrains; 

Method 2, transaction value of identical goods, is used as a guideline in determining the 

transaction value. This results in taking a URL address linking the declared product to a e-

platform webpage, using the sales price given there as the transaction value of the product.    

Method 4, the deduction method, is then used, using the URL address from previous 

step, as a base price. This price can then be reduced by the following to create the customs 

value: 

 

1. The usual commissions or surcharges for profit and general costs; 

2. The usual costs of transport and insurance and related costs in the Union; 

3. Import duties and taxes to be paid on importation or sale in the Union.  

 

With regards of the details of these imports and the number of simplified and additional 

information, it is extremely difficult to apply these methods. It entails great administrative 

burdens for the companies and many processes on the customs side. The use of these methods 

is therefore, not opportune. Companies can apply at customs to make a spreadsheet applying 

the methods aforementioned, and come to an agreement with customs on how to calculate the 

customs values, and the import tariffs. These agreements take a central position in 

understanding the customs value.  

In the current situation, companies have different customs value for the same products, 

resulting from differences in calculations taken from the company’s spreadsheet. This creates 

a misbalance in processes and payments for companies and customers alike. Customers can buy 

a product online at a web shop, while at another web shop, the same product is sold for less. 

How can company A sell its identical products for less, while they seemingly come from the 

same place, through the same modes of transport, as company B? Is this unfair to the companies 

and customers, or is this just the result of different transport processes used by the companies? 
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It is important to look at the costs of transport for all companies and see, if there is a distinct 

difference in their methods that justifies these large discrepancies in customs value. 

 

For now, it seems like there is a randomness when it comes to calculating customs values. We 

want to create a model that uses as little variables as possible, to ease the process of monitoring 

and calculating customs value for e-commerce fulfilment transhipments.  

 

1.1. Research Questions 
 
  

RQ1 What model can best represent a customs value in a simplified manner, for all 
e-commerce fulfilment shipments? 

The purpose of this research question is to come up with a model that envelops all e-

commerce fulfilment shipment. The key is to create a model that is simple to apply for Customs 

and import companies alike. Customs has expressed their desire to have a simpler model than 

in the current situation. 

RQ1.1 Does the current method of calculating the customs value for fulfilment 
shipments result in a representative customs value? 

Currently, Customs has certain agreements with companies that allow them to calculate 

their import customs value based on a model, while other companies do not have an agreement 

and use a different method. In the desired situation, all e-commerce fulfilment declarations 

would use the same method of calculating the customs value. It should be interesting to see how 

the outcomes of the different models compare to one another.  The method for this question is 

going to be an analysis on the customs value from each company, when comparing similar 

products and the difference in customs value based on land of origin/destination/weight etc.   

RQ1.2 Is there a pattern in the different categories for a shipment, such as: 
weight, country of destination, country of origin, commodity code, or 
time? And can it be used to make categorized flat rates? 

The new model could be fitted on different characteristic, resulting in a set of different 

models for distinct goods. For example, the model for the customs value of wooden toys might 

be different than that for mobile phones or clothing. The method for this question would be to 
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analyse the differences in custom values between different products and similar origin/ 

destination/weight.  

RQ1.3 Is there an alternative to the transaction value, or an alternative way to 
construct the transaction value, that can be used in the model? 

In the current situation, the transaction value for fulfilment can be a URL linking to an 

e-platform, that substitutes for the actual transaction value. This seems rather time dependent, 

prices might change over time or the product goes out of stock indefinitely, leading to a dead 

URL. It is also inefficient to click on a URL each time you want to see the transaction value 

when checking the customs value. The best method would be a literature study about fair pricing 

in trade and to compare this to the values seen in the database of Customs.   

RQ1.4 How many variables are needed to create the model, but also keep the 
model as simple as possible? 

In order to create the model, we need to find out how many variables impact the customs 

value and to what degree. Some variables may be redundant while others have a significant 

impact on the customs value. For example, for transportation costs, does it matter if shipments 

are brought in from Japan or China, or is it nearly the same? Do we start off with a simple model 

an increase the number of variables, or start with a large model and prune down the variables? 

A literature study will be conducted to support the best method. This will then be used with the 

available data, and verified based on the existing company models.   

1.2. Literature review 
 
Given that the structure of de model is linear in nature, and that the outcome variable is 

continuous, we expect that the regression algorithm will be the best method to produce accurate 

predictions. The way customs value is calculated at the moment allows for some discrepancy 

between customs value depending on the importing company. Management emphasized that 

the solution should therefore incorporate some sort of interval that approximates the possible 

true value. To determine which Machine Learning algorithm is to give the most accurate results 

we analyse multiple studies on the same subject. First, we will describe the characteristics of 

our data set in order to set the framework for our study. The data set consists of a large number 

of observations with a large number of features. Upon further research it seems like only five 

to seven features are truly interesting for our research question. These features are a mix of 

continuous and categorical values. There are four articles that correspond to our criteria (Ahmad 
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et al., 2018; Bratsas et al., 2020; Ibrahim & Rusli, 2007; Zacarias & Bostrom, 2013). These 

studies use the following regression algorithms: Artificial Neural Network, Decision Tree, 

Random Forest, Support Vector Regression, Multilayer Perception, and Linear Regression. Out 

of these studies, it appears that the SVR and the ANN perform the best when it comes to 

accuracy. Both methods do however take a long time to do the computations. Besides that, these 

are also considered black box methods, meaning that the results are not easy to analyse or draw 

conclusions of. We therefore also include the RF in order to balance this out, since the RF 

allows for easy feature explanation. We will also include the use of LR since this is easy to 

implement and can show a baseline to compare the other methods to.  

 Artificial Neural Networks (ANN) are MLA's that are inspired by biological neural 

networks that form the brain in humans and animals. These systems learn to process and execute 

tasks by looking at examples, without being programmed with task specific code. Neural 

networks are generally optimized by probabilistic, in particular Bayesian, learning methods. An 

ANN is based on a collection of connected units or nodes, called artificial neurons, who are 

modelled after the neurons in the brain. Every connection can, just like synapses in a real brain, 

send a signal to other neurons. A neuron receiving a signal can process the information and 

signal the next neuron in the system's chain. This received (input) signal is in the form of a real 

number. The output signal is calculated by a non-linear function in the form of the sum of all 

input signals. Connections between neurons are called edges, and together with the neurons, 

they have a weight that adjusts as the algorithm learns. This weight increases or decrease the 

signal strength of a connection. Neurons can have thresholds that prevent the neuron from 

transmitting any signal if the aggregated signal does not meet the threshold's value. Neurons 

are usually aggregated into (hidden) layers, where different layers can make different 

transformations in their input. Signals travel from the first layer (the input layer), to the last 

layer (the output layer). 

 The support vector regression (SVR) is another popular machine learning algorithm. It 

presents one of the most robust prediction methods. Together with the ANN, it falls under the 

black box algorithms, which makes it harder to explain the underlying functioning of the model. 

There are three types of SVR, linear, RBF, and polynomial. Each type corresponding to a 

different need depending on the outcome variable and the data set. Basically, the difference 

between these types is the extent to which each type follows the data points. The RBF fits to 

the data points for 100 percent while the linear model approximated the model with a straight 

line. 
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 Random Forest (RF) is a Supervised Learning algorithm which uses ensemble learning 

method for classification and regression. RF is a form of ensemble models, which is a technique 

that combines the predictions from multiple machine learning algorithms together to make 

more accurate predictions than any individual model. RF uses the output of multiple decision 

trees in order to form an aggregated, single output. For regression, the resulting value for an 

object is the mean of all of the predictions. 

 

Most studies used for the measurement metrics the Mean Average Error, the Root Mean 

Squared Error, and the R-squared. We will also include the Mean Average Percentage Error in 

order to rate the accuracy of the different algorithms.  
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2. Preliminary data analysis 

2.1. Data understanding 
 
Customs gathers transhipment information of goods that cross the border and classify as an 

import into the EU. The transhipment information is filled in on a declaration form and stored 

as data in the Customs software for import declarations (AGS), and Teradata SQL. Data is 

acquired by pulling data from Teradata SQL in conjunction with Microsoft Excel. Each 

declaration can fall under a specific category that is determined by the reason for the 

transhipment. There are nine different categories in total, varying from Return Shipments to 

Defence Projects. The data we need is the declarant data of fulfilment shipments, which 

unfortunately has no unique category. Fulfilment shipments are not labelled as such in Teradata, 

so they all fall under the type ‘other transactions’. This category contains all transactions that 

do not have a dedicated category. We therefore have to analyse all the data from this category 

and filter the fulfilment data from the other transactions later on. For future studies and analysis 

on fulfilment shipments it would help Customs if they make a category specifically for 

fulfilment, to speed up the process of collecting data on fulfilment shipments.  

The dataset we are going to use for this study consists of declarations from the period 

01-01-2018 until 31-12-2019. This period seems sufficient enough to study fulfilment 

transactions. When it comes to trade data the underlying values are best represented by the most 

recent entries, since prices and import tariffs tend to change over time. If need be we can ask 

for more data to analyse from before 2018. A declaration ID is the unique code that corresponds 

to a single imported shipment. This shipment can consist of multiple different products that are 

shipped together by a single import company. This is denoted in AGS by the declaration ID 

ending in _001, _002, _003 etc. each number related to a unique product in that same shipment. 

Each product then has its own set of features that are based on the imported product attributes, 

stored as variables in AGS. There is a total of 92 different variable columns in the AGS 

database. This is a very high number of variables and we possibly do not need to describe and 

analyse all of them. We evaluate the variables based on the importance regarding our study on 

fulfilment. These include the columns that can be used to make distinct observations, based on 

categorical and numerical features. The dataset contains a number of columns with irrelevant 

information, such as importer ID, special mentions, VAT remission, and warehouse ID. There 

are variables that have only one unique value and can therefore be left out. Others consist mainly 

of empty rows and can be filtered out as well. Some variables hold encrypted values that refer 
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to regulation codes and are not interesting for our study. The table below shows the columns 

we will use for our study from the initial dataset. 

 
Table 2.1: Feature type and description, acquired from Teradata, and Microsoft Excel for Other 

Transactions type import declaration period 1Q2018-4Q2019. 

Feature Description Type 

ID ID string of the declared good Categorical 

Date -- Continuous 

Destination Country of destination Categorical 

Origin Country of origin Categorical 

Goods description 
Description of the declared product, sometimes 

containing a URL referring to the product webpage 
Categorical 

Commodity code 10-digit code for nomenclature Categorical 

Gross weight Gross weight of the goods specified in the declaration Continuous 

Net weight Net weight of the goods specified in the declaration Continuous 

Additional units Number of units of declared goods Discrete 

Location City of destination Categorical 

Invoice amount 
Declared invoice amount in euros for the entire 

shipment 
Continuous 

Customs value 
Declared customs value in euros for the entire 

shipment 
Continuous 

Declarant 
The company responsible for the declaration of the 

goods 
Categorical 

Addressee The receiver of the goods Categorical 

Custom Tariff% Percentage of customs tariff Continuous 

Customs tariff The customs tariff in euros Continuous 

 

2.1.1. Categorical features 
 

First, we take a look at the categorical features from the dataset which we will use for our study. 

Table 2.2 shows the descriptive statistics for our categorical features. The unique metric counts 

the unique values of the feature in our dataset, the top value represents the most occurring 

values, and the frequency represents how often the top value occurs. The dataset is constructed 
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by 1,653,477 unique declarant entries with 16 variables. It contains goods from 148 different 

countries, mostly coming from China, moving to 29 different destinations. These goods can be 

categorized in 6544 different commodity codes, with 1315569 unique product names. These 

products are moved by 12317 different declarant companies, mostly by one company, to 8297 

different locations. The number of unique product names is greater than the number of 

commodity codes, different goods can fall under the same commodity code. For example, the 

code 9503009990 consists of all toys not made of wood, a category which can contain a very 

broad arrange of toys that can fall under this code. The top commodity code and top product 

name do not match, similar goods do not necessarily have the same description when imported 

by different declarant company, not even when imported by the same declarant company.   
 

Table 2.2: Descriptive analysis for the categorical features. 

Feature Unique Top Frequency 

Origin 148 CN 1536214 

Destination 29 DE 572733 

Commodity code 6544 9503009990 37192 

Product name 1315569 Moving supply 5082 

Declarant 12317 -- * 1421263 

Location 8297 --* 313391 

Addressee 27406 --* 1037008 

Import location 4 
ADAM AIRPORT/ 

SEAPORT 
1599076 

 
*not given due to confidentiality  
 

The variable country of origin has 148 different values, and states the country from which the 

products are shipped. When looking at the frequency, it shows that almost all fulfilment 

shipments going through the Netherlands are coming from China. Country of destination states 

the country the products are eventually going to be stored. The location feature states the city 

or state the product are going to. Most goods seem to be going to warehouses in Germany.  

The commodity code is a list of numbers that consist of three integrated components, 

namely the Harmonized System (HS), the Combined Nomenclature (CN), and the Integrated 

Tariff (TARIC). The code carries information on duty rates, anti-dumping measures, trade 
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statistics and import formalities. Usually it is made up by ten digits, however it can be longer 

to carry additional information on the product. Each two digits in order refers to a different part 

of the EU classification system. For example, the code 6406101010 can be grouped by the first 

two digits 64, which refers to the HS Chapter ‘Footwear, gaiters and the like’. The digits 6406 

refers to the HS heading 'Parts of footwear’. The digits 640610 refers to the HS Subheading 

‘Uppers and parts thereof’. 64061010 refers to the CN Code ‘Made of leather’, and 6406101010 

refers to the Taric code ‘Hand-made’. Therefore, the entire code describes a hand-made, leather 

shoe, which is usually also described in the goods description. We can group entries in the 

dataset based on the integrated components of the commodity code. We are interested to see 

how the customs value behaves depending on the level of aggregation in the commodity code, 

which we will discuss further in the paper.  

 An imported product forms the basis of each declaration, which in turn is filed in by a 

declarant company. The declarant company acts as an intermediary between the production 

company on one side (based in China), and an e-commerce platform on the other side (based in 

the EU). In the dataset there are 12317 unique declarant companies that have declared products 

over the years 2018 and 2019. Out of these 12317 companies, a single declarant company has 

made the majority of all the declarations in the dataset (exact numbers not given due to 

confidentiality). This makes the database not diverse in terms of import companies. Another 

note is that of these 12317 import companies, only 98 companies made more than a hundred 

declarations over the years 2018 and 2019. For companies that are active in the fulfilment sector 

we would expect a high number of shipped goods to satisfy the demand for e-commerce 

consumers in the EU. Especially due to the low margins that import companies make on 

shipments, import companies need to have a high volume to be profitable. This is further 

evidence that the current dataset is not suitable for a study focused on fulfilment. We need to 

filter the dataset to make it more useable for our study.    

 

2.1.2. Numerical features 
 

Next, we analyse the descriptive statistics of our numerical features. Recall that the data is on 

product-size level per declaration, with a sample size of 1,653,477 unique declarations. For 

example, on average, the confirmed gross weight of a declaration is roughly equal to 803 

kilograms, with a standard deviation of 91119, and a maximum of 71200000 kilograms. All 

numerical features have a mean far greater than the most occurring value. In other words, the 
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data is heavily skewed to the right. Apparently, the majority of products have relative low 

feature values, except for a small proportion of the products that have an extraordinarily high 

value, which skews the average to the right.    

 Before we analyse how numerical features are distributed with respect to the customs 

value, we need to add a proportional metric for the customs value to analyse. If we would look 

at customs value alone for each shipment then we would not take the shipment’s volume into 

account. In the database, the number of imported goods is not stored with regularity. Although 

the declarant form does have the feature additional units, which notes the number of the goods 

that are imported, it is not filled in in 68% of the time. Therefore, we cannot determine the 

customs value per good, but have to consort to calculating the customs value per kilogram in 

order to have a measurement metric. For kilogram per product we can use gross weight or net 

weight. The values do not differ all too much as can be seen in Table 2.3. We decide to use gross 

weight, since that is being used by the import companies to calculate the cost of transport which 

takes packaging weight into account. The feature Customs value/kg is then added to the dataset 

in order to make a better analysis of the customs value per product.  

 
Table 2.3: Descriptive statistics for the numerical features. 

 Gross 
weight 

Net 
weight 

Customs 
value 

Invoice 
amount 

Additional 
units 

Customs 
value/kg 

Unit Kilogram Kilogram Euro Euro Units Euro/kg 

Mean 803 789 2981 2995 1671 158 

Mode 10 10 40 40 20 4 

Median 10 10 180 180 20 21 

Std. 91119 91093 62574 62581 32120 18302 

Min. 0.001 0.001 0 0 0 0 

Max. 71200000 71200000 35270000 35270000 13050000 12120000 

1st Quartile 5 5 75 75 10 10 

3rd Quartile 16 15 416 417 40 46 

NA 0 0 414 414 1117486 414 

% not zero 100% 100% 100% 100% 100% 100% 
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The mode of each feature seems more in line with what we would expect out of fulfilment 

shipments, consumer goods with low value and weight. On the other hand, the maximum value 

for all numerical features seem rather high and not very likely. This implies that the data that 

we have on hand is extremely polluted with irrelevant information, due to the fact that this data 

has been pulled from a category filled with uncategorized declarations. In the next part of the 

chapter we will go over some dimensions to try and have a better idea of what data we want to 

study.  

 Note that Customs does save the invoice amount of each imported product but it is 

almost the same value as the customs value. Upon further look it seems that the invoice amount 

on the declaration is a direct copy of the customs value. This makes the variable ‘invoice 

amount’ rather redundant for this study but also for Customs. Since the values are the same in 

all cases, why not use this feature to show the sales price from the webpage instead of asking 

for a URL? Currently the information on sales price is given by a URL in the goods description, 

linking to the products webpage. This makes it difficult to analyse since there is no numerical 

value and it is labour intensive to click on each URL.   
 

2.2. Data preparation 
 
The first thing we do to clean the data is filtering the ‘addressee’ feature for any warehouse or 

delivery addressee that contains a part of the string “fulfilment”. We use part of the string since 

fulfilment is sometimes written as fulfilment, fullfilment or with spaces between the letters. 

Because the search filter is lower and upper case sensitive we filter for both. With this done the 

number of observations is cut down to 1,129,404 unique cases. We can be somewhat certain 

now that at least most of our data is related to fulfilment shipments. It is possible that not all 

fulfilment shipment are going to an addressee labelled as “fulfilment” and are therefore filtered 

out of the dataset. But since we still have a high number of unique cases we can assume that, 

with the new dataset, we can make predictions for all fulfilment shipments.  

 

2.2.1. Country of origin and destination 
 

The feature country of origin has only 10 different values in the new dataset. Looking at the 

percentages for the fulfilment data it shows that 99,9% of all shipments in the dataset are coming 

from China. It seems that, for Dutch Customs at least, fulfilment products destined for e-
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commerce in the EU are only coming from China. This means that for further analysis, the 

emphasis for this thesis will be on e-commerce fulfilment shipments coming from China.   

 

When goods are shipped to a destination country it does not necessary means that the goods are 

going to be sold there. It does mean that the goods are to be stored in that country and likely 

also be sold there, but it is possible that they are sold in another country. For country of 

destination the data seems to be more distributed. Looking at the pie chart in Figure 2.1, most 

goods are shipped to five countries within the EU. To get an idea why the goods are shipped to 

these five countries in particular we will also need to look at the companies that are receiving 

the goods. As of this day, the company that has a dedicated infrastructure for fulfilment strategy 

is Amazon. All the goods are going to the following countries; Great Brittan (GB), France (FR), 

Germany (DE), Spain (ES), Italy (IT), Poland (PL), and Czech Republic (CZ).  

 

 

Figure 2.1: Pie chart of number of declarations in percentage by country of destination. 

 
 

2.2.2. Distribution of customs value/kg 
 

When looking at the density graph of customs value/kg for all goods we can get an idea of how 

our data is distributed. As displayed in Figure 2.2, the customs value per kilogram seems to 

be log-normal distributed with a very long tail to the right. The graph seems reasonable 

regarding the law of large numbers, which state that with enough number of trials, the average 

of the results should be close to the expected value. 
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Figure 2.2: Histogram customs value/kg density graph for all fulfilment entries in AGS, filtered by 

‘fulfilment’ in addressee. 

 
On average, customs value seems to be within the range of 0-50 euro’s/kg per product, with the 

exception of a small number of products. This range seems to follow the characteristics of 

fulfilment shipments, where small consumer goods are the majority of shipments. It is unclear 

if the exceptionally high ratios between customs value and weight are the result of a wrong 

declarant input value, or are indeed that expensive. The fact that the graph is skewed to the right 

means that there is a large number of products that can be considered as outliers. We need to 

determine what we define as outliers and what to do with these outliers. 

 

Figure 2.3 shows the boxplots of customs value/kg per country of destination. Looking at the 

boxplots it seems that the specific country does not matter in the calculation of customs value, 

all countries show similar boxplots. The boxplots only show the aggregated value, the customs 

value/kg might be different when looking at product level. It will be interesting to see how 

country of destination has an impact on a smaller aggregation level.   
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Figure 2.3: Boxplots of customs value/kg per country of destination. Number of observations is shown 
directly below each boxplot (blue triangle = mean). 

 

2.2.3. Customs value/kg over time 
 
Next, we compare the average customs value over time. One part of our research questions is 

to find out if time plays a role in determining of the customs value. Especially when it comes 

to trade data time might play an important role. Sale prices change constantly over time with 

new products or materials that hit the market and have an impact on the system.  

 

 
Figure 2.4: Boxplots from customs value/kg, taken per month. 
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Figure 2.4 shows a clear increase in both the average as the variation of customs value. This 

difference, as explained by Customs, is due to the fact that Customs started auditing declarant 

companies more often and in-depth from December 2018 onward. The average customs value 

in 2018 is equal to 239 euros. The average customs value in 2019 is equal to 423, nearly 

doubling the value. When looking at the customs value/kg, the gap stays relative the same; from 

16 euro/kg in 2018 to 34 euro/kg in 2019, an increase of more than 100%. This could mean 

that, for Customs, their policy is working rather effective. It could also mean that the products 

destined for e-commerce have suddenly doubled in price. The latter explanation seems rather 

unlikely, especially since there is a sudden increase starting in 2019, right after Customs started 

to increase their auditing effort. 

 
Table 2.4: Customs value over 2018 compared to 2019. 

 Customs value Customs value/kg 

Year 2018 2019 2018 2019 

Mean 239.27 423.13 32.61 67.30 

Median 150.00 266.60 16.30 34.82 

 

The question whether the customs value has been true and representative over 2018 remains to 

be up for discussion. Before the stricter supervision the values are significant lower. Just to be 

sure, we incorporate this fact into the dataset by stating that the customs value over 2018 is not 

representative for the imported products and we will only look at the values from January 1st 

2019 onward. With that decision made, we are left with 414,569 observations. 

2.2.4. Fulfilment vs B2C 
  
A final point of interest is to see if there is a difference in customs value between the business 

to consumer (B2C) shipments and fulfilment shipments. Both methods have similar 

transportation modes and should in theory not differ by large margin in customs value for each 

product. The disparity that could arise is in the calculation of the transportation cost, where 

fulfilment shipments can subtract a large sum of the transportation costs compared to ordinary 

B2C shipments. The reason companies opt to go for a fulfilment strategy is to achieve fast end 

customer delivery when goods are ordered online. This requires companies to store large 

number of goods in warehouses to serve as many customers as possible. This entails larger 

storage costs which in turn can be subtracted from the transaction price.   
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The B2C declarations used in our comparison come from Customs in the period January 

2018 until December 2019. The data for B2C is gathered from Teradata SQL in similar way as 

data is gathered for the fulfilment transactions. We want to compare the most frequent imported 

goods from the fulfilment dataset to see any difference in customs value. Figure 2.5 shows the 

mean of the customs value/kg of eight different products, as well as the rotated kernel density 

plot on each side. For the plots we took the top eight most frequent commodity codes in the 

fulfilment dataset. Instead of the commodity code above each plot, is the name of the 

representative product.  
  

 
Figure 2.5: Violin plot of 8 different products comparing B2C and fulfilment with rotated 
kernel density plots. Number of observations is shown directly below each boxplot (blue 

triangle = mean). 

 
The plots show a difference in customs value/kg density for some product when comparing 

B2C to fulfilment. This underlines our previous notice that Customs would benefit from a 

distinct category for Fulfilment declaration data and not group them under ‘other transactions’, 

as the two methods result in different customs values. Some commodity codes are not present 

in the B2C, as can be seen in the plot for LED lights, apparently this is only sold from fulfilment 

supplies.  
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3. Categorical grouping 

Going back to our research questions, in Q1.2 we ask if there is a pattern in certain declaration’s 

features, in order to group products by categories. In the previous chapter we went over the 

features time and country of origin. We will now look at the customs value/kg in two different 

categories to see if we can find similarities between products, and maybe form categories to 

make quick analysis about customs value in the future. We analyse two different features that 

are used in the AGS declarations database that can describe a product; (1) commodity code, and 

(2) goods description.  

 

3.1. Commodity code 
 
As stated before, goods can be classified under chapters, headings, subheadings, CN code, and 

Taric code. As can be seen in Figure 3.1, the highest level of aggregation behaves in similar 

pattern as the density graph of all goods. When looking at a lower aggregation (Taric code) we 

see that goods can have a different density graph.    

 
Figure 3.1: Density histograms per level of aggregation of the three most frequent goods. 

 
When a product is declared, Customs can look at the commodity code of the product and see if 

the declared customs value is similar to previous data. There are three problems we discovered 

looking at the commodity code in our dataset. 
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The first problem with commodity code is that, although there are many different 

subcategories, a high variety of products still fall under the same commodity code. For example, 

in the commodity code 9503009990 (toys not made of wood), there are 6544 different good 

description. These goods include; building blocks, Dinosaur toy, remote controlled cars, dolls 

house, and kids play tent, which make sense as being kid toys. The issue, when looking at 

customs value/ kg, is that some products have a higher price to kg ratio as others. For example, 

remote controlled cars will be in a much higher price/kg segment than, let’s say, dinosaur toys. 

When grouping products based on commodity code there will be a large variance in customs 

value/kg.  

 The second problem with the commodity code is the pollution of data. Going back to 

the aforementioned example of commodity code 9503009990 (toys not made of wood), it does 

not solely consist of kid toys. The top 10 most frequent products in this Taric code includes the 

products; T-shirts, shoes, sex toys, and shower curtains. These products are not what we would 

expect in a category named toys not made of wood. Possibly due to the large amount of 

shipments coming in everyday there are inconsistencies in the data that have not been noted by 

Customs or the declarant company. Or it has been noted but it has not been updated in the AGS 

database. 

The third problem is that the classification problem also occurs vice versa. The same 

product can fall under different commodity codes, depending on the material used, or even, the 

definition of the company. Take for example the product description ‘phone case’, which has 

the second highest frequency of all product description, and has 37 different commodity codes. 

The classifications are determined by material aspects like rubber products (chapter 39 and 40) 

and leather products (chapter 42), but also by product definition. Some phone cases are labelled 

as leather decorative items (chapter 39 heading 26), while others are labelled as machine parts 

(chapter 85 heading 17).   
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Figure 3.2: Customs value/kg of description “phone case” per country of destination and commodity 

code. Number of observations is shown directly below each boxplot. 

 

Figure 3.2 shows the differences in customs value/kg for “phone case” per commodity code, but 

also per country of destination. It seems that taking commodity code, country of destination, 

and product description into consideration results into many fragmented subgroups. We can 

make two observations from the plots in the figure. 

First, the variance in customs value/kg is different depending on the commodity code. 

Comparing the two most left plots, with a similar number of observations, the variance is 

certainly not similar. This makes sense since material makes a difference in the product sales 

price, and thus the customs value.  

Second, is seems that the relation between country of origin and customs value does not 

follow a distinct pattern, at least for phone cases. For shipments going to DE it seems that there 

is a higher variance sometimes, but this could also be due to the low number of observations 

for the other countries. We will test our hypothesis if the country of destination does not matter 

for customs value calculation later in this study with a regression analysis.      

 

As it turns out, it is not that simple and straight forward when trying to make classifications or 

groups from commodity codes. The products seem to be distributed over multiple commodity 

categories and the product description is not consistent enough to allow easy grouping. The 

conclusion is that commodity codes alone are not suitable for categorization since each 

commodity code has a multitude of different products that do not have similar customs value/kg 
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distributions. On the other hand, if we would reject the idea of incorporating the commodity 

code and would only look at the product description, we will ignore distribution discrepancies 

based on product characteristics such as material.  

 

3.2. Goods Description 
 
Goods description is usually made up of two parts, the first part is a definition of the products 

in the shipment and the second part is a URL linking to the sales webpage. We say usually 

because it is not done consistently by all import companies. An example of a complete goods 

description would look like this; “Remote control cars, 

http://www.amazon.co.uk/gp/product/B07F2DTMCM/ref= silver_xx_cont_revecalc”. It 

would help Customs with analysis in the future if this would be stored separately in the AGS 

database. Currently when we want a quick overview of values for different products based on 

description it is not possible without coding a separation process first. The process of separating 

the description and URL is unwieldy and does not always result in the desired outcome.  

The first part we discuss is the definition of the product. We talked a little bit about the product 

definition in previous chapter when discussing the possibility of categorizing products based 

on the description “phone case”. The biggest problem with product definition is that it is highly 

inconsistent. Spelling errors, lower and upper case, spaces, and interpretations could all make 

a difference in the grouping based on product definition. Besides that, the description is also 

different depending on the import company that makes the declaration. Some companies are 

more elaborate than others when describing a product. Take for example the commodity code 

4202929190, which categorizes bags. We can find descriptions of bag, bags, backpack, back 

pack, bag pack, travel back, shoulder back, medium shoulder bag, woman shoulder bag, single 

shoulder bag, school bag, handbag, etc. Who is to say what distinct features a bag must have to 

get one of these descriptions. This makes the number of different descriptions numerous and 

interchangeable. In order to deal with this Customs would need to incorporate some sort of 

character sorting algorithm to analyse each product description and sort them in different 

groups. For now, it is too chaotic to make distinct groups based on product description alone. 

The second part of a good description is the URL that is given with the product definition. 

Products have a unique URL that links to the sales webpage. When looking at each URL as a 

unique product ID, we can look up how many times the products have been imported. As it 

turns out, we can make two important observations based on the URL. (1) It appears that 94,6% 
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of all products are imported on a single day, and (2) when checking the URLs, it seems that not 

every URL is leading back towards a working webpage, especially the older ones seem to be 

referring to an out-of-date webpage. There are two possible scenarios when it comes to the 

dynamic in the e-commerce supply chain: 

a) E-commerce platforms are pulling products from Chinese production companies by 

asking them to produce a certain type of product.  

b) Production companies in China are pushing products on the European market by 

producing the cheap production options they have at that time.  

The observations made in the time aspect of the data seem to support scenario b) as the current 

situation. The fact that products are only shipped on one day seem to imply that there is never 

an option to resupply the stock when it is all sold-out. This is further supported by the fact that 

there are a high number of death URLs, leading to product webpages that are no longer 

available. It seems that e-commerce platforms receive products in bulk volume from Chinese 

production facilities that need to be moved to Europe. These goods are stored in warehouses in 

the EU and will be sold until the stocks runs out. When the stock runs out, these goods will not 

be for sale anymore because the production for these specific goods has stopped.  

 

This matters for the research question whether we can categorize products into groups to 

determine the customs value. If the same product is imported multiple times over the year, it is 

rather easy for Customs to determine whether the values on the declaration are correct or not. 

But as it turns out, most products are only imported once. When the same products are not 

imported more than once it becomes difficult to tell whether a product is undervalued or not. 

The only comparison customs can make is to similar products that have been imported in the 

past. The most obvious method would be to make distinct product group to track valuation 

based on historic data. In this chapter we tried to explain why it difficult make these distinct 

group products based on features from the AGS database.   

In chapter 5 we will try to make a generalized model that could predict the customs value. But 

first, in the next chapter, we will analyse the way customs value is currently calculated by the 

different import companies.    
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4. Customs value Analysis 

Each import company makes costs to move cargo from the place of production to the e-

commerce warehouse. These costs can be subtracted from the sales price to calculate the 

Customs value. Customs allows companies to calculate the customs value based on their own 

data, conform the EU Union Customs Code. The information that is used for these calculations 

is from the data of the company alone, Customs does not alter or adjust any work agreement 

based on their own information. Companies can apply at Dutch Customs and submit their 

customs value work agreement in the form of an excel spreadsheet describing some sort of 

formula. Proposals are then either rejected or accepted by Customs. The key factor for an 

acceptable agreement is that the models are confirm the UCC rules, Customs will not check if 

the cost parameters are valid, or compare them to the other company cost parameters. This fact 

plays an important role in the discrepancy between customs value, as we will further discuss in 

this chapter.   

4.1. The cost components 
 

Some cost variables are used by all companies, and some by a single company. For example, 

the cost variable for airport handling is used by all companies, whereas the storage variable is 

only used by two. Note that it does not mean the other companies do not pay this fee, it just so 

happens that these companies did not include this cost, or it may be included in other costs. 

They may have forgotten or missed to use these costs in their final spreadsheet. This chapter 

analyses the spreadsheet formulas and describes the differences and similarities between each 

formula. The table below shows all the unique cost parameters used in the spreadsheets.    
 

Table 4.1: Parameters for each Customs value agreement. 

Parameter Name Description Type Used by 

x1 E-platform 
Referral fee 

A percentage of total sales price that has 
to be paid to the e-platform for their 
services, the percentage amount is 

dependent on a category 

Continuous 8 out of 9 

x2 E-platform 
Processing fee 

E-platform fee for using their online 
service Continuous 3 out of 9 

x3 E-platform 
storage fee 

The costs of storing goods at the 
fulfilment warehouse Continuous 2 out of 9 

x4 Airfreight costs The costs of transporting the goods by 
air, of which 30% is deductible Continuous 8 out of 9 

x5 Airport 
Handling costs Costs of unloading the goods Continuous 8 out of 9 
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x6 Importer 
Handling costs Additional handling costs Continuous 3 out of 9 

x7 Airport 
collection Fee collected by the airport Continuous 1 out of 9 

x8 Last mile 
delivery 

Delivery costs from airport to fulfilment 
warehouse Continuous 7 out of 9 

x9 
E-platform 
consumer 
delivery 

Delivery costs from warehouse to the 
end-customer Continuous 9 out of 9 

 
 
 

 

The formula to calculate the customs value that uses all of the above cost components will look 

like this: 
 

𝐶𝑢𝑠𝑡𝑜𝑚𝑠	𝑣𝑎𝑙𝑢𝑒 = 	𝑠𝑎𝑙𝑒𝑠	𝑝𝑟𝑖𝑐𝑒 ∗ 𝑉𝐴𝑇%− (	𝑠𝑎𝑙𝑒𝑠	𝑝𝑟𝑖𝑐𝑒 ∗ (𝑥9 + 𝑥;) + 𝑑𝑖𝑚𝑒𝑛𝑠𝑖𝑜𝑛 ∗ 𝑥? + 

𝑔𝑟𝑜𝑠𝑠	𝑤𝑒𝑖𝑔ℎ𝑡 ∗ (𝑥C ∗ 0.3 + 𝑥G + 𝑥H + 𝑥I + 𝑥J) + 𝑢𝑛𝑖𝑡𝑠 ∗ 𝑥K)  Eq1 

 
E-platform Referral fee is a deductible percentage calculated on the total sales price, the total 

sales price being the total amount paid by the buyer. E-platforms have listed certain product 

categories and linked each to a corresponding Referral Fee percentage. This amount paid to the 

e-platform can be deducted as an inevitable cost for the importer. All companies except one has 

taken this cost in their spreadsheet, which make it seem this company has forgotten to subtract 

this amount. Some take an average of all categories as their way to deal with the changing 

percentage value. This is not a weighted average of categories their products fall in so it’s not 

a fixed value.   

E-platform Processing Fee is an administrative fee that has to be paid to the e-platform 

when using their platform service. This fee depends on the country the company has listed their 

business. The Processing Fee amount is based on the Processing percentage and the total sales 

price of the product. Half of the companies have included this cost in their spreadsheet.  

 E-platform Storage Fee is paid to the e-platform for the storage of products in their 

fulfilment warehouses. Specific example numbers can be found in Appendix A: Fulfilment 

by Amazon cost Matrixes. This cost is based on the volume of the packaged product, and 

calculated by multiplying the dimensions by the monthly fee. This fee is different depending 

on the season. During the Christmas season when storage demand is higher the fee is also 

higher. This would imply that the customs value has a seasonality from the storage fee value. 

We will look in the regression analysis if we can find any proof for this. 
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The airfreight costs are given by each company in the work agreement spreadsheet. It 

is interesting to note that the cost for transportation by air differs quite substantially for each 

company. This can be explained by looking at the way each company calculates the cost of 

transport. Some companies looked at the average of the transport cost over a certain time period 

and took that as their cost figure for all future shipments. Other companies looked at a single 

shipment and took that airfreight cost as their cost figure for all future shipments. Note that one 

company did not incorporate the airfreight costs as a deductible factor.  

 
Table 4.2: Airfreight costs per company. 

Company A B C D E F G H I 
Airfreight costs 

(€/kg) € 1,22 € 2,50 € 6,37 € 3,00 € 1,50 € 3,34 € 5,13 € 1,54 -- 

 

It is not unreasonable that the airfreight costs differ since companies could be using different 

airlines for their transportation, or they can have different contracts with better options. It could 

also be that they transport over a longer distance, meaning the freight rates are different. In the 

current situation, it seems that no company is considering that fuel prices may change over time. 

On the other hand, freight contracts could be made for multiple years and it does not matter 

anyway. When making a standardized cost model this information can help simplify the 

airfreight cost.  

Airport Handling costs are made for the activity of moving goods from the airplane onto 

trucks by Schiphol ground handlers. There are five different ground handlers active at Schiphol, 

and most companies seem to use their rates for the calculations. These handlers are Dnata, 

Swissport, Menzies, WFS, and KLM Cargo.  

Table 4.3: Airport handling costs. 

Company A B C D E F G H I 
Handling costs 

(€/kg) € 0,09 € 0,09 € 0,30 € 0,28 € 0,30 € 0,29 € 0,09 € 0,27 € 0,26 

 

Looking at the numbers in Table 4.3, it seems that declarant companies are either charged € 

0,09 or € 0,29 per kilogram by the handlers.   

Last mile delivery is the delivery from the airport to the e-platform warehouse. Almost 

all companies use the same cost spreadsheet made by DHL for this delivery. Specific numbers 

can be found in Appendix A: Fulfilment by Amazon cost Matrixes. 
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Fulfilment By Amazon is an example of a last-mile delivery from the fulfilment centre 

to the end customer. Specific numbers can be found in Appendix A: Fulfilment by 

Amazon cost Matrixes. This cost value has the highest impact of all costs on the customer 

value calculation. It accounts for nearly 50% of all incurred costs by a declarant company. 

However, since it is based on the dimensions of a good it is also the most difficult factor to 

audit correctly by Customs. Remember that data about good dimensions are not saved by 

Customs. Amazon assigns a price category based on the dimensions and the weight of a 

packaged product, the country of operations, and standard parcels or oversized parcels. These 

prices also vary over time, which make it even more difficult to account for correctly.    

  

4.2. Customs value per company 
 
Looking at the parameters in Table 4.1, the first two parameters, VAT and import duties, are 

simple to check by Customs since it is commodity code dependent. This does mean that the 

commodity code should be filled in correctly. The other four parameter are declared by the 

declaration company, with sales price being excluded from the declaration. This is an important 

aspect of the auditing problem because the customs value is heavily dependent on the initial 

sales price, it being the starting value for the customs value calculation. Fulfilment shipments 

have the characteristic that the sales price is not known the moment the goods cross the EU 

border and the declaration is made. To solve this issue importing companies (but not all) are 

asked to at least add a copy of the e-platform URL in the declaration. This is asked so that 

Customs has an idea on the approximation of the sales price. It does not, however, improve the 

ease with which the declarations can be checked. Auditors have to manually fill in the URL to 

find the sales price for each product. 

It is impossible to show the difference in customs value based on real historic data from 

Customs, the product specification is not specific enough to make a valid proof. We could for 

example, show the difference in customs value for each commodity code, but it would not be 

valid based on commodity alone (see chapter “aggregation”). Even if all features would be the 

same when comparing imports between companies, due to the fact that the sales price is missing 

in the data, there is not telling in what quality the products are. So, if we would compare phone 

cases, material would be an important factor in determining the sales price, and thus the customs 

value. So instead what we are going to look at is, what amount of customs value would be 
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calculated based on the spreadsheets that are drafted by the declaration companies. We will use 

generic input and see how the customs value behaves based on different characteristics.  

Table 4.4: Customs value per company for identical goods. 

                      
                                               
Weight         Company 
  (kg)              
        Sales price 
              (€)                                                  
                             Units 

A B C D E F G H I 

100 10 10 €11,52 €9,89 €18,18 €6,28 €17,92 €7,08 €16,05 €4,60 €13,06 

200 10 10 €73,84 €74,19 €95,93 €71,89 €83,53 €74,80 €78,46 €70,21 €78,67 

300 10 10 €136,16 €138,48 €173,68 €137,50 €149,14 €142,53 €140,87 €135,83 €144,28 

200 20 10 €55,02 €51,77 €68,35 €51,42 €67,82 €53,28 €64,35 €41,19 €64,97 

200 10 20 €45,24 €45,59 €67,33 €43,30 €54,93 €45,94 €49,59 €41,62 €50,07 

 

The table above shows some interesting insights. First, it is apparent that all companies have a 

different customs value when the initial parameters are set the same. This first notion is very 

important because it shows the essence of the problem; how can Customs correct the 

declarations when all companies have different customs values. None of these customs values 

are incorrect, because there is no definitive customs value. With the regulations made by the 

EU, all companies can calculate their own customs value based on their own costs. And when 

these costs vary, it follows that the customs values vary along with it.   

 Second, the number of units that is send with each declaration batch is a determining 

factor when it comes to the customs value calculation. This, as explained in previous segment, 

is due to the fact that the delivery costs to the customs are calculated per single package. 

However, currently 68% of the additional units are not reported on the declaration. This makes 

it near impossible for Customs to verify the customs value with their own model.  

 Third, when the weight value is increased, the customs value is decreased. This makes 

sense because the airfreight costs and airport handling are weight dependent. This means that 

Customs should be careful into taking the weight for each import declaration for granted. When 

looking for oddities or abnormalities in declaration data, the weight is not to be overlooked.  
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To recap this chapter, Customs faces a number of obstacles when auditing declarations. The 

first being the exclusion of the sales price in the declaration. The second being the inconsistency 

in the additional units. The third being the fact that all companies have different methods and 

costs when calculating the customs value, resulting in discrepancy in the customs value between 

the import companies. In the next chapter we will go over the methods we used to simplify the 

main equation Eq1 using different (machine learning) algorithms.  
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5. Model analysis  

In the previous chapter, we tried to use the cost values to predict the customs value in a 

hypothetic situation. In this chapter we try to find a relation between customs value and the 

variables (1) sales price, (2) additional units, (3) gross weight, (4) country of destination, (5) 

month, and (6) HS chapter, based on real declaration data. Recall that the general formula looks 

something like this: 

𝐶𝑢𝑠𝑡𝑜𝑚𝑠	𝑣𝑎𝑙𝑢𝑒 = 	𝑠𝑎𝑙𝑒𝑠	𝑝𝑟𝑖𝑐𝑒 ∗ 𝑉𝐴𝑇%− (	𝑠𝑎𝑙𝑒𝑠	𝑝𝑟𝑖𝑐𝑒 ∗ (𝑥9 + 𝑥;) + 𝑑𝑖𝑚𝑒𝑛𝑠𝑖𝑜𝑛 ∗ 𝑥? + 

𝑔𝑟𝑜𝑠𝑠	𝑤𝑒𝑖𝑔ℎ𝑡 ∗ (𝑥C ∗ 0.3 + 𝑥G + 𝑥H + 𝑥I + 𝑥J) + 𝑢𝑛𝑖𝑡𝑠 ∗ 𝑥K)  Eq1 

This formula is linear in nature and we can try to estimate the customs value with a regression 

approximation. What we are dealing with, basically, is to predict a continuous variable based 

on other (categorical and numerical) variables, also known as a predictive regression. In order 

to support our resulting model, we will try multiple (machine learning) algorithms, and discuss 

which is best suited for this particular problem. We are using the following algorithm models 

to construct a prediction model; Multiple Linear Regression, Random Forest, Artificial Neural 

Network, and the Support Vector Regression. The latter two are popular and accurate machine 

learning algorithms, but lack the ability to explain the outcomes in a structured way. We will 

therefore look at the multiple linear regression and random forest for the specific feature 

analysis. We base our analysis on the merged datasets. Same as before, we only used data from 

2019, excluding information from 2018.  
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Figure 5.1: Process diagram of a general predictive model. 

 

The initial dataset is split up in a training, a validation, and a test set. Each algorithm can have 

different models depending on the starting hyperparameters. We therefore need to determine 

what configuration of hyperparameters scores best on our initial dataset. Multiple models per 

algorithm are constructed and trained on the data in the training set. Thereafter the training 

models are scored based on the results from the validation set. The best scoring models from 

each algorithm is selected and tested on the final test dataset.  

 The construction, training and validation of the models can be influenced by outliers in 

the data. For example, the model could be trained on skewed data, or be tested on skewed data, 

both resulting in inaccurate outcomes. We will use the k-fold cross-validation method in order 

to sort out the hindrance of randomness. In k-fold cross-validation the initial dataset is randomly 

split up in k parts. Each part functions as a validation set once, and the other k-1 parts are used 

as the training set. Therefore, this method constructs k different models and calculates the 

average prediction error. We only need to select a valid number for k. In practice, k = 5 or k = 

10 are being used, as these values have been shown empirically to yield test error rate estimates 

that suffer neither from excessively high bias nor from very high variance. We opt to go with k 

= 5 since we have a large dataset, in order to reduce calculation time. The test and validation 

set now also have the same proportion of data (20% of the total). 

 For the machine learning algorithm to work optimally we need to test a set of parameters 

and select the best algorithm parameters, also known as hyperparameters tuning. We will test 
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multiple different starting parameter values in a grid search and see how this impacts the 

models' validation score. The best performing model is then chosen as the to use model for our 

test set.  

  

5.1. Data preparation  
 

The data that Customs has stored is not adequate enough to check if the customs value in the 

declarations are conform the spreadsheet made by the companies. The variables sales price and 

additional units are missing completely. We therefore ask one of the companies for additional 

information. For confidentiality reasons we cannot say which company has given their data, nor 

can we say how much data has been given. We can confirm that it is fulfilment import data over 

2019 and it is sufficient enough to perform a data analysis and to draw conclusions. With this 

data, we can compare the hypothetic values from the spreadsheet formula with the real values 

from customs, where the missing information from the agreements will be supported by the 

data from the company itself. We can link both data files using the declarant ID, which is the 

same ID used in both files.   

5.1.1. Standardization 
 

The distribution of sales price, units, and customs value seem to be skewed to the right. For the 

best performance of our model, the variables need to be close to being normally distributed. In 

order to transform the data to be normally distributed we log transform the variables. The 

skewness of a data population is defined by the following formula, where µ2 and µ3 are the 

second and third central moments; 𝛾9 = 𝜇?/𝜇;?/;. 

Intuitively, the skewness is a measure of symmetry. As a rule, negative skewness indicates that 

the mean of the data values is less than the median, and the data distribution is left-skewed. 

Positive skewness would indicate that the mean of the data values is larger than the median, 

and the data distribution is right-skewed. Before log transforming the data was predominantly 

right-skewed as can be seen in Table 5.1, only gross weight seems to follow a normal 

distribution. After log transforming the data seems to be normally distributed all around.  

 
Table 5.1: Skewness table for numerical variables. 

Feature Before transforming After transforming 

Customs Value 547.277.343 -0.6380602 
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Sales Price 533.221.565 -0.4868408 

Units 61.805.887 -0.3052962 

Gross Weight 0.8332574 -0.8439134 

 

For gross weight it would not matter too much if we transform it or not, but for consistency 

within the model variables we will transform anyway. Appendix B: variable distribution., 
shows further information and plots of the variable distributions. One important notion is the 

high correlation between sale price and customs value. This is not unexpected and can be 

explained by the nature of the equation. This high correlation is not a problem, if the explanatory 

variables do not have a high correlation compared to each other (multicollinearity). This does 

not seem to be the case, but we will later in this paper confirm this with the variance inflation 

factor (VIF) score. 

 

 
Figure 5.2: Histograms of 'Sales price' before and after log transformation. 

5.1.2. Outliers 
 
A method to identify outliers in the dataset is Cook's distance. This method is used to estimate 

the influence of a data point when performing a least-squares regression analysis. It presents 

outliers based on the residuals and measures the effect of deleting these data points on the 

regression model.  
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Some literature suggests that points for which Cook's distance is higher than one is to be 

considered as influential. Other studies give a threshold of 4/𝑁4/N or 4/(𝑁−𝑘−1)4/(N−k−1), 

where 𝑁 is the number of observations and 𝑘 the number of explanatory variables. Others 

suggest that thresholds should just be used to enhance graphical displays and to use graphics to 

examine in closer details the points with "values of D (cook's distance) that are substantially 

larger than the rest" (Trustrum & Fox, 1993). We will therefore look at the graphical 

representations of Cook’s distance and adjust based on extreme values. Extreme values can 

have a big impact on the model by shifting the prediction away from the average observation. 

In reality these values are not common and should therefore not have such a big impact.  

 

 
Figure 5.3:Visual representation of the Cook's distance on the complete dataset. 

 

When observing the residual plots, it is clear that one point, 5610, stands out from the other 

observations. Based on the Cook’s distance 5610 is definitely considered an outlier and 

removed from the training data.  The point 1, 2, 156, and 3934 are debatable whether they would 

be considered outliers. To be sure we remove them from the test data based on the residual plots 

and the Cook’s distance.  Also, at the far right of the graph, two extreme high observations can 

be seen. These values have an extremely high sales price (114656 and 88720) compared to the 

median of 412. We shall remove these observations as well as they do not represent the average 

shipment.   

5.2. Linear Regression 
 
The first algorithm we apply is the Multiple Linear Regression (MLR) method. This method is 

the easiest to implement and understand of all the models.  
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5.2.1. Results 
 
The model output specifics can be found in Appendix D: Anova tables and plots for 

multiple linear regression. 

 

Table 5.2: Multiple linear regression model score. 

Score R-squared MAE RMSE MAPE 

Validation  0,998 12,64 20,84 12,27 % 

Test 0,998 12,63 20,56 14,08 % 

 

The R2 represents the squared correlation between the observed outcome values and the 

predicted values by the model. The higher the R2, the better the model fits to the dataset. The 

Root Mean Squared Error (RMSE) measures the average prediction error made by the model 

in predicting the outcome for an observation i.e., the average difference between the observed 

known outcome values and the values predicted by the model. The lower the RMSE, the better 

the model. The Mean Absolute Error (MAE) is an alternative to the RMSE that is less sensitive 

to outliers. It corresponds to the average absolute difference between observed and predicted 

outcomes. The lower the MAE, the better the model. The Mean Average Percentage Error 

(MAPE) measures the average prediction error as a percentage, based on the actual value. Errors 

are therefore not relative to the value, small values have as much of an impact as large values. 

 

Mentioned earlier, we need to ensure that there is no multicollinearity present. The VIF scores 

for the three independent variables are well below the critical value of 4, so we can assume that 

there is no multicollinearity.  

 
Table 5.3: VIF scores for the independent variables for multiple linear regression. 

Sale price Duty Gross weight 

1,64 1,04 1,64 

 

5.2.2. Discussion 
 

Based on the outcome scores in Table 5.2 the multiple linear regression seems to score rather 

decent. The fact that the customs value equation is linear makes it well suited for a multiple 

linear regression analysis. The scores almost as good on the validation set as on the test set, 
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with the exception that the MAPE slightly increases. It is to be expected that the model performs 

better on the validation test than on the test set, since the model trains it's score on the validation 

set and the test set is completely new information. 

 

From the Anova table we can see that the algorithm choses the variables sale price, duty, and 

gross weight to construct the model. All other variables are not significant enough to be used. 

 

5.3. Random Forest 
 

Random Forest (RF) is a Supervised Learning algorithm which uses ensemble learning method 

for classification and regression. RF is a form of ensemble models, which is a technique 

that combines the predictions from multiple machine learning algorithms together to make 

more accurate predictions than any individual model. RF uses the output of multiple decision 

trees in order to form an aggregated, single output. For regression, the resulting value for an 

object is the mean of all of the predictions. There is no need to normalize the data before using 

RF so we use the raw initial dataset.  

 We use the randomForest function in R to train a random regression forest. We can only 

use variables with up to 53 levels. The variable HS code is the only variable holding more than 

this limit. We therefore select only the HS chapters with more than 10 frequency, resulting in 

only 37 levels. The RF uses a different subset of the training data (usually around 63,8%) to 

develop each decision tree model, and the remaining data is used to test the accuracy. The 

sample data used for testing are often called the “out-of-bag” samples. It is therefore not 

necessary to split the dataset into a training and validation set for model validation. However, 

for reasons of comparing the RF model with the LR model later on in this study, we will be 

using the training set from the LR model to construct the RF model, and compare this with the 

validation set.  

 First, we need to determine two things: (1) B; the number of trees used, and (2) mtry; the 

number of variables randomly sampled as candidates at each split. The default number for trees 

is 500, and the number of variables tried is equal to  𝑝/3 for regression RF, where 𝑝 is the 

number of predictors. We are using seven explanatory variables in our dataset, so the default 

mtry is equal to two. It is suggested to try different numbers for both instances. For Number of 

trees the MSR and variance explained are meaningful analytics, for mtry it is the OOB error. 

The table below shows the numbers for different compositions of RF for B. The increase in 
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accuracy after 500 trees does not instigate a need in more trees. We therefore stick with the 

default setting of 500 decision trees. 

 
Table 5.4: Test results for number of trees (B). 

Number of trees MSR % variance explained 

100 0,004373 98,29 

500 0,003741 98,54 

1000 0,003736 98,54 

 

For mtry we try different values and compare the result. As can be seen in the graph from Figure 

5.4, the lowest OOB is obtained by taking a mtry value equal to the number of variables. If a 

dataset contains a large number of variables but only very few are expected to be “important”, 

using larger mtry may give better performance (Wiener, 2003).  

 
Figure 5.4: Test results for number of variables tried at each node (Mtry). 

We have already seen in the LR model that one variable in particular is the most impactful, 

namely the sales price. It is therefore not unexpected that a large mtry gives the best results. 

Hence, we will use mtry = 4, and mtry = 7, to compare the difference when the algorithm when 

the algorithm is unable to take some variables into the equation, which is similar to the situation 

Customs is right now. It is interesting to see what would happen to the prediction outcome if 

sales price is not at hand. We use the randomForest function in R to train a forest 

of B=500 trees, and mtry = 4 or 7, with option localImp = TRUE. The latter option is to ensure 
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the program stores the information regarding the local importance, in order to calculate the 

MSE increase per variable. The forest predicts the median customs value of an import based on 

its characteristics.  

 
Table 5.5: Random Forest model validation score. 

Score R-squared MAE RMSE 

mtry = 4 99,27 43 234 

mtry = 7 99,28 22 43 

 

5.3.1. Results 
 

Table 5.6: Random Forest model score. 

Score R-squared MAE RMSE MAPE 

Validation  0,998 3,73 7,73 1,75 % 

Test 0,998 9,05 17,18 8,61 % 

 

The outcome of the model can be seen in Appendix E: Model output and model plots 

for Random Forest. The configuration in which the model can choose more variables scores 

mu ch better, this can possibly be linked to the high importance of the variable sales price.   

5.3.2. Discussion 
  

We will look at the graphs from the model mtry = 4, to explain the difference it makes when the 

decision tree is not able to select from all variables. We can look at the distribution of minimal 

depth to determine the importance of the variables. When addressing the distribution of the 

minimal depth, the handling of missing values is important. However, since we do not have any 

missing values in our data, we do not need to discuss this. The minimal depth distribution and 

its mean shows us the measurement of variable importance based on the structure of the tree. 

The distribution of the mean minimal depth allows us to understand the variable’s role in the 

random forest’s structure and prediction. The mean minimal depth is indicated by a vertical bar 

with the mean value beside it. The smaller the mean minimal depth, the more important the 

variable is and the higher up the y-axis the variable will be. The coloured gradient reveals the 

min and max minimal depth for each variable. The bigger the proportion of minimal depth zero 
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(red blocks), the more frequent the variable is the root of a tree. The range of the x-axis is from 

zero to the maximum number of trees for the feature. It is clear from the graph that the variable 

sales price is way more important than any other variable. When selecting a variable for the 

root of the tree the algorithm selects sales price all of the time. Destination is the least important 

variable in the dataset. The variable units is used in many cases as the splitting node, possibly 

when the variable Sale Price was not available due to the restriction of 4 randomly OOB chosen 

variables.  

 

 

 
Figure 5.5: Distribution of minimal depth for independent variables in Random Forest.               

Model parameters B=500 trees, and mtry = 4, with option localImp = TRUE.   

 
Table 5.7 shows the corresponding values to the minimal depth graph in Figure 5.5. The fact that 

the categorical variables are deemed significant regarding their p-value can be linked to the RF 

biased tendency to over valuate categorical variables with multiple levels. It is because feature 

selection based on impurity reduction is biased towards preferring variables with more 

categories so variable selection (importance) is not accurate for this type of data. Sales price 

and gross weight are the only numerical variables are significant. This, combined with the fact 

that these variables were also significant in the LR model, seems to suggest that these are the 
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important variables. What is interesting is that duty has an insignificant p-value of 1 in RF, but 

a significant p-value in LR. 

 
Table 5.7: Importance measurement for random forest regression. 

Variable 
Mean 
min 

depth 

Number 
of nodes 

MSE 
increase 

Node 
purity 

increase 

Number 
of trees 

Times a 
root P-value 

Destination 5,054 210829 0,0003 5,054 500 0 1 
Duty 4,352 190755 0,0005 4,141 500 0 1 
Gross Weight 2,266 320849 0,003 181,717 500 64 0 
Hs Code 2,582 343692 0,0014 51,993 500 15 0,986 
Month 4,446 408236 0,0006 9,565 500 0 0 
Sale Price 0,520 357370 0,4782 2515,438 500 269 0 
 

What this does show for Customs is that the sales price has a far larger significance than any 

other information, which makes it more relevant that this feature is almost completely missing 

in the database.  

 

5.4. Artificial Neural Network 
 
Artificial Neural Network (ANN) is a machine learning algorithm that is inspired by biological 

neural networks that form the brain in humans and animals. These systems learn to process and 

execute tasks by looking at examples, without being programmed with task specific code. For 

ANN it is important that we do not only normalize the data using the lognormal function, but 

that we also standardize the dataset by scaling the variables. ANN benefit from a scaled dataset 

which highly increase computational time and accuracy. We scale the dataset on a [0,1] interval 

using the minimum and maximum values.  

 

For the hyperparameter grid search we used a different set of values for the following 

parameters; hidden layer size and structure, the activation function, the solver for weight 

optimization, the maximum number of iterations, and the number of epochs.  

5.4.1. Results 
 
The optimal parameter composition is as follows: 
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Table 5.8: Optimal parameter for the ANN 

Parameter Value 

Activation Relu  

Hidden layer size 31  

Max iterations 10 

Solver Adam  

Epochs 10 

 
 
And the corresponding ANN model score: 

 
Table 5.9: Artificial Neural Network model score. 

Score R-squared MAE RMSE MAPE 

Validation  0,998 11,13 18,96 7,59 % 

Test 0,998 11,14 19,15 7,32 % 

 

5.4.2. Discussion 

The biggest problem with ANN is that it is a black box algorithm, we cannot analyse the 

underlying structures to get further insight in the variable selection. Another problem is that the 

only way to fine-tune the optimal ANN setup is by trail-end-error. This can take up a lot of 

computational time.  

If we plot the predicted outcome against the observed value we get a better understanding of 

how the model performs. The plot in Figure 5.6 shows a narrow prediction plot for the ANN, 

with the occasional outliers. These outliers are precisely what Customs is interested in, since 

they could indicate a fraudulent entry. The fact that these points lie so far from the real rating 

do not necessarily imply fraud, it merely suggests that it could be advisable to investigate these 

entries. In this respect the ANN seems to perform according to our desires. 
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Figure 5.6: Predicted value against the real observed value. 

 
 
 

5.5. Support Vector Regression 
  
The support vector regression (SVR) is another popular machine learning algorithm. It presents 

one of the most robust prediction methods. Together with the ANN, it falls under the black box 

algorithms, which makes it harder to explain the underlying functioning of the model. We will 

include it as one of our predictive models to better estimate how good the other models are 

performing. For the SVM algorithm we use the Sklearn extension in Python again and use the 

cross-validation grid search to search for the optimal model hyperparameters. The 

implementation of SVM is based on libsvm, meaning the fit time complexity is more than 

quadratic with the number of samples, and that makes it hard to scale to datasets with more than 

10.000 samples. Since we are using a dataset with more than 16.000 samples this would imply 

very long running times for the SVM. We are therefore first using a kernel approximation, using 

a smaller portion of the dataset, to see which kernel fits best, before starting our grid search. 

 

We will be using a Linear model fitted by minimizing a regularized empirical loss with a 

Stochastic Gradient Descent (SGD): the gradient of the loss is estimated each sample at a time 

and the model is updated along the way with a decreasing strength schedule (or learning rate). 
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5.5.1. Results 
 

Table 5.10: Support Vector Regression model score. 

Score R-squared MAE RMSE MAPE 

Validation  0,998 10,81 20,64 7,65 % 

Test 0,998 13,46 22,93 7,90 % 

 

5.5.2. Discussion  
 
The algorithm performs similar to the ANN, which is to be expected.  

 

5.6. Evaluation  

We started with four different regression algorithms: MLR, RF, ANN, and SVM. The problem 

with NN and SVM is that they are considered to be high-accuracy black box algorithms. It is 

difficult to get any insights on the underlying functioning, i.e. to better understand the variable 

interactions. With RF and MLR we can better understand the underlying functioning by 

interpreting the effect or impact of the different variables.  

Table 5.11: The models' performance on the test set. 

Model MAE RMSE MAPE 

Multiple Linear Regression 12,63 20,56 14,08 % 

Random Forest 9,05 17,18 8,61 % 

Neural Network 11,14 19,15 7,32 % 

Support Vector Regression 13,46 22,93 7,90 % 

 
 
The machine learning algorithms, NN and SVR, perform best based on the MAPE alone. This 

is not unsurprising since these algorithms should perform better based on their capabilities. 

What is interesting is that the random forest had by far the best validation score of all the models 

and has the lowest MAE and RMSE on the test set, but does not have the lowest MAPE. The 

multiple linear regression does not have a high MAE or RMSE compared to the MLA's, it's 

shortcomings can be seen though in the MAPE, which is almost doubled.  

 

5.6.1. Implementation 
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Based on programming complexity, the multiple linear regression model is easiest to implement 

for Customs in their day-to-day activities. It does not require a lot of computation power nor 

does it need an advanced setup. Besides, it is not necessary for the model to be precisely 

accurate, what matters for Customs is that they can focus on the bigger anomalies instead of the 

small corrections. We suggest that Customs uses the linear formula from the multiple linear 

regression to evaluate the customs value in their operations. The proposed model would then 

look like this: 

 

𝐶𝑢𝑠𝑡𝑜𝑚𝑠	𝑣𝑎𝑙𝑢𝑒 = 𝛼 + 𝛽9 ∗ 𝑠𝑎𝑙𝑒𝑠	𝑝𝑟𝑖𝑐𝑒 + 𝛽; ∗ 𝑔𝑟𝑜𝑠𝑠	𝑤𝑒𝑖𝑔ℎ𝑡 + 𝛽? ∗ 𝑑𝑢𝑡𝑦%																          
 

			= −8,35 + 0,71 ∗ 𝑠𝑎𝑙𝑒𝑠	𝑝𝑟𝑖𝑐𝑒 − 2,22 ∗ 𝑔𝑟𝑜𝑠𝑠	𝑤𝑒𝑖𝑔ℎ𝑡 − 2,88 ∗ 𝑑𝑢𝑡𝑦%       Eq2 
 

The regression coefficients 𝛽Z can be calculated periodically by Customs in order to go with the 

trends in the customs valuation.  

 

The aim for our model is to have a reasonable fall back valuation for the customs value in the 

form of an interval. The interval lies between a lower and an upper bound created by the 

multiple linear regression analysis. These bounds function as the limits of what Customs would 

consider to be an acceptable value for the customs value. Normally, if the customs value on a 

declaration is to be found incorrect after an audit by Customs, the customs value would be 

corrected and a new import duty has to be calculated and collected. This takes up too much time 

for Customs and it usually leads to small corrections which are not really worth the time. With 

this interval, Customs could decide what corrections they do want to carry out if the actual value 

would lie outside the margins. The table below gives a visual representation of how the model 

would work:      

 

Table 5.12: Implementation of the model's prediction interval with corresponding values. 

Gross 

Weight 

Sales 

price 
Duty 

Customs 

value 
Fit Lower Upper Interval 

0,42 599,88 4% 378,62 379,71 293,92 490,55 In 

7,8 659,97 2% 179,65 423,99 328,20 547,75 Under 

0,55 399 3% 329,75 248,17 192,10 320,61 Over 

4,95 379,5 3% 257,66 257,48 199,30 332,63 In 
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The table below shows the number of observations that falls between the prediction confidence 

intervals. When a lower confidence percentage is applied we see that the observations that fall 

outside the interval increases. This is due because the interval range is smaller, and therefore 

we are less certain that the observed value would be in the interval. What is remarkable is that 

the number of observations that is below the interval is significantly higher than the 

observations above the interval. In the residual’s vs fitted plot we can see that most anomalies 

are below the fitted plot line. This can happen due to undervaluation from import companies.  

   
Table 5.13: Prediction confidence interval on test set for customs value. 

Confidence level Over In between Under 

99% 2 3157 50 

95% 2 3143 64 

90% 7 3111 91 

 

Undervaluation is an important problem that Customs deals with in their daily operations. It 

leads to less customs duty innings, which can result in additional assessments from the EU 

commission when it believes that the Dutch Customs is not collecting enough based on the trade 

data. Our model can be used to further investigate on the matter of deliberate and structural 

undervaluation of customs value on trade goods.  
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6. Conclusion  

In this chapter we summarize the answers to our research questions while providing 

implications. 

RQ1 What is the simplest model that provides a reliable representation of customs 
value for an e-commerce fulfilment shipment.  

Based on a regression analysis we found that the simplest model would only require three 

variables, sales price, duty, and gross weight, to make a reliable prediction. We went from this 

equation: 

𝐶𝑢𝑠𝑡𝑜𝑚𝑠	𝑣𝑎𝑙𝑢𝑒 = 	𝑠𝑎𝑙𝑒𝑠	𝑝𝑟𝑖𝑐𝑒 ∗ 𝑉𝐴𝑇%− (	𝑠𝑎𝑙𝑒𝑠	𝑝𝑟𝑖𝑐𝑒 ∗ (𝑥9 + 𝑥;) + 𝑑𝑖𝑚𝑒𝑛𝑠𝑖𝑜𝑛 ∗ 𝑥? + 

𝑔𝑟𝑜𝑠𝑠	𝑤𝑒𝑖𝑔ℎ𝑡 ∗ (𝑥C ∗ 0.3 + 𝑥G + 𝑥H + 𝑥I + 𝑥J) + 𝑢𝑛𝑖𝑡𝑠 ∗ 𝑥K)  Eq1 

 
To a much simpler equation: 
 

𝐶𝑢𝑠𝑡𝑜𝑚𝑠	𝑣𝑎𝑙𝑢𝑒 = 𝛼 + 𝛽9 ∗ 𝑠𝑎𝑙𝑒𝑠	𝑝𝑟𝑖𝑐𝑒 + 𝛽; ∗ 𝑔𝑟𝑜𝑠𝑠	𝑤𝑒𝑖𝑔ℎ𝑡 + 𝛽? ∗ 𝑐𝑢𝑠𝑡𝑜𝑚𝑠	𝑑𝑢𝑡𝑦       
Eq2 

 

The problem with the proposed model is that Customs is not storing the data on sales prices in 

a manner that allows ease of use. The information about sales price is given in the form of a 

URL, but not in a numerical feature. If Customs would record the numerical sales price feature 

separately, and use the URL as a validation option, Customs would greatly help themselves in 

the auditing process of customs value for fulfilment shipments.   

When implementing the model for daily operations, we have seen that the model could be 

reversed to deal with the lack of information that Customs does have. In this way, Customs is 

able to estimate a sales price interval, and apply corrections where they see fit. This model is 

better suited for Customs based on EU laws and the available data in their own database.   

RQ1.1 Does the current method of calculating the customs value for fulfilment 
shipments result in a representative customs value? 

In the current situation, where import companies calculate by a work agreement what the 

customs value is based on their own data, we have seen that it results in unique customs values 

for the same product. For Customs this results in a range of custom values that are all lawfully 
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acceptable, stemming from the work agreements they have accepted from various companies. 

If Customs were to say that there would only be one acceptable custom value for each product 

shipment, it would be a misrepresentation of the difference in the underlying costs for each 

import company.   

 However, the fact that the variables in the work agreements from the import companies 

differ so much makes the current process where companies make the models quite random and 

company dependent. Customs on their side tries to maintain an even playing field for all 

companies alike by not intervening in the work agreement construction. Customs defends their 

position where they do not intervene in the company made calculation with three arguments: 

(1) Customs has an auditing role instead of an advisor role. (2) Customs has no view on what 

specific contracts are active at each company, so if they cannot know if a company is missing 

a cost variable. (3) If Customs were to discuss the calculations of other companies with potential 

competitors it might unveil strategic choices made by those companies.  

It is up to Customs to abstain from any intervention, but is does not ease their own auditing 

role. Especially since they do not have the data to verify the customs value based on company 

calculations. This makes their current way of auditing quite difficult.  

 

RQ1.2 Is there a pattern in the different categories for a shipment, such as: weight, 
country of destination, country of origin, HS code, sales price? And can it be 
used to make categorized flat rates? 

The data analysis showed that it is extreme hard to find any categorization to group the data 

into subgroups. We have looked at the possibility to use the categories that are already present 

in the commodity code nomenclature. However, we are not able to make assumptions about the 

correctness of the customs value based on commodity alone. This is due to the high variety in 

products that still have the same commodity code, and the incorrect commodity code labelling 

of products. We also looked at the categorization by products description, but this also turned 

out to be non-desirable. The highly inconsistency in product definitions and the fact that product 

quality is not accounted for makes it impossible to use properly.    

An important finding is that 97% of unique products are imported on a single day, and never 

again. These products arrive over heavily fractured, multiple shipments. Instead of shipping the 

goods in a single large shipment, import companies opt to ship them over multiple, smaller 

shipments. This supports the notion that it is impossible for Customs to predict the exact 

customs value for each product, and therefore, has to rely on an acceptable range of acceptable 
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values in order to deal with the high number of products and the high level of uncertainty 

Customs faces in their day-to-day auditing role.    

RQ1.3 Is there an alternative to the transaction value, or an alternative way to construct 
the transaction value, that can be used in the model? 

As it turned out, the model that would be usable for Customs on a day-to-day basis, is a model 

that constructs and interval for the sales price using regression.  

An observation that was deducted from comparing the sales price interval to historic data is the 

possible undervaluation of products. When comparing the predicted sales price interval to the 

validation set, the number of observations that were below the interval were significantly larger 

than the number of observations that were above the interval. For a high number of products, 

the declared customs value is below what would have been expected based on a regression 

model.    

RQ1.4 How many variables are needed to create the model, but also keep the model as 
simple as possible? 

The customs value model has decreased from approximately nine variables on the worksheet, 

with supporting matrixes and data tables, to just three variables. More importantly, this model 

is based on the data that is available to Customs, and not on data that is held by third parties. 

The only adjustment Customs has to make is storing the sales price form the URL in a separate 

feature for easier calculations.  

 

Recommendations 
 
We recommend Customs to three things. First, to store the transactions for fulfilment as a 

separate, unique category in their database to ease the analysis on this subject. Now it is stored 

together with all ‘other transactions’, which makes it not suitable for quick accessibility.  

 Second, we recommend to store the sales price as a separate variable, accompanied by 

the current method of an added URL for reference purpose. This variable is of utmost 

importance for the calculation of the customs value and is needed for proper valuation and 

auditing. 

 Third, we recommend to use our prediction interval to filter out the obvious outliers 

from the curve. This will greatly reduce the time and resources spend on small corrections. 
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Limitations and future research 
 

One limitation is the presence of homogeneity in the dataset. All declarations have China as the 

country of origin. Now it could be that for fulfilment e-commerce shipments China is the only 

option when it comes to production facilities, or that for shipments arriving at the Dutch 

Customs are only coming from China. Out of all the import companies, there is one company 

in particular that is responsible for the majority of all import declarations. It is possible that this 

company favours China above all other countries.  

 Another limitation is that most companies are mainly using the same company as their 

shipping partner. In future analysis it could be interesting to see the sales prices of other e-

commerce platforms to compare the influence on the customs value.   

 Another limitation is that we only looked at the declaration data from Dutch Customs. 

It would be interesting for future research to compare the declarations and customs value for 

other EU members. 

 

One major drawback is that in our proposed solution, there is no way of telling if the stated 

sales price on the declaration is correct or not. We tried to make distinguishable categories 

based on product description, but failed to come up with a concrete solution. A suitable solution 

could be a price list per product category that could indicate what a 'normal' price would be for 

that category. We think that the quality of products differ so much that it is not feasible, but 

future research might prove different. We tried forming groups based on the description. Future 

research might include text sorting algorithms to tackle this problem. 

 In the current method the customs value is calculated by subtracting the costs made by 

import companies from the hypothetic sales price. Another option would be to see if, by adding 

all the cost components from the production facility, this would lead to the same outcome in 

customs value.  

 This study only focusses on a model destined for a single company, for the best purpose, 

a model could be created that works for all import companies.  
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Appendix A: Fulfilment by Amazon cost Matrixes   

 

 
Figure 0.1: Shipping fees, small and light program.  

 
 
 

 
Figure 0.2: Storage fees. 
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Figure 0.3: Shipping fee, standard and oversize.  
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Appendix B: variable distribution. 

Figure 1: Panel plots of variables before log transformation. 

 
 
 

Figure 0.1: Histograms of ‘Customs Value’ before and after log transformation. 
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Figure 2: Histograms of ‘Units’ before and after log transformation. 

 
 
 

Figure 0.2: Histograms of 'Gross Weight'' before and after log transformation. 
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Appendix C: Residuals distribution. 
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Appendix D: Anova tables and plots for multiple linear regression 

 
Model1 
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Appendix E: Model output and model plots for Random Forest  

Model 1: 
 
Call: 
randomForest(formula = Customs.Value ~ ., data = train.sample, Importance = TRUE)  
                Type of random forest: regression 
               Number of trees: 500 

No. of variables tried at each split: 4 
 
            Mean of squared residuals: 0.001838281 
                % Var explained: 99.28 
 


