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Abstract 
The importance of identifying risks by utilizing available information of the shipments have been 

increasingly recognized by the industry. One possible technique to identify risks in international trade is 

by associating the HS code with the SIC code of the responsible stakeholder in the shipment. Such 

association is considered useful mostly on identifying patterns in trade data, thus in this thesis, the viability 

of deriving risk indicators in international trade from such association is observed.  

This master thesis presents an assessment on the mapping between commodity code (HS code) and 

company industrial classification (SIC code) in shipping data. In this research, the existing mapping 

between HS code and SIC code were investigated first to identify the possible improvement. Association 

rules mining was used to improve the existing mapping by extending the mapping coverage to non-

manufacturing SIC code (SIC higher than 4000). Three shipment datasets from several trade lanes were 

used to avoid having a mapping result that biased towards specific trade lane. Further analysis was 

conducted to identify possible risk indicators based on linking HS code and SIC code in the shipping data. 

The result shows that linking HS code to the SIC code can provide insights to identify inherent risks of 

shipments by examining product-based indicators, trader-based indicators and the shipment records. The 

product-based indicators can be used to identify the shipment that has potential risk, while the trader-

based indicators and shipment records can be used to verify the plausibility of the identified shipments. 
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Management Summary 
Risk identification in the international shipping has gained considerable attention in the supply chain risk 

management. The fact that the stakeholder who knows what is exactly inside the shipments are the one 

who packed the box in the first place shows that the clear visibility of global supply chain depends heavily 

on the stakeholder’s interest (Hesketh, 2010). The importance of identifying risks by utilizing available 

information of the shipments have been increasingly recognized by the industry. Several studies have 

been conducted in this area to identify anomalies in the shipping data, namely by assessing cargo 

itineraries, trade transaction pattern, and associating the HS code with the exporter country. The research 

project is focused on assessing the association between commodity code and company industrial 

classification in shipping data. We argued that linking HS code and SIC code together can be used as a 

viable use case to enhance risk assessment tools in international trade. 

This thesis examines the effectivity of linking the commodity code (HS code) and company industrial (SIC) 

code to identify potential risk in the shipping data. The first part of the research is aimed to investigate to 

which extend the commodity code, and company industrial code can improve supply chain visibility by 

detecting anomalies in export-import transactions. In the latter part of the research, the goal of the 

project is directed toward identifying the indicators that can be appropriately derived by associating the 

HS code and SIC code in the shipping data. The output of the project is: (1) to discover the underlying 

structure between HS code and SIC code such that an adequate mapping can be developed, and (2) to 

identify the relevant risk indicators that can be derived based on this analysis. 

The first step of this research was to identify the existing studies in the research domains in the association 

between HS code and SIC code. The research from Pierce & Schott (2012) and Feenstra, Romalis, & Schott 

(2002) provides a significant knowledge basis to answer the research question. These studies examined 

the relationship between HS code and SIC based on US trade data to develop a mapping between both 

classification. However, the mapping only covers SIC codes from manufacturing companies which limit 

the coverage of analysis to answer the research question.  

Further analysis was conducted on the existing mapping from Pierce & Schott (2012) by evaluating the 

association in the trade dataset. We found that the verification of the shipments of any HS code and its 

respective exporter/importer SIC can be done with very high confidence in 1 digit SIC code (economy 

division level). We also found that around a third of the total HS code available in the dataset can be 

considered as strongly associated to the first two-digit SIC code provided in the mapping, as depicted in 

Table 1. In this research, we argued that adding dominant SIC code can be helpful to expand the analysis. 

Dominant SIC is the most common SIC that can be found within a family structure of a company. We used 

two dominant SIC codes in the analysis: (1) the dominant SIC code among all the entities that fall under 

the domestic ultimate parent company of the shipper/consignee and (2) the dominant SIC code among 
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all the entities that fall under the global ultimate parent company of the shipper/consignee. The addition 

of dominant SIC was indeed helpful to evaluate the mapping in the actual shipment data. However, the 

dominant SIC should not be used as a standalone analysis but used altogether with the company SICs to 

form a “best case” analysis, as depicted in table 1. 

Table 1 Result: Percentage of Shipments that can be Matched with the Associated SIC code based on the existing mapping 

1-digit 
Company SIC 

2-digits 
Company SIC 

3-digits 
Company SIC 

4-digits 
Company SIC 

Domestic 
Dominant SIC 

Code 

Global 
Dominant 

SIC Best Case 

93.35% 77.75% 62.70% 50.97% 33.12% 32.86% 57.08% 

Based on the evaluation result, we identified that the existing mapping has two shortcomings. First, we 

argued that the existing mapping is incomplete since the existing mapping is only available for 

manufacturing SIC. Second, we found that the mapping might be biased towards specific trade lanes, 

because we could not provide an adequate matching percentage for certain HS code. Therefore, further 

analysis was conducted to develop a new mapping that can cover both manufacturing and non-

manufacturing SIC codes. Association rules were used to build the mapping between HS to SIC in the 

international trade, with Apriori algorithm was used as the basis for association rule mining. The 

experiment dataset was derived from shipping data from various trade lanes to prevent such a biased 

mapping result.   

 

Figure 1 Result: Matching Percentage of Mapping by using different SIC code category in 4-digit level 

The new mapping was able to associate the HS code that commonly traded in the international trade. The 

algorithm was able to associate 798 HS codes to the manufacturing SIC and 790 HS code to the non-

manufacturing SIC, in which some HS codes are associated with both manufacturing SIC codes and non-

manufacturing SIC codes. Another mapping called “hybrid mapping” was also introduced to address the 

HS code coverage issue that identified in the new mapping.  This hybrid mapping is constructed by using 
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the new mapping as the main mapping for the covered HS code, and the existing mapping for the non-

covered HS code. The comparison between percentage of matching shipments from different mapping 

can be seen in Figure 1. Based on the mapping evaluation result, the hybrid mapping is used as the basis 

for the analysis in the next chapter to identify risk indicators in the international trade.  

Next, several risk indicators were formulated based on the assessment of HS code and SIC code mapping. 

These indicators are mainly derived from Directorate General for Taxation and Customs Union (1999). 

Twelve risk indicators divided into product-based indicators, trader-based indicators, and shipment 

records indicator. Only three of the risk indicators were derived from HS-SIC relationship analysis, which 

depicted in the product-based category. The trader-based indicators were directed to provide insights 

about company financial situation and its compliance background, while the shipment records assessed 

the completeness of the information in the shipping data. 

Table 2 Result: Identified Risk Indicators 

No Category Indicators 

1 
Shipment Records 
Indicator Incomplete records on the field HS, Shipper and Consignee 

2 

Trader-Based 
Indicator 

Shipper/Consignee records cannot be matched to Dun & Bradstreet 
company records 

3 Shipper/Consignee records are listed as out of business 

4 Shipper/Consignee involved in sanction list 

5 Shipper/Consignee has adverse media records 

6 Shipper/Consignee country is under embargo 

7 Shipper/Consignee country is under sanctions 

8 Shipper/Consignee has past screening records 

9 Shipper/Consignee financial status 

10 
Product-Based 
Indicator 

HS to SIC could not be matched 

11 Value per weight deviation 

12 Unusual HS transaction combination 

Case study technique was used to demonstrate how the indicators can be applied to analyze shipping 

data. Based on the case studies, we found that using the indicators altogether can provide insights to 

identify inherent risks of shipments. The indicators from operational category can be used to identify the 

shipment that has potential risk, while the company firmographic and shipment records can be used to 

verify the plausibility of the identified shipments. 

 

 

 



viii 
 

 

 

 

 

This page is intentionally left blank  



ix 
 

Table of Contents 

Abstract .......................................................................................................................................................... i 

Acknowledgements ...................................................................................................................................... iii 

Management Summary ................................................................................................................................ v 

List of Figures ..............................................................................................................................................xiii 

List of Tables ............................................................................................................................................... xiv 

List of Abbreviations ................................................................................................................................... xv 

1. Introduction .............................................................................................................................................. 1 

1.1 Problem Statement ....................................................................................................................... 1 

1.2 Research Objectives ...................................................................................................................... 2 

1.3 Research Question ........................................................................................................................ 2 

1.4 Research Scope and Structure ...................................................................................................... 4 

1.5 Research Methodology ................................................................................................................. 5 

2. Literature Review .................................................................................................................................. 7 

2.1 Risks in International Supply Chain ............................................................................................... 7 

2.1.1 Risk Concept .......................................................................................................................... 7 

2.1.2 Risks Perspective in International Supply Chain ................................................................... 8 

2.1.3 Risk Identification in International Supply Chain ................................................................ 10 

2.1.4 Risk Assessment Technique ................................................................................................ 10 

2.2 Trade Compliance in International Trade ................................................................................... 11 

2.3 Research on Examining the Relationship between HS code and SIC code ................................. 12 

2.3 Research Gap and Relevance ...................................................................................................... 14 

3. Evaluating the Mapping of Pierce & Schott (2012) ............................................................................. 17 

3.1 CRISP-DM Methodology ............................................................................................................. 17 

3.2 Business Understanding .............................................................................................................. 17 

3.2.1 HS Code ............................................................................................................................... 17 

3.2.2 SIC Code .............................................................................................................................. 18 

3.2.3 Mapping between HS code and SIC (Existing Mapping) ..................................................... 18 

3.3 Data Understanding and Data Preparation ................................................................................ 18 

3.3.1 Data Understanding ............................................................................................................ 19 

3.3.2 Data Cleaning ...................................................................................................................... 19 

3.3.3 Data Transformation ........................................................................................................... 20 



x 
 

3.4 Modelling and Analysis ............................................................................................................... 21 

3.4.1 Data Modelling .................................................................................................................... 21 

3.4.2 Initial Data Analysis ............................................................................................................. 22 

3.4.3 Data Analysis on Manufacturing Companies ...................................................................... 23 

3.4.4 Data Analysis on Non-Manufacturing Companies .............................................................. 28 

3.4.5 Mapping Evaluation ............................................................................................................ 29 

3.5 Conclusion ................................................................................................................................... 31 

4. Developing a new Mapping for HS and SIC ......................................................................................... 33 

4.1 Association Rule Mining .............................................................................................................. 33 

4.1.1 Definition............................................................................................................................. 33 

4.1.2 Apriori Algorithm ................................................................................................................ 34 

4.1.3 Interestingness Measures ................................................................................................... 35 

4.2 Data Preparation ......................................................................................................................... 37 

4.3 Experiment Setting ...................................................................................................................... 38 

4.3.1 Determining Parameter Value ............................................................................................ 38 

4.3.2 Association rule experiment ............................................................................................... 38 

4.3.3 Iterative Association Rule Implementation ........................................................................ 39 

4.4 HS to SIC Mapping for Manufacturing SIC .................................................................................. 39 

4.4.1 Determining Parameter Value ............................................................................................ 39 

4.4.2 Association Rule Experiment .............................................................................................. 40 

4.4.3 Iterative Association Rule ................................................................................................... 42 

4.4.4 Validation and Discussion ................................................................................................... 43 

4.5 Building Mapping for Non-Manufacturing SIC ............................................................................ 44 

4.6 Discussion and Evaluation ........................................................................................................... 45 

4.6.1 Discussion ............................................................................................................................ 45 

4.6.2 Evaluation by Experts .......................................................................................................... 48 

4.7 Conclusion ................................................................................................................................... 49 

5. Identifying Risk Indicators based on the HS code-SIC code Mapping ................................................. 51 

5.1 Indicator Formulation ................................................................................................................. 51 

5.2 Risk Indicators ............................................................................................................................. 51 

5.3 Data Analysis on Risk Indicators ................................................................................................. 54 

5.3.1 Operational Indicator - HS to SIC Matching Result ............................................................. 54 

5.3.2 Operational Indicator – Value per Weight (VPW) Deviation .............................................. 56 



xi 
 

5.3.3 Company Firmographic Indicator – Shipper/Consignee Records Cannot be Matched ...... 60 

5.3.4 Shipment Records – Incomplete Records in HS and Shipper/Consignee information ....... 61 

5.4 Case Study ................................................................................................................................... 62 

5.4.1 Case A: Oil and Gas Exploration Services ............................................................................ 62 

5.4.2 Case B: Pharmaceutical Preparation Company ................................................................... 65 

5.5 Conclusion ......................................................................................................................................... 67 

6. Conclusion ............................................................................................................................................... 69 

6.1 Conclusion on Research Questions ............................................................................................. 69 

6.2 Limitations and Future Research ................................................................................................ 71 

6.2.1 Research Limitations ........................................................................................................... 71 

6.2.2 Future Research .................................................................................................................. 72 

References .................................................................................................................................................. 75 

Appendix 1 Description of Relevant Field in the Shipping Dataset ............................................................ 79 

 

  



xii 
 

 

 

 

 

This page is intentionally left blank 

  



xiii 
 

List of Figures 

 

Figure 1 Result: Matching Percentage of Mapping by using different SIC code category in 4-digit level ... vi 

Figure 2 Research Framework based on Design Science Methodology  (Hevner, 2007) ............................. 5 

Figure 3 High-level linkage diagram of International Trade and Domestic Economy Activity Dataset 

(Pierce & Schott, 2012) ............................................................................................................................... 14 

Figure 4 Data Model on Linking the Shipping Data with Company Firmographic Data ............................. 21 

Figure 5 Preliminary Analysis Result for Manufacturing and Non-Manufacturing Companies .................. 22 

Figure 6 Matching Percentage of Mapping by using different SIC code category in 4-digit level .............. 47 

Figure 7 HS to SIC Impact vs Probability Map for HS Shipments that could not be matched with SIC ...... 55 

Figure 8 Value per Weight Analysis for HS Code ........................................................................................ 57 

Figure 9 Impact vs Probability Analysis on value per weight outliers per HS code .................................... 58 

Figure 10 Impact vs Probability Analysis on outliers HS-SIC pairs for Not Mapped Records ..................... 59 

Figure 11 Impact vs Probability Analysis on outliers HS-SIC pairs for Mapped Records ............................ 60 

Figure 12 Proportion of Shipments from Company XX in different HS Code ............................................. 63 

  



xiv 
 

List of Tables 

Table 1 Result: Percentage of Shipments that can be Matched with the Associated SIC code based on the 

existing mapping .......................................................................................................................................... vi 

Table 2 Result: Identified Risk Indicators .................................................................................................... vii 

Table 3 Business Risks in 7Rs of Logistics ...................................................................................................... 7 

Table 4 The effect of HS Code Alteration .................................................................................................... 21 

Table 5 Sample Result of HS to SIC Matching Procedure ........................................................................... 23 

Table 6 Matching Result of Company SIC on Export Side (Manufacturing Companies) ............................. 24 

Table 7 Matching Result of Company SIC on Import Side (Manufacturing Companies) ............................ 25 

Table 8 Sample Company Records in addition with the Dominant SIC ...................................................... 25 

Table 9 Full Matching Result on Export Side (Manufacturing Companies) ................................................ 26 

Table 10 Full Matching Result on Import Side (Manufacturing Companies) .............................................. 27 

Table 11 Sample Matching Result on different SIC level for HS Code 2001 ............................................... 27 

Table 12 Matching Records Proportion on different SIC aggregation level (Export Side) .......................... 28 

Table 13 Matching Records Proportion on different SIC aggregation level (Import Side) ......................... 28 

Table 14 Full Matching Result on Export Side (Non-Manufacturing Companies) ...................................... 29 

Table 15 Full Matching Result on Import Side (Non-Manufacturing Companies) ...................................... 29 

Table 16 Mapping Conclusion for Export .................................................................................................... 31 

Table 17 Mapping Conclusion for Import ................................................................................................... 31 

Table 18 Sample Transaction Sets .............................................................................................................. 38 

Table 19 Number of Rules Generated based on the minimum support and minimum confidence 

combination ................................................................................................................................................ 40 

Table 20 Distribution of Generated Rules per LHS - RHS ............................................................................ 40 

Table 21 Association rule based on different Interest Measure ................................................................ 41 

Table 22 Iteration Result ............................................................................................................................. 42 

Table 23 Analysis Result on Different Company SIC Source ....................................................................... 43 

Table 24 Distribution of Generated Rules per LHS - RHS in Non-Manufacturing SIC ................................. 44 

Table 25 Iteration Result for Non-Manufacturing SIC ................................................................................ 45 

Table 26 Number of Shipments of Covered and Not Covered HS Code ..................................................... 46 

Table 27 Matching Result in Different SIC Aggregation level ..................................................................... 46 

Table 28 Sample Result - Adding Rules Confidence in each HS-SIC Association in the New Mapping ....... 49 

Table 29 List of Identified Risk Indicators ................................................................................................... 53 

Table 30 Analysis Result on HS to SIC Mapping .......................................................................................... 54 

Table 31 HS codes with High Impact- High Category for its unmatched shipment records ....................... 56 

Table 32 VPW Analysis Result for Different Outlier Category .................................................................... 57 

Table 33 HS Code with the most outlier value in terms of goods value per weight .................................. 58 

Table 34 VPW Analysis Result for Different HS-SIC Pairs Outlier Category ................................................ 59 

Table 35 Number of Unidentified Shipments from the Firmographic Data ............................................... 61 

Table 36 Number of Records with Missing Information ............................................................................. 62 

Table 37 Analysis Result for Measured Indicators – Company XX .............................................................. 64 

Table 38 Analysis Result for Company Firmographics Indicators – Company XX ....................................... 64 

Table 39 Analysis Result for Measured Indicators – Company YY .............................................................. 66 

Table 40 Analysis Result for Company Firmographics Indicators – Company XX ....................................... 67 



xv 
 

List of Abbreviations 
 

CRISP- DM  Cross-Industry Standard Process for Data Mining 

D&B   Dun & Bradstreet 

DUNS   Data Universal Numbering System 

HS   Harmonized System 

IR   Imbalance Ratio 

SIC   Standard Industrial Classification 

US   United States of America 

  



xvi 
 

 

 

 

 

This page is intentionally left blank



1 
 

1. Introduction 

1.1 Problem Statement 

Risk identification in the international shipping has gained considerable attention in the supply chain risk 

management. The fact that the stakeholder who knows what is exactly inside the shipments are the one 

who packed the box in the first place shows that the clear visibility of global supply chain depends heavily 

on the stakeholder’s interest (Hesketh, 2010). These current practices have led to a further burden for 

customs on regulating international trade since it could disrupt the current compliance practice in 

customs supply chain control. This situation should push customs to use its vast amount of available 

shipping information on conducting a risk analysis to improve its capability to target anomalous shipments 

in international trade setup (Camossi, Dimitrova, & Tsois, 2012).  

The importance of identifying risks by utilizing available information of the shipments have been 

increasingly recognized by the industry. Several studies have been conducted in this area to identify 

anomalies in the shipping data, namely by assessing cargo itineraries, import transaction pattern, and 

associating the commodity classification code with the exporter country. We argued that these anomalies 

could be associated with potential underlying risk in the international trade. Although considerable 

research has been conducted in the attempt to identify risks in shipping data, less attention has been paid 

to discover the structure between commodity code (HS Code) and industrial code (SIC code). The previous 

studies are limited by associating the importer/exporter with the commodities they traded, but it did not 

cover in-depth analysis to the line of business, indicated by SIC code of the company itself. Hence, 

additional studies on HS code and SIC code is vital to understand the appropriateness of using both codes 

for discovering anomalies in shipping data. Recent research from Pierce & Schott (2012) has paved the 

way for further research in this field since they already developed a concordance between HS code and 

SIC code in international trade. Pierce & Schott (2012) were able to draw a concordance between 10-digit 

HS code with five digits and seven digits SIC code. The limitation of their findings is that the mappings are 

only applicable for mappings between HS code to manufacturing SIC code (lower than SIC 4000). 

Therefore, we argued that further assessment on the mapping by conducting an analysis on the actual 

trade dataset could be beneficial to improve the mapping from Pierce & Schott (2012) and address its 

limitation. 

Customs should be able to utilize the available shipment information to improve their capability for risk 

identification. Linking the HS code and SIC code together can be a viable use case to conduct this type of 

analysis, as the review shows that drawing association from both codes can be a good indicator for 

identifying risks in international trade and finding anomalies in the shipping data. The mapping for HS 

code and SIC from Pierce & Schott (2012) can also be used as the basis of the risk identification. Although 

it might not be able to point out the risk directly, it might be useful to be used as indicators in risk 

identification. However, it still needs to be assessed and improved first since the coverage of SIC code in 
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the current mapping is only available on manufacturing SIC. In summary, there is an urgency for better 

understanding whether HS code and SIC code can be used as a structured approach to identify risks in the 

international trade. 

1.2 Research Objectives 

In this thesis, we would like to examine the effectivity of linking the commodity code (HS code) and 

company industrial (SIC) code to identify potential risk in the shipping data. The objective of this research 

is to investigate the role of commodity code (HS Code) and industrial classification code (SIC code) on 

discovering a structural pattern of anomalies and potential fraudulent transaction. Anomalies and 

potential fraudulent shipments, in this case, are defined as the shipment of an HS code which does not 

conform with the associated SIC code based on the mapping. By formulating this objective, it is expected 

that the research would be able to derive insights regarding the appropriateness of using commodity code 

and industrial code mapping in analyzing trade data. The first part of the research is aimed to investigate 

to which extend the commodity code, and company industrial code can improve supply chain visibility by 

detecting anomalies in export-import transactions. In the latter part of the research, the goal of the 

project is directed toward identifying the indicators that can be appropriately derived by associating the 

HS code and SIC code in the shipping data. 

Understanding this type of analysis would be very beneficial for companies and customs to enhance their 

compliance operations. In this sense, customs will be able to utilize its data to automate its random 

targeting tools to identify the risks in the supply chain (Hesketh, 2010), while companies would be able to 

utilize this type of analysis to identify its trusted supplier or supplier relationship management and also 

enhance its risk management . Furthermore, the research is also aimed to investigate whether HS code 

and the SIC code can be developed as a viable basis for a product solution to recognize anomalous 

shipment based on shipping data. The output of the project is: (1) to discover the underlying structure 

between HS code and SIC code such that an adequate mapping can be developed, and (2) to identify the 

relevant risk indicators that can be derived based on this analysis. In addition, this research was conducted 

in a business information company that aspires to build a product for risk analysis in the international 

supply chain. The company strives to obtain clear understanding about how to utilize the HS to SIC 

mapping in the actual shipping data. The research product will then be used as a basis for developing the 

risk analysis product for the company. 

1.3 Research Question 

Based on the problem statement and the research objective, the research question to drive this thesis is: 

What kind of risks indicators that can be derived based on the assessment of the relationship between 

HS code and SIC code? 
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The main research question is directed to address two research gaps. First, the lack of studies on using HS 

code and SIC code on risk analysis in shipping data. Second, the lack of investigation in finding the 

association between commodity code and industry code in practice, because very few research has been 

done on constructing the structure of HS to SIC code mapping using real shipments data. Four additional 

sub-questions are formalized to align the approach on answering the main research question.  

The fundamental part of the research is investigating how previous studies explain the association 

between HS code and SIC code in shipping data. This approach could become a good starting point for the 

study as present research could be driven to complement or even further develop the earlier studies. The 

findings from this research question could be used for directing the focus of the research on examining 

commodity code and industrial code in shipping data.  

SQ1: What do the existing studies explain about identifying anomalies in the shipping data by using 

commodity code and industrial code?  

The output of the first research question then will be explored to examine whether HS code to SIC code 

mappings could be utilized to detect anomalies in shipping data. The next part of the research is 

specifically aimed to evaluate how the mapping reflected the HS to SIC association in the actual shipping 

data and derive insights on how the mapping can be further improved and utilized as risk indicators in the 

international trade. On analyzing this issue, the sub-questions are formulated as follows: 

SQ2: How well can the existing studies be used to identify the relationship between HS code and SIC 

code in actual shipping data? 

Sub-question 2 is aimed to evaluate the effectivity and efficiency of the existing study. Firstly, this thesis 

will examine how the existing mapping can be used to detect anomalies in the shipping data. Secondly, 

this sub-question is aimed to assess its performance and its limitation in practice. The expected output of 

this sub-question is to understand how and what can be improved from the existing studies.  

SQ3: What is the more effective way to map the HS code and SIC code based on the trade data? 

Sub-question 3 focuses on trying to derive a new approach on analyzing the HS code and SIC code 

mappings. In this part of the research, a different analysis is developed to find a more effective way to 

associate the HS code and SIC code, such that the structure between HS code and SIC code could be 

revealed. The primary objective of solving this question is to extend the coverage of the mapping towards 

non-manufacturing SIC codes and generate a new mapping that is not biased to certain trade lane. 

SQ4: What is the type of risks indicators that can be properly assessed by conducting this type of 

analysis? 

At this point, the output of the previous sub-questions should be able to discover the reliability of using 

HS to SIC mappings on detecting anomalies in the actual shipment data. Sub-question 4 is aimed to 
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investigate the type of risk indicators that can be inferred from this type of analysis. The main idea of this 

sub-question is to understand better how the research product can contribute in the risk analysis in the 

international trade, and to investigate whether this research could be a viable basis to be developed 

further as a product solution for the company. 

The above-defined sub-questions are formulized to align the approach on examining the main research 

question. By carrying out the research according to the sub-questions, it is expected that this research 

could provide insights on how the commodity code and industrial code could be used as an alternative 

approach in the form of identifying risks in the shipping activities. 

1.4 Research Scope and Structure 

The research is conducted by examining the link between HS code and SIC in shipping data. The detail 

level of classification used in this analysis is 4-digit HS code and 4-digit SIC code. The mapping is built based 

on the export-import data from three trade lanes, and the verification of risk indicators was conducted in 

one trade lane. We assume that the risk indicators do not have a geographical bias because the 

constructed indicator was generic for international trade.  

This research was conducted in Dun & Bradstreet BV in The Netherlands. The shipping dataset used in this 

document has already enriched with DUNS number to identify the company firmographic information. All 

the company firmographic information was derived from Dun & Bradstreet directory to ensure data 

quality. 

The thesis will be divided into six chapter, in which each chapter will be structured as follows:  

• Chapter 2: Literature review. This chapter will elaborate the relevant previous studies in the 

domain knowledge to find the scientific relevance. This chapter can be associated with the sub-

question 1 in the research question. 

• Chapter 3: Evaluating the Mapping of Pierce & Schott (2012). This chapter will mainly discuss 

about the implementation of existing studies in the analysis. The focus of this chapter is to 

evaluate the implementation result of existing studies, and assess the advantages and 

disadvantages of the approach, as described in sub research question 2. 

• Chapter 4: Developing a new Mapping for HS code and SIC code. The focus of this part is to 

develop a new approach to answer sub research question 3. In this phase, certain data analytics 

techniques will be selected as the primary approach to analyze the HS code and SIC code and 

discover the underlying structure behind it in the international shipping setup. 

• Chapter 5: Identifying Risk Indicators based on the HS code-SIC code Mapping. This chapter will 

demonstrate how the type of analysis can be used to identify several risk indicators and how to 

measure it. The main idea of this chapter is to answer sub research question 4.  
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• Chapter 6: Conclusion. This part contains the research summary and focuses on discussing the 

final findings, research contribution, the limitation of the studies and the future research 

possibilities in this domain of knowledge. 

1.5 Research Methodology 

This section explains briefly about how this research was conducted. The methodology used in this thesis 

is outlined in the design science research framework (Hevner, 2007). As previously mentioned, the goal 

of this research is to develop a mapping between HS code and SIC in manufacturing and non-

manufacturing industry. Next, the goal of the project is to define risk indicators that can be derived based 

on the HS to SIC relationship in the international supply chain. Therefore, the mapping and the risk 

indicators are both the artefacts of the thesis. This artefact is developed to improve the risk analysis 

strategy for the stakeholders in the international trade area. The artefact will also serve as the scientific 

basis for developing risk analysis product solution.  

 

Figure 2 Research Framework based on Design Science Methodology  (Hevner, 2007) 

Design science research framework comprises of three cycles to construct an artefact, namely the design 

cycle, the relevance cycle and the rigor cycle. this research will be managed by the following task in 

accordance with the design science framework: 

• First, we identified the business needs according to the knowledge base and the environment. The 

idea of developing risk indicators and mapping between HS and SIC association surfaced when we 

analyzed the existing HS to SIC mapping and its relevancy for possible other use cases in the 

international trade. In this research, the existing mapping was used as part of the knowledge base, 
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along with theories and frameworks in supply chain risk and compliance in international trade. The 

methodology used to acquire the knowledge base are literature studies, data collection, and data 

analysis techniques. The environment aspect was also studied to understand the appropriateness of 

the application of the research product. 

• Next, design cycle. This phase comprises of two crucial aspects of constructing an artefact, namely 

artefact building and artefact evaluation. In this phase, the artefacts were assessed and refined 

iteratively based on discussion, desk research and validation through case studies. The first evaluation 

will be directed towards the existing mapping, while the second evaluation will be conducted to 

evaluate the artefacts. In the first evaluation, we reviewed the existing mapping based on its 

performance and how it reflects the actual situation in the international trade. In the second 

evaluation, we expected that the new mapping already constructed, and the evaluation will be 

directed to how well the mapping was improved, and how can the risk indicators be used in the actual 

trade data analysis. 

• Last, reverse loop of rigor and relevance cycle. Hevner (2007) emphasized that the research output 

should return to the environment and the application domain. Therefore, in the last part of the thesis, 

we discussed about how the artefacts can contribute to the knowledge base and the environment for 

the application domain, and how the future research should be directed to have a better 

understanding in this domain knowledge. 
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2. Literature Review 

2.1 Risks in International Supply Chain 

2.1.1 Risk Concept 

Risk can be defined as the probability of events that result in a loss (Heckmann, Comes, & Nickel, 2015). 

Another view of risks has defined risk as the fear of losing investment which caused by business 

vulnerabilities (Heckmann et al., 2015). Both definition explicitly associates the term risk with the 

uncertain event, vulnerability and potential loss of a specific product or event. Therefore, in this 

document, we define the term risk, in accordance to Collins English Dictionary, as the sense that 

something —product, process, organization—is vulnerable and likely to suffer losses or potential damage 

(Peck, 2005). Mitchell (1995) proposed that the risk of any type of loss is a combination of the probability 

of loss (P) and its impact (I) on the individual or organization. The impact is defined as the significance of 

the loss to the company, both direct and indirectly, while probability reflects the uncertainty of the event 

occurrences. This notion can be generalized as a quantitative formula: 

𝑅𝑖𝑠𝑘𝑛  =  𝑃 (𝐿𝑜𝑠𝑠𝑛)𝑥 𝐼 (𝐿𝑜𝑠𝑠𝑛) 

From the business perspective, risks can be defined as a threat to the 7Rs of logistics (Veenstra, 2018), 

which depicted in Table 3. This threat to business can come from different risk sources in the supply chain, 

namely environmental risk sources, network risk sources and organizational risk sources (Jüttner, Peck, & 

Christopher, 2003). Environmental risk arises from the uncertainties along the supply chain environment 

interactions, such as socio-political action and force majeure accident. Organizational risk comprises of 

the uncertainties within the supply chain stakeholders that could disrupt the operational activities, such 

as labor strikes or production uncertainties. Network risks, however, caused by the suboptimal interaction 

between the organization along the chain, which in turn create a side effect on other parties in the supply 

chain. This network risks can be identified in the bull-whip effect in the supply chain (Jüttner et al., 2003). 

Table 3 Business Risks in 7Rs of Logistics 

No. Risks 

1 Not delivering the right products 

2 Not delivering to the right customs 

3 Not delivering the right quantity 

4 Not in the right condition 

5 Not at the right place 

6 Not at the right time 

7 Not at the right costs 
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From Customs perspective, risk management is more defined in the sense of enabling procedures that 

can maintain the balance between control, facilitation and supply chain security (WCO, 2015). As its 

responsibilities expanded, the risks management approach of customs is predominantly driven by the 

risks continuum itself and the compliant level of the parties involved in the supply chain. Veenstra (2018) 

concluded that in the 21st century, the role of customs risk management is more dominant in the general 

compliance management approach, which incorporates the multilayered legislative framework, 

administrative arrangement and enables threat identification in the supply chain. This view of risks 

management has made customs to have a different perspective on managing risks. Instead of identifying 

business risks as mentioned in the previous paragraph, customs are more involved in the macro level of 

risk management companies or supply chain parties itself, for example, identifying how well companies 

identify their risks and create mitigating measures in their internal risks management (Veenstra, 2018). 

From both perspectives, it can be concluded that the risk perception of business and customs are not 

really aligned with each other. As discussed by Veenstra (2018), although both stakeholders are looking 

at the same type of risks, e.g. cargo risks, the interest of each stakeholder is different, since business is 

interested in knowing whether the cargo is delivering the right goods, and customs are more interested 

whether the cargo contains prohibited goods or not. This statement is aligned with the argument from 

Hesketh (2010), who argued that the current visibility is only available to the parties involved who are 

interested to know what is going on in the supply chain. In this situation, the shipping document can be 

used risk identification since it can be used as the control approach to clarify both types of risks from the 

business and customs perspectives. In customs perspective, shipping document can be used as the first 

basis for risk assessment since it can give a clear indication of what is inside the shipment (Girgenti, 2015; 

Veenstra, 2015). Customs can verify the actual information and the expected outcome based on the 

documents because it contains detailed information regarding the goods and its origin (Girgenti, 2015). 

On the other hand, from a business perspective, the document can be used to validate the contractual 

agreement between the parties involved in the shipments (Girgenti, 2015).  

2.1.2 Risks Perspective in International Supply Chain 

Risks in the international trade are primarily caused by lack of data availability and transparency among 

the parties involved in the supply chain. As discussed in the previous section, transparency is one of the 

main components of the supply chain visibility. Visibility along the chain is essential for the parties 

involved to understand the exact state of the goods in the supply chain, such that it is feasible to make an 

informed decision based on the knowledge (Klievink et al., 2012). However, Haywood and Peck (2004), as 

cited from European Commission (2012) found that it is difficult to realize the accurate visibility beyond 

the first tier of supplier or customer in the supply chain. Customs authorities surfaced several new 

challenges on conducting its new task, as they need to ensure that the required documentation is fulfilled 

and kept its operation as efficient as possible to avoid backlog (Keyes, 2016).  
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Christopher & Lee (2004) highlighted the importance of data availability in the supply chain by arguing 

that without having access to accurate and highly updated information about the goods, payments, and 

the parties involved in the supply chain, the likelihood of risks occurrence is heightened. For example, in 

the event of a commodity were not correctly described for transport and regulatory purposes, the risks 

will be spread to several parties in the chain, such as letters of credit for the intermediary bank, 

operational risks for the buyer and carriers, and also risks for the border protection activity (Hesketh, 

2010). Therefore, transparency between the stakeholders of international trade is crucial, as it enables 

parties to make well-informed decisions to control the risks (Turnes & Ernst, 2015).  

Transparency can be defined as an open and fair information sharing environment between stakeholders 

(Turnes & Ernst, 2015). Customs compliance procedure has addressed this transparency issue by 

obligating the parties in the supply chain to submit customs declarations document for any incoming and 

outgoing shipments. The information regarding shipments is also available in the shipping documents 

along with the chain. However, this might not solve the problem yet since the information in the 

documents is often not complete. The party that has the best quality information about the transported 

goods is the seller or the parties who “packed the box” (Hesketh, 2010). For commercial reasons, each 

party involved along the chain concealed the original information from the next party so that they will not 

be bypassed in the future. Therefore, the information that can be found in the shipping document, or 

even in the customs declaration is not from the actor who actually knows what is inside the box (Hesketh, 

2010). As a consequence, the parties involved in the supply chain are only able to reach second-hand 

information that has been filtered and possibly inaccurate, making the data unreliable for risk assessment 

purposes and heightened the risks in the international supply chain (European Commission, 2012).  

Better risk analysis to identify lawful and unlawful activities in the supply chain has become 

unquestionably vital for customs (European Commission, 2017a). Current practice has required customs 

to have a better understanding regarding the parties involved along the chain and enhanced knowledge 

about the known and unknown risks in the supply chain.  There are two ways in which customs can 

conduct to control the risks, namely physical inspections and information analysis.  100% physical 

inspection is deemed infeasible because it takes too much time and could disrupt the flow of logistics 

(European Commission, 2012). European Comission (2010) found that in 2010, only 0.1% of incoming 

containers in the big port were scanned, while only 3% of it was scanned in the small port. This fact clearly 

shows that implementing 100% scanning is not an answer to this situation since scaling up the scanning 

proportion brings massive challenge both in terms of investment and time (European Commission, 2010). 

Information analysis could be the solution for risks analysis in customs since it allows customs to use their 

resources effectively by inspecting certain shipments and enable quick release for the low risks shipments 

(European Commission, 2012). This kind of analysis relies much on the information provided by the parties 

in the supply chain, such as the products-related information, transportation modes, and the parties 

involved in the shipments. 
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2.1.3 Risk Identification in International Supply Chain 

Deloitte (2012) argues that analyzing the available information regarding the shipments can enhance the 

operational risk analysis. There are several possible ways to conduct this type of analysis, such as mining 

the cargo supply chain data, anomalies detection through learning from the past events and control 

results, advanced information extractions to enable customs documentary risk-based control, and 

predicting risks in terms of the potential losses and damages (European Commission, 2017a). This type of 

analysis is also beneficial since it can effectively tackle several issues altogether, such as compliance check, 

regulatory control, anti-smuggling controls, and security checks (European Commission, 2012).  

The vast amount of information available in the customs data can be very useful in this type of analysis 

since several possible use-cases can be built around it to identify risks. Various research has been 

conducted in data analysis area to support decision making in managing the global supply chain. Triepels 

et al. (2018) used cargo itinerary and trade shipments data on analyzing fraudulent transaction in the 

global supply chain. Triepels et al., (2018) found that identification of potential fraud shipments can be 

improved by using intelligent fraud detection system based on tracking the cargo itinerary.  Digiampietri 

& Roman (2008) built a visual anomaly detection system to compare the pattern of import transaction of 

companies by comparing the features of declared goods. The result of their research is an application that 

can be used to help customs officers to identify outliers, or suspicious operations, and product category 

in import and export. Wang & Song (2010) developed an association rule mining to distinguish the set of 

fraudulent and non-fraudulent declaration in shipping data. Having the ability to conduct such analysis is 

highly beneficial for customs in order to identify and prioritize risks in the international supply chain 

(Keyes, 2016).  

HS code is often used as the element in the risk identification in the international supply chain. In this 

review, we also found that the stakeholder involved in the shipments transactions may also be responsible 

for any risk associated with the international trade. However, risk analysis based on linking HS code and 

SIC code is still limited. The association between HS code and SIC code was often only used to conduct a 

descriptive analysis of import/export activity of trade lanes, not in terms of risk analysis or risk assessment 

in international shipping. 

2.1.4 Risk Assessment Technique 

Signaling theory can be used in the risk assessment analysis on solving information asymmetry problem 

between parties. Studies on signaling theory and risk assessment have been conducted in the various 

fields, such as management (Taj, 2016), business transactions (Collier & Hampshire, 2010) and healthcare 

(Hampshire, Hamill, Mariwah, Mwanga, & Amoako-Sakyi, 2017). Signaling theory investigates the 

behavior between two parties with different information availability (Connelly, Certo, Ireland, & Reutzel, 

2011). Information asymmetry in this sense can be best defined as the situation when different 

stakeholder knows different things (Connelly et al., 2011). Signaling theory consists of three essential 
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elements, such as signaler, signal and the receiver.  Signaler can be defined as an insider, or parties, who 

obtain information from the environment (Connelly et al., 2011). This information identified as useful 

information for the receiver, though the information can be both positive or negative. The signaler then 

can choose to communicate the information to the other party, namely the receiver. The form of 

information communicated to the receiver is described as a signal. The signal is the information cue that 

that sent by the signaler to the receiver in order to influence the desired outcome (Taj, 2016). In this case, 

the signaler usually sent out the positive signals to the receiver and kept the negative signal to avoid 

deliberately sending it out to the receiver. In the signaling theory, receivers described as an outsider who 

has information deficiency.  The receiver will then process the signal and decide the corresponding action. 

The primary objective of this signaling process is that the signaler would get benefit from the receiver 

action, such that the signal has a strategic effect (Taj, 2016). In some cases, inferior signaler can also falsify 

signals to the receivers to gain benefit from the receiver, in which the tendency of falsifying signals by the 

signaler can be measured by the signal honesty, defined as to which extent the signaler actually has 

underlying quality with the signal (Connelly et al., 2011).  

Based on these findings, we argued that signaling theory could also be implemented in the risk assessment 

in the international supply chain. There are several possible use-cases of risk assessment that can be 

conducted in the international trade. As we are interested in identifying the relationship between HS code 

and SIC code in the international supply chain setup, we may perceive the mapping between HS code and 

SIC code as the signaler, and the real situation in the trade data as the signal receiver. Any discrepancies 

between these two codes can be perceived as risks or anomalies in the supply chain. Moreover, it is also 

possible to conduct the analysis only based on the available data or customs documents for specific 

shipments. For example,  Jambeiro Filho & Wainer (2007) construct a list of possible HS code that can be 

traded from any countries in the world. In this sense, the real shipment data is regarded as signaller such 

that if there are any shipments of goods that do not belong to the list, it is perceived as a risk signal, and 

classified as potential fraudulent transactions.  

2.2 Trade Compliance in International Trade 

Compliance is the act of obeying the regulation and law within the specified area of practice (Mauermair, 

2013). In the essence of supply chain management, trade compliance is the process of ensuring that the 

movement of goods, material and money abides the regulation and law requirement in the countries 

along the supply chain (Dutch Institute for Advanced Logistics, 2012). Trade compliance regarded as one 

of the most critical measures for successful international trade activities (Mauermair, 2013), since it is not 

only related to how companies satisfying the regulations but also related to the logistic cost itself (Dutch 

Institute for Advanced Logistics, 2012). 

Compliance activities in international trade are mainly administered by the customs and border protection 

of the country. Customs and Border Protection plays one of the most vital roles in the global supply chain, 
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as they control and manage all goods and materials movement across the border. The role of customs in 

the current global supply chain can be distinguished into three core functions, such as duty collection, 

border protection and trade facilitation (Branch, 2008). Duty collection as the role of customs can be 

associated with the company responsibility to pay duties for the incoming and outgoing goods. Several 

mandatory duties that administered by customs are customs duty, excise duty, anti-dumping duty, 

countervailing duties, CAP levies, import VAT and compensatory interest. In terms of border protection, 

customs play its role in responding to the threat of product smuggling. In this sense, customs are liable to 

investigate the incoming and outgoing product across borders and make sure that the import/export 

transaction already fulfill the compliance requirement of the country. At last, customs also responsible 

for supporting the country economy by facilitating trade. Trade facilitation here defined as harmonization 

and simplification of rules to enable international trade (United Nations, 2002). In the EU Agreement, 

trade facilitation covers four different aspects, such as requirement simplification, improved customs 

operations, standardization and simplification of the customs documentation and application of customs 

modern techniques (European Commission, 2017b). 

Since the trade compliance is primarily administered by the customs of the respective country, the term 

trade compliance is often used interchangeably with customs compliance. Any party involved in the 

international trade should fully comply with the customs requirements and trade regulation in the 

respective country. Other than national trade regulation, international trade is also regulated by different 

level legal framework from the different scope, ranging from the international level, administered by the 

WCO and WTO, to Industrial level, which administered by the WTO and regional pact. In international 

level, WCO and WTO provide regulation and standards in commodity codification (HS code) and general 

contracting terms in the international trade (INCOTERMS). 

The main idea of trade compliance is creating trusted trade lanes in the supply chain, both from the origin 

and the destination side. Trusted trade lanes can be achieved by having clear visibility, credibility, 

reliability, and transparency that proportionally reflects the benefit of both parties (Arsyida, 2017). This 

initiative has become a challenge in the international supply chain since the trusted trade lanes could not 

be created when the involved parties are unknown (Veenstra, 2018). Therefore, proactive problem 

monitoring, transparent mitigating measures, standard operating procedures and most importantly, joint 

risks analysis in the supply chain is needed to build trust in the entire supply chain, both between the 

business to business and business to customs activities.  

2.3 Research on Examining the Relationship between HS code and SIC code 

The research in the harmonized system and the standard industrial code is mainly conducted as a form of 

analysing the linkage between international trade and domestic economic activity. This type of research 

has been done in the past by Revenga (1992), who analysed the industrial level data to identify the link 

between import competition and employment rate in the US. This research was later followed by Sachs, 
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Shatz, Deardorff, & Hall (1994) who analysed the impact of trade and jobs in US manufacturing. Both 

analyses have provided an adequate example for the researcher to study further about linking 

international trade with the domestic economic activity. Further study in linking the international trade 

and domestic economy was conducted by Bernard, Jensen, & Schott (2005). Bernard et al. (2005) explored 

the linkage between US international trade transaction and the longitudinal data of US enterprises to 

examine the characteristics of firm transactions in the US. In the study, they combined the international 

trade transaction with the firm-level data to understand how the international trade affect US economy, 

in terms of employment and job creation. This result of the analysis could give an insight about the 

international trade in terms of products volume, trade geo-spread, country characteristics, the 

concentration of trade across firms, and whether firms import as well as export (Bernard et al., 2005). 

Examining the relationship between the international trade and domestic economic activity can also be 

conducted differently by using the associated classification. Feenstra (1996) started the study in this area 

by corresponding the import based SIC to the domestic-based SIC. Import-based SIC is a standard 

industrial classification of imported goods that follows the 1972 SIC system (Abowd, 1991), while the 

domestic-based SIC is the general SIC code used in international trade since 1987. In this research, the 

analysis was not conducted in the basis of linking the commodity code (HS code) to the company SIC code, 

but more in a product level, because the import SIC was assigned directly to the product based on how it 

is manufactured. 

This research was then extended by Feenstra, Romalis, & Schott (2002) to develop a concordance that 

mapped HS code to 4-digit SIC codes by using the US Imports and Export data from 1989 to 2001. Feenstra 

et al. (2002) found that mapping the HS code to 4-digit SIC code was challenging since the reported trade 

did not always correspond to the domestic-based SIC code, but still follow the old classification system of 

import-based SIC and export-based SIC. In this project, Feenstra et al. (2002) addressed the limitation of 

his previous work by identifying the industry group of the product (HS code) first before developing a 

concordance between all 10-digit HS code and 4-digit SIC code.  In this way, all the HS code can be assigned 

to the all the 4-digit SIC code, and vice versa. 

Pierce & Schott (2012) extended the mapping from Feenstra et al. (2002) to both exports and imports 

trade data by creating a mapping that based on long time series dataset from 1989 to 2006. The mapping 

was extended by using a three-steps algorithm that previously developed by Feenstra et al. (2002). First, 

all ten-digit HS was examined by comparing it to the base-root mapping provided by US Census Bureau. 

Second, the list of HS code in 10-digit level was sorted, and the unassigned HS code was analyzed further 

by checking the preceding and succeeding mapping to the SIC code. If both preceding and succeeding 

mapping is assigned to the same SIC code, then the unassigned HS code was also associated with that SIC 

code. Third, a hand-matching procedure was conducted for the rest of the unassigned HS code. 
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Figure 3 High-level linkage diagram of International Trade and Domestic Economy Activity Dataset (Pierce & Schott, 2012) 

The output of this study has provided a concordance between the HS code and SIC code based on 

historical US trade data and US Company Census data. The result shows that the relationship between HS 

code and SIC code is m to n relationship, which means that one product (one HS code) can be associated 

with several SIC, and one industrial code (SIC) can be associated with several products as well (Pierce & 

Schott, 2012). Based on the available dataset, Pierce & Schott (2012) developed a concordance between 

HS code to 5 digits and 7 digits SIC code respectively. 

The limitation of their findings is that the mapping covers only a concordance between HS code to 

manufacturing SIC code (lower than SIC 4000). As export and import activities can also be conducted by 

service (non-manufacturing) industries (Breinlich & Criscuolo, 2011), the existing mapping does not cover 

the entire SICs available in practice. The trade data for years after 2006 was not considered in the mapping 

because there is a substantially high number of HS code that should be hand-matched, which make the 

mapping less reliable (Pierce & Schott, 2012). 

2.3 Research Gap and Relevance 

There are many aspects of risks identification in the global supply chain that can be further explored. In 

the previous section, we discussed the risk management perspective in the international trade area, trade 

compliance, and recent research on linking international trade with domestic economic activity. We found 

that the HS code and SIC code as two crucial code that widely used in the shipping setup, as HS code 

describes the commodity traded in the shipments, and SIC represents the business classification of the 

company. Although considerable research has attempted to identify the association between these code 

in shipping data, less attention has been paid to discover the role of commodity code (HS Code) and SIC 

code from risk management perspective. Existing research in this field are mainly discussed about the 

relationship between the importer/exporter with the commodities they traded, but it did not cover in-

depth analysis to the line of business, indicated by company SIC. The research on associating HS code and 

SIC code are mainly conducted in the form of descriptive analysis or network analysis on assessing country 

economic activity. The previous research which utilized HS code in anomaly detection in supply chain 

focused on establishing a link between commodity code and its country of origin or shipping route that 

indicated by the freight itinerary. 
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We found that the lack of studies in relating SIC code and HS code can be further explored. The research 

on associating SIC and HS code could be beneficial for different analysis use cases in international trade. 

Besides, Pierce & Schott (2012) suggested that such structure between HS and SIC enables researchers to 

conduct analysis in the international trade and domestic production data in lower aggregation level.  In 

this research, we argue that the association between SIC code and HS code could be used to improve the 

supply chain visibility from the risk management perspective.  Hence, additional studies on HS code and 

SIC code is vital to understand the appropriateness of using both codes to discover underlying risks in 

international trade.  

Recent research from Pierce & Schott (2012) can be used as a reference in this type of analysis, as they 

already developed a concordance between HS code and SIC code in international trade. The limitation of 

their findings is that the mappings are only applicable for mappings between HS code to manufacturing 

SIC code (lower than SIC 4000), and it is developed only based US trade data. Therefore, it is vital to 

develop this study further to address its limitation. More importantly, Pierce & Schott (2012) indicated 

that this set of concordance could allow researchers to conduct a more disaggregated analysis on 

matching the international trade and the domestic economic activity in other different use cases. In our 

case, we would like to assess whether the mapping can be used as a viable approach for the customs 

authority to enhance their risk management tools. By investigating the risk indicators in the international 

trade data based on the association between commodity code and industrial code, this research could 

extend the studies of international trade data in supply chain risk analysis and help customs to utilize its 

massive amount of data to automate its compliance procedure.  
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3. Evaluating the Mapping of Pierce & Schott (2012)  

This chapter focuses on evaluating how well the relationship between commodity code (HS code) and 

industrial code (SIC) is reflected in the international trade practice. In this chapter, we will evaluate the 

mapping by Pierce & Schott (2012) and assess its reliability based on the actual shipment data. From this 

point forward, this mapping will be referred to as “existing mapping”. Evaluating the existing mapping is 

essential to identify whether linking the SIC code and HS code can be used as a viable option to conduct a 

risk analysis in the international trade. Moreover, this step is also aimed to provide a thorough 

understanding of the plausible structure between the company industrial code and the commodity code. 

3.1 CRISP-DM Methodology 

The evaluation of the existing mapping will be conducted based on CRISP-DM methodology. In this 

chapter, the following tasks are conducted: business understanding, data understanding, data 

preparation, modeling, and evaluation. The business understanding phase conducted to understand the 

concept of HS code, the SIC, and the existing mapping. Next, data understanding phase will focus on the 

initial data collection and get familiar with the data (Wirth & Hipp, 2000), in order to identify the data 

availability  and possible analysis that can be conducted to solve the problem. The output of this process 

is a complete understanding of the dataset and selected main attributes that will be used to develop new 

mapping based on the shipping data. In the data preparation phase, the final dataset will be constructed 

by performing data cleaning and data transformation. The modeling phase is aimed to develop a data 

model to connect all the relevant information for the analysis. Last, the evaluation focuses on examining 

the result of the analysis and establishing a general conclusion about the existing mapping. 

3.2 Business Understanding 

This phase focuses on understanding the nature of the HS code, the SIC code and the existing mapping 

between both codes. In this phase, we discussed the description of each set and how to operationalize it 

in the research based on the research objective. 

3.2.1 HS Code 

HS code stands for Harmonization System code, which classifies a product in international trade based on 

its physical characteristics (Pierce & Schott, 2012). HS is a multipurpose goods nomenclature that used as 

the basis for customs tariffs. The HS system primarily contributes as a tool for customs and trade 

procedures for trade policies, monitoring controlled goods and customs tariffs for the government and 

industries (WCO, 2012). The harmonized system is logically formulated according to the economic activity 

of the product. Harmonized System divided into 21 sections which comprise 99 chapters to classify the 

product into more detail. In general, each section and chapters are arranged to describe the product based 

on its economic activity and the degree of manufacture. In each chapter, the HS code is organized within 
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a heading and subheading to describe the product in more detail, depending on the degree of 

manufacture and technological complexity. In 6-digit HS level, there are about 5300 products listed in the 

system, in which the first two digits represent the product chapter, the second two-digit represents the 

headings, and the last two digits represents the subheadings. The level of HS code can be expanded up to 

10 digits, in which each two-digits addition represents the level of detail of the goods description. HS code 

was widely used as a universal code to describe the commodities that contained in the shipments in the 

international trade. In this research, the HS code is derived from the shipping data, which will be described 

further in the next section. 

3.2.2 SIC Code 

SIC code, a standard industrial classification of economic activities (Companies House, 2015). SIC code 

classifies any business activities in a trade by incorporating its type of economic activities, as well as 

physical product characteristics of the industry itself (Pierce & Schott, 2012). In general, each company 

has at least one registered SIC, as this code is required documentation for company registration in 

Chamber of Commerce in its respective country. Different countries use different local codes to specify 

industries, for example, the SBI (Standaard Bedrijfsindeling) code is used in The Netherlands (Kamer van 

Koophandel, 2015). The SIC code offers a global coding system and is used broadly in the business 

environment whenever dealing with companies from more than one country. In this research, the 

company SIC code is derived from the company firmographic information provided by Dun & Bradstreet. 

3.2.3 Mapping between HS code and SIC (Existing Mapping) 

As previously discussed in Section 2.3 Research on Examining the Relationship between HS code and 

SIC code Pierce & Schott (2012) examined the relationship between HS code and SIC code in the US trade 

data to develop a standard HS code and SIC table based on historical US trade data and US Company 

Census data. The HS code in this analysis represents the goods listed in US trade, which was derived from 

the shipments data in the US trade, while the standard industrial code derived from the registered SIC of 

the companies involved in those shipments. The result shows that the relationship between HS code and 

SICs is m to n relationship, which means that one product (one HS code) can be associated with several 

SICs, and one industrial code (SIC) can be associated with several HS codes as well (Pierce & Schott, 2012). 

In this research, we used the mapping from Pierce & Schott (2012) to analyze the association between HS 

code and SIC code. The dimension of each classification in the mapping is reduced to 4-digit HS and 4-digit 

SIC to accommodate the data availability in this research. 

3.3 Data Understanding and Data Preparation 

This phase consists of two main tasks, data understanding and data preparation for evaluating the existing 

mapping. In the data understanding phase, the field description for the dataset and its corresponding 

information was created. Next, before formulating a data model for the analysis, it is essential to review 
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and transform all the available datasets to present it in the same form. In the data preparation phase, we 

did several tasks such as data cleaning and data transformation to ensure the data quality. The objective 

of this section is to get familiar with the dataset and to construct the final dataset that can be used to 

evaluate the existing mapping. 

3.3.1 Data Understanding 

The dataset for this project is derived from the shipping data between country X and continent Y in 2013. 

In conducting a thorough analysis of the shipping data, this dataset alone was not enough. As a result, it 

is equipped with two corresponding data, namely company firmographic data and the standard HS-SIC 

mapping table. The outline of the shipping data and the corresponding data is explained as follows: 

1. Shipping Data (refer to this dataset as Shipment dataset) 

The shipping data contains the shipping information derived from commercially available manifest 

data for a one-year period as the basis of this analysis. The manifest data provides details of each 

individual shipment (by sea) recorded during the period and includes data on the shipper, consignee 

and notify party companies for each shipment, as well as the description of goods shipped, total 

weight of shipments, and port of departure and arrival. In this case, the shipping dataset already 

enriched with the DUNS number to identify the company on both the exporter and the importer side.  

2. Company Firmographic Data (refer to this dataset as Company Information dataset) 

Company firmographic data is an individual firm level information that contains detailed company 

characteristics and business information. This dataset provides details about business name and 

address, national identification number, SIC, legal form, number of employees and others relevant 

firmographic information. This dataset is collected from Dun & Bradstreet company directory. 

3. HS to SIC mapping table (refer to this as Existing Mapping) 

As discussed in section 3.1.3, HS to SIC mapping contains a detailed mapping between HS code and 

SIC of companies based on research from Pierce & Schott (2012). The existing mapping only 

demonstrates the association from HS code to the manufacturing/production SICs (below 4000). 

3.3.2 Data Cleaning 

The data cleaning process includes the treatment of missing and incomplete data. As the objective of this 

analysis is evaluating the current mapping, Company ID and HS code become the critical component in 

the analysis. Company ID in the shipping set corresponds to the company firmographic dataset, such that 

linking those two datasets based on the company ID can provide information regarding the SIC of 

companies involved in the shipment. The shipping dataset was already enriched with two different 

company ID, which represents the shipper company ID and the consignee company ID. Both company IDs 

are represented by the DUNS number and listed as SHIPPER DUNS and CONSIGNEE DUNS in the sets (See 

Appendix A). DUNS Number stands for Data Universal Numbering System, a proprietary D&B nine-digit 
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identification for business entities, which has been used as standard business identification number 

worldwide (D&B, 2013). 

In this case, impute missing data treatment is not applicable since both the critical variables of the analysis 

cannot be predicted based on the value of another variable. Therefore, if there is any missing value in this 

three field: HS code, Shipper DUNS and Consignee DUNS, the corresponding shipment is removed from 

the dataset. Elimination of missing data has reduced the number of data available in the shipping data for 

the analysis, from 821,198 shipments available in the raw shipping dataset to 628,996 shipments after 

eliminating the missing records.  

3.3.3 Data Transformation 

HS code transformation 

In the beginning, we first analyzed the consistency of available HS code in each dataset. In those datasets 

(shipment dataset, company information dataset and existing mapping), shipping dataset and the existing 

mapping both contain an HS code field in it. The examination of the shipping dataset and existing mapping 

dataset shows that each set contains a different detail level of HS code. For example, in the mapping set, 

the detail level is available up to 10 digits HS code, while in the shipping dataset, 77% of the HS code is 

only available in 4-digit level. Since eventually both of this code should be linked together to evaluate the 

HS to SIC mapping, we only selected the first 4-digit of the HS codes. Therefore, all the HS code available 

in both mapping sets and shipping data set will be transformed into 4-digit level to create a concordance 

between both sets and to maximize the number of data available for the analysis. The transformation is 

conducted by using the formula: 

𝐻𝑆 𝐶𝑜𝑑𝑒𝑛𝑒𝑤  =  𝑙𝑒𝑓𝑡 (𝐻𝑆 𝐶𝑜𝑑𝑒𝑜𝑙𝑑, 4) 

The alteration of HS code has reduced the dimension of both sets. The initial mapping set contains 13506 

rows of data, with 11497 unique HS code values with various detail level. After data transformation, the 

dimension is reduced to 2456 rows of data, with 1256 unique HS code values. The dimension of the HS 

code reduced sharply in the dataset because we only consider 4-digit level HS code in the dataset, instead 

of 10-digit, to accommodate the available HS code in the shipping data. Therefore, after the data 

transformation was performed, the existing mapping set contains a lot of duplicated HS to SIC mapping, 

which then removed to avoid confusion.  For the shipping dataset, at first, it contains 21122 unique HS 

code value with different detail level, ranging from 4-digit level to 10-digit level. After data transformation 

procedure, the set contains 1206 unique HS code in 4-digit detail level. Table 2 shows a sample result of 

data transformation on the HS code in the shipping dataset. 
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Table 4 The effect of HS Code Alteration 

HS_CODE OLD HS CODE NEW 

010113 0101 

010213 0102 

010290 0102 

010320 0103 

010320 0103 

 

3.4 Modelling and Analysis 

In this section, we discussed the data model and analysis result on evaluating the HS to SIC mapping in 

shipping data. The first step in this phase is building a data model that represents the connection between 

the datasets used in the analysis. The data model was formulated to show how the full dataset 

constructed to obtain the complete view of shipments data which has been enriched with the shipper and 

consignee company information. In the latter part of this section, several analyses will be conducted to 

gather insights regarding the performance of the current mapping in the actual shipment data. 

3.4.1 Data Modelling 

As described in the previous section, HS code and Company ID play a significant role in this analysis. The 

company ID (Shipper DUNS and Consignee DUNS) in the shipment data has been matched with the 

business record provided in the company firmographic data. The cardinality of the relationship between 

the company ID in the shipping dataset and the company ID in the company firmographic data can be 

viewed as a many to one relationship since an individual shipper/consignee can make multiple shipments 

in the reporting period. The company ID in the company firmographic dataset, however, can appear in 

both Shipper DUNS and Consignee DUNS, since a company can act both as a shipper and a consignee in 

the actual shipment data. The relationship between the two tables is shown in Figure 4. 

 

Figure 4 Data Model on Linking the Shipping Data with Company Firmographic Data 
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The relationship between HS code and SIC as we may find in the mapping set is many to many because 

one HS code can be mapped into several SIC, and one SIC can be mapped into several HS codes. However, 

this relationship is not apparent in the data model as shown in Figure 4 since the mapping set in this case 

is only used as a comparison, not directly involved in constructing the full dataset.  

3.4.2 Initial Data Analysis 

The first part of the analysis discovered preliminary insights from the raw shipment data. In this analysis, 

we distinguished the shipments from manufacturing and non-manufacturing companies based on their 

SIC codes to see the proportion of each category. As depicted in Figure 5, the shipments by consignee 

DUNS was indicated by “import”, while the shipments for shipper duns indicated by “export” in the Y axis. 

The analysis was conducted based on the number of shipments and the total shipment value of each 

category, as can be seen in Figure 5. 

 

Figure 5 Preliminary Analysis Result for Manufacturing and Non-Manufacturing Companies 

Based on the result in Figure 5, it can be concluded that export shipments are primarily dominated by 

manufacturing companies, capitalizing around two-thirds of total shipments in the export side, while non-

manufacturing companies have slightly more shipments in the import side. If we consider the total 

shipment value, the total shipment value of non-manufacturing companies is slightly less than the one 

from manufacturing companies, with a higher number of shipments. As we are interested in evaluating 

the mapping from HS code to SIC and derive insights from it, the result of this preliminary analysis shows 

that this shipment dataset is suitable for evaluating the existing mapping. We observed that the shipments 

in this dataset are dominated by manufacturing companies which is aligned with the SIC codes that 

provided by the existing mapping. 
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3.4.3 Data Analysis on Manufacturing Companies 

Base Company SIC Analysis 

After conducting a preliminary analysis of the dataset, the main analysis directed toward examining the 

existing mapping in the shipment dataset. However, since the existing mapping can only provide the 

mapping to manufacturing SIC code, the evaluation is only conducted to the shipments from 

manufacturing companies. The evaluation is conducted by examining the HS code of each shipment in the 

dataset, by comparing the SIC of shipper or consignee, with the corresponding SIC according to the “HS 

to SIC mapping” table. The analysis was conducted in a Business Intelligence software product, Qlik, by 

using the following formula: 

𝑀𝑎𝑡𝑐ℎ𝑖𝑛𝑔 𝐹𝑙𝑎𝑔

= 𝑝𝑖𝑐𝑘 (𝑤𝑖𝑙𝑑𝑚𝑎𝑡𝑐ℎ ([𝑆𝐼𝐶 𝐶𝑜𝑑𝑒 𝑀𝑎𝑝𝑝𝑖𝑛𝑔], [𝑈𝑆 1987 𝑆𝐼𝐶 1], [𝑈𝑆 1987 𝑆𝐼𝐶 2],

[𝑈𝑆 1987 𝑆𝐼𝐶 3], [𝑈𝑆 1987 𝑆𝐼𝐶 4], [𝑈𝑆 1987 𝑆𝐼𝐶 5], [𝑈𝑆 1987 𝑆𝐼𝐶 6]), 1,1,1,1,1,1)   

Basically, the formula above was used to put the flag on the dataset, such that if there is a match between 

the shipper/consignee SIC and the corresponding SIC according to the mapping, it will be labelled with 1. 

Matching, in this case, means that for any shipment with an HS code, there exists at least one company 

SIC that correctly listed in the corresponding HS to SIC mapping. Table 3 depicts a sample result of 

matching flag analysis. 

Table 5 Sample Result of HS to SIC Matching Procedure 

No  DUNS Number HS Code Mapping 

SIC 

SIC 1 SIC 2 SIC 3 SIC 4 SIC 5 SIC 6 Matching Flag 

1 XYZ0355 9018 3845 2844 - - - - - - 

2 XYZ1478 5503 2824 2231 2297 - - - - - 

3 XYZ3268 8481 3494 3491 3494 - - - - 1 

4 XYZ3268 6217 2369 3491 3494 - - - - - 

5 XYZ6360 4802 2621 2621 3053 2297 - - - 1 

6 XYZ6378 4811 2621 2621 - - - - - 1 

7 XYZ0826 8481 3432 3494 3432 - - - - 1 

 

As can be seen table 3, the matching flag is labelled with 1 if there is at least one company SIC that 

corresponds to the mapping SIC. A good example can be seen in the table with DUNS XYZ3268. This 

company shipped two different HS code, namely 8481 and 6217. In row 3, the matching flag marked as 1, 

since the SIC 2 is matched with the mapping SIC. However, in row 4, we found that the matching flag 

marked as “- “, because there is no correct match between the company SIC and the mapping SIC for the 

shipment of HS code 6217. 
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After defining the matching flag in the dataset, the next step is to decide which measurement value to be 

used in the evaluation. The result of the analysis enabled us to have three different relevant measurement 

value that can be used for evaluation, namely the number of shipments, total shipment value and the 

total weight of the shipment. In this analysis, each measure is aggregated based on the HS code, not by 

individual companies. The number of shipments measured the number of shipments that have correctly 

matched SIC in the dataset. The total shipment value aggregates the shipment value based on the 

matched SIC, while the total shipment weight aggregates the shipment weight by its HS code. 

Although all the result from each measurement variable will be shown in the analysis, the number of 

shipment will be used as the primary measurement variable, instead of total weight or total value, to 

avoid getting a misleading conclusion. In the number of shipment, each matching record counted as 1 

since it came from one shipment. In contrast, using shipment value may give a misleading result, since 

each matching record can have different value depending on the shipments itself, such that one matching 

record can be valued 100k, while the other valued 10K. The same goes for the shipment weights since one 

matching records can have 10ton of weight, while the other matching records can have only 0.1ton, which 

may cause an imbalance calculation issue in the analysis. Therefore, we decided to use number of 

shipment as the primary measure to assess the performance of the existing mapping. The result of the 

analysis on the export side (shipper) can be seen in Table 6. 

Table 6 Matching Result of Company SIC on Export Side (Manufacturing Companies) 

Category 

  

Percentage of 
Match 

Number of Shipments 50.97% 

Value of Goods 49.82% 

Weight of Goods 59.80% 

The same examination is also conducted on the import side (consignee). The result can be seen in Table 

7. With the same dataset, match percentage in terms of number of shipment is lower than the export 

side, with only 39.65% matching. This result is expected since we know that the number of import 

shipments conducted by manufacturing companies is substantially lower than the exports from 

manufacturing companies. An interesting finding that can be seen from the result is that although the 

matching result in terms of number of shipment is only around 40%, the matching percentage in the value 

of goods is 62%, which indicates that most of the shipments of valuable goods can be mapped in the HS 

to SIC mapping.  
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Table 7 Matching Result of Company SIC on Import Side (Manufacturing Companies) 

Category 

  
Percentage of 
Match 

Number of shipments 39.65% 

Value of Goods 62.36% 

Weight of Goods 38.48% 

 

Addition of Dominant SIC 

In the previous analysis, we found that around 51% of shipments can be matched according to the HS to 

SIC mapping. As we perceived that any shipments that cannot correctly map by the HS to SIC mapping as 

a potential risk indicator, this result leaves a big question mark on the rest of the dataset (49%), whether 

the rest of “not mapped” shipments can be considered as potentially risky shipment, or it is just simply 

not covered by the mapping. Therefore, we conducted further analysis on the dataset by considering the 

corporate linkage of the company in the analysis.  

The dominant SIC of the parent company will be included to extend the analysis. Dominant SIC is the most 

common SIC that can be found within a family structure of a company. We used two dominant SIC codes 

in the analysis: (1) the dominant SIC code among all the entities that fall under the domestic ultimate 

parent company of the shipper/consignee and (2) the dominant SIC code among all the entities that fall 

under the global ultimate parent company of the shipper/consignee. Domestic ultimate parent (DUP) 

company is the company that has the highest hierarchy in the family structure within a specific country, 

while the global ultimate parent company (GUP) is the company in the highest hierarchy in the global 

level. In most cases, the DUP and GUP have two dominant SICs recorded in the database, which will be 

used in the analysis in the next section.  

Table 8 Sample Company Records in addition with the Dominant SIC 

Company 
Line of Business 

Company SIC DUP Dominant  GUP Dominant  

SIC 1 SIC 2 SIC 3 SIC 4 DD SIC 1 DD SIC 2 GD SIC 1 GD SIC 2 

XYZ Plastics materials … 5162 - - - 2821 2865 2821 2865 

ABC Agricultural chemicals… 2879 2899 2999 - 7389 5169 5169 2819 

The sample records can be seen in Table 8. In Table 8, we can see that by adding the dominant SIC code, 

we can have more information about the business activity of the company, which in turn can be helpful 

for assessing the association between its SIC code and the HS code. Before adding the dominant SIC, we 

can only associate one SIC code for company XYZ, and three SIC codes for company ABC. By adding the 

dominant SIC, the number of associated SIC code to company XYZ and ABC is increased to three SIC code 

and five SIC code respectively. Adding the dominant SIC is also helpful to analyze the shipments from the 

company with non-manufacturing SIC, which are not covered in the existing mapping. For example, for 

company XYZ, the assessment could not be conducted if we only use the company SIC because the 
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company SIC belongs to the non-manufacturing group. By adding both domestic dominant and global 

dominant, we can find the manufacturing SIC code that can be associated with the company business 

activity. Another critical reason to use the dominant SIC codes is that sometimes we found the SIC code 

of the company is too specific. For example, if a manufacturing company has a separate logistics unit, the 

shipments might be conducted under this logistic entity, which might have irrelevant SIC if we associate 

it to the HS code. This kind of event can be resolved by adding the dominant SIC code into the analysis.  

A similar procedure is applied on dominant SIC to evaluate how well the mapping could be used as risk 

indicator in actual shipping data. As now we have maximum ten different SIC corresponds to a shipment, 

the analysis was also extended to examine all the available SICs for each shipment. These ten SIC codes 

consist of maximum six company SIC, two domestic dominant SIC and two global dominant SIC. This 

analysis is labelled in the “best case” field in table 6, which represents how well the mapping works if we 

incorporate all the available SICs together in the analysis. The evaluation of this section will be focused on 

four categories as follows: 

1. Company SIC: Standard Industrial Classification of the company based on company firmographic 

data, can be consist of at least 1 SIC to maximum 6 SIC. 

2. Domestic Dominant SIC: the most common or most dominant SIC of the company within its family 

structure in a specific country. Can consist of maximum 2 SICs. 

3. Global Dominant SIC: the most common or most dominant SIC of the company within its family 

structure on a global level. Can consist of maximum 2 SICs. 

4. Best case: combining all available SIC code from a different category (company SIC, domestic 

dominant and global dominant) for the analysis. Can consist of maximum 10 SICs. 

Table 9 Full Matching Result on Export Side (Manufacturing Companies) 

Category 

Percentage of Match 

Company SIC 

Domestic Dominant 
SIC Code 

Global 
Dominant SIC Best Case 

Number of shipments 50.97% 33.12% 32.86% 57.08% 

Value of Goods 49.82% 37.56% 36.24% 54.78% 

Weight of Goods 59.80% 33.34% 40.65% 69.06% 

The result of the analysis on the export side can be seen in Table 6. the percentage of correct mapping 

based on the number of shipments is increased, from around 51% on company SIC level, to 57% if we 

incorporate the domestic and global dominant SIC code. However, if we only use the dominant SIC code, 

without incorporating the company SIC itself, the result is lower compared to the first analysis, with only 

33% matching records compared to 51% in the company SIC level. 

On the import side, the result of the matching analysis shows that in the best case, the matching can be 

increased to around 45%. It follows the same pattern as the export side analysis, since the result from 
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domestic dominant and global dominant SIC is lower than only using company SIC. However, in the best-

case result, there is a significant difference between matched percentage in the number of shipment 

compared to both percentages in value and weight. This result indicates that most of the shipments of 

valuable goods and heavy goods can be matched adequately by the HS to SIC mapping.  

Table 10 Full Matching Result on Import Side (Manufacturing Companies) 

Category 

Percentage of Match 

Company SIC 
Domestic Dominant 

SIC Code 
Global 

Dominant SIC Best Case 

Number of shipments 39.65% 27.96% 25.46% 44.93% 

Value of Goods 62.36% 60.58% 59.06% 69.02% 

Weight of Goods 38.48% 42.92% 45.24% 70.83% 

 

Examining the Aggregation of SIC 

After conducting several analyses on the shipping dataset, we found that adding a dominant SIC code can 

increase the matching percentage, although it is only able to increase the matching to 57%. Additional 

analysis is conducted by analyzing different aggregation level of the SIC. This analysis is conducted because 

we argued that the current SIC code mapping might be too detailed, such that the mapping result is lower 

than expected in higher detail level. Moreover, the SIC listed in the company firmographic data might also 

be incorrect in a certain level, which makes it cannot be mapped correctly according to the mapping. Table 

8 shows the sample matching result in different SIC detail level for HS code 2001. 

Table 11 Sample Matching Result on different SIC level for HS Code 2001 

HS Code 1-digit Match 2-digit Match 3-digit Match 4-digit Match 

2001 99.64% 99.64% 88.00% 12.00% 

For HS Code 2001, in four digits SIC analysis, the analysis could only find 33 correctly matched shipments, 

out of 275 shipments available. However, in the lower SIC detail level, the percentage of correctly matched 

records increased to 88% in 3-digit SIC level and almost completely matched to all records in 2-digit and 

1-digit level respectively. The conclusions of this finding are two folds. First, this finding can indicate that 

there might be some mismatch on the disaggregation procedure on each detail level of SIC. Second, it 

may also indicate that most companies that conducted shipment in HS 2001 did not register the right SIC 

code for their business. Since the second conclusion is out of the scope of analysis, it is not considered in 

this research. Therefore, the analysis is focused on identifying where the mismatch between HS code and 

SIC code often occurs on different SIC aggregation level. 
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Table 12 Matching Records Proportion on different SIC aggregation level (Export Side) 

Category 

Percentage of Match 

1-digit 2-digits 3-digits 4-digits 

Number of shipment 93.35% 77.75% 62.70% 50.97% 

Value of Goods 87.52% 70.34% 58.08% 49.82% 

Weight of Goods 94.31% 88.00% 78.53% 59.80% 

Table 12 depicts the matching percentage in different SIC aggregation level. The result shows that in the 

industry division level (1-digit level), the HS to SIC mapping can correctly match 93% of the shipments to 

its respective industry. This means that 93% of the shipments in the dataset came from the right industry 

division according to the mapping. The result also shows a decreasing matching percentage in each SIC 

detail level, from around 93% in 1-digit level to 51% of shipments in 4-digit level. This indicates a possible 

mismatch in the SIC code disaggregation from 1-digit SIC level to 4-digit SIC level. As can be seen in Table 

12, we can conclude that the HS code is already assigned to the correct SIC industry group (as identified 

by 1 digit SIC), however, as we go further to a more detailed level of SIC, we found that the correctly 

matched HS to SIC association is decreasing. The difference of matching percentage was around 14% on 

average, and the highest discrepancy can be found in the aggregation from 3-digits SIC to 2-digits SIC level. 

The same conclusion can also be drawn on the import side since it follows the same behavior as a result 

of export side analysis. However, the gap between 2-digits level and 1-digit level is more significant 

compared to the export side, meaning that on the import side, the problem might occur on the 

disaggregation from 1-digit SIC level to 2-digits SIC. 

Table 13 Matching Records Proportion on different SIC aggregation level (Import Side) 

Category 

Percentage of Match 

4-digits 3-digits 2-digits 1 digit 

Number of shipment 39.65% 46.94% 62.16% 87.65% 

Value of Goods 62.36% 65.81% 76.56% 88.33% 

Weight of Goods 38.48% 43.47% 70.14% 90.58% 

 

3.4.4 Data Analysis on Non-Manufacturing Companies 

In the beginning, it is not possible to evaluate the mapping on non-manufacturing companies, since the 

existing mapping only covers mapping between HS code to manufacturing SIC. However, by considering 

the dominant SIC code of companies, it is possible to conduct such analysis for non-manufacturing 

companies. In this section, the analysis is focused on evaluating the matching percentage on the domestic 

dominant SIC, global dominant SIC and best case since mapping it directly to the company SIC itself is not 
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supported by the mapping. The result of the analysis for both the export side and import side can be seen 

in Table 14 and Table 15.  

Table 14 Full Matching Result on Export Side (Non-Manufacturing Companies) 

Category 

Percentage of Match 

Company SIC 
Domestic Dominant 

SIC Code 
Global Dominant 

SIC Best Case 

Number of shipments 0.00% 12.47% 16.37% 19.94% 

Value of Goods 0.00% 2.79% 5.50% 6.40% 

Weight of Goods 0.00% 12.81% 26.81% 28.23% 

Based on Table 14 and Table 15, adding the domestic dominant and global dominant SIC code can increase 

the matching visibility to up to 20% in the export side, and 11% in import side. This matching result is still 

considered low, considering we can only match around 20% of the shipments on both export and import 

based on the number of shipments. However, this result is also expected, since the non-manufacturing 

SIC is not provided in the existing mapping, which makes it infeasible for us to have a good matching 

result. Both results from the export and import side show a low matching rate because it only depends on 

the dominant SIC of the companies, while not all companies listed in the dataset have corporate linkages. 

Many shippers and consignees are small companies without a known parent company or a larger family 

tree. If a company does not have a corporate linkage, it has neither domestic ultimate parent nor global 

ultimate parent thus it is not possible to derive dominant SIC for the company. 

Table 15 Full Matching Result on Import Side (Non-Manufacturing Companies) 

Category 

Percentage of Match 

Company SIC 
Domestic Dominant 

SIC Code Global Dominant SIC Best Case 

Number of shipments 0.00% 4.73% 10.41% 11.23% 

Value of Goods 0.00% 14.61% 29.73% 30.79% 

Weight of Goods 0.00% 7.38% 33.18% 35.28% 

 

3.4.5 Mapping Evaluation  

After conducting analysis on both manufacturing and non-manufacturing companies, the evaluation 

results will be used to make a general conclusion of the mapping according to the HS codes. The objective 

of this analysis is to identify on which cases the mapping can be used as an appropriate tool, and vice 

versa. In this evaluation, each HS code will be divided into five categories with respect to the percentage 

of matching records for each HS code in the analysis. This typology is developed by assessing the 

percentage of matching records of each shipment conducted by both manufacturing and non-

manufacturing companies. The categories are listed as follows: 

1. HS Code that is strongly associated with manufacturing SIC 
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This category is designed for the HS code which has a significantly higher number (more than 50%) of 

shipments that matched to manufacturing SIC, compared to the shipments from non-manufacturing 

companies. In this case, the mapping is considered suitable to be used for the specified HS code. 

2. HS Code that is associated with manufacturing SIC (with lower confidence) 

This category is designed for the HS code which has 25% higher matching percentage to 

manufacturing SIC compared to non-manufacturing SIC, yet lower than 50%. In this case, the mapping 

is considered suitable to be used for the specified HS code, but with a lower confidence level 

compared to the first category. 

3. HS Code that is strongly associated with non-manufacturing SIC 

This category is designed for the HS code which has a significantly higher number (more than 50%) of 

shipments that came from companies with non-manufacturing SIC, compared to the shipments that 

can be matched to manufacturing SIC. In this case, the mapping is considered not suitable to be used 

for the specified HS code (because it does not cover the non-manufacturing industries). 

4. HS Code that is associated with non-manufacturing SIC (with lower confidence) 

This category is designed for the HS code which has 25% higher matching percentage to 

manufacturing SIC compared to non-manufacturing SIC, yet lower than 50%. In this case, the mapping 

is considered not suitable to be used for the specified HS code, but the confidence level is lower than 

the one from the third category. 

5. HS code that is associated with both Manufacturing and non-manufacturing SIC 

This category is for the inconclusive HS code, in which we cannot specify whether using the mapping 

is suitable or not for the HS code. The HS code in this category either have a limited number of 

shipments in the dataset or associated with both manufacturing and non-manufacturing in about the 

same percentage, such that no conclusion can be derived on the analysis. Any HS code which has 

shipments lower than 15 is assigned to this category. 

In the categories, we divided the conclusion into high confidence and low confidence for both 

manufacturing and non-manufacturing SIC. “High confidence” indicates that the respective HS code is 

strongly associated with one of the SIC types. On the other hand, “low confidence” indicates that the HS 

code can be associated with both manufacturing and non-manufacturing SIC, but the association is 

stronger to one of the SIC type. For example, the shipments for HS 0303 can be associated with both 

manufacturing SIC (around 50% shipments matched) and non-manufacturing SIC (around 25% shipments 

were conducted by the non-manufacturing company), however, this HS code is placed on the second 

category because the matching percentage of manufacturing SIC is higher. 
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Table 16 Mapping Conclusion for Export 

Category Nr of HS Code 

no conclusion 428 

Do not Use Mapping 75 

Do not Use Mapping (Low Confidence) 123 

Use Mappings 455 

Use Mappings (Low Confidence) 125 

Total HS Code 1206 

 

Table 16 shows the evaluation result for the HS code based on the shippers SIC (export side analysis). Out 

of 1206 HS code listed in the shipping dataset, 552 HS code can be mapped to its respective SIC code, as 

indicated with the “use mappings” category, including the low confidence, in Table 16. This result might 

be influenced by the high proportion of manufacturing companies that acts as shipper/exporter in the 

international trade. For 445 HS codes, a strong correlation exists between HS codes and 4-digit SIC codes. 

This finding can give an indication of risky shipments in the international trade, because for all HS codes 

in this category, if such a correlation does not exist, i.e., the shipper SIC does not reflect the SICs listed on 

the mapping, the shipment can be considered as an anomaly and need further inspection by the customs. 

Table 17 Mapping Conclusion for Import 

Category Nr of HS Code 

no conclusion 426 

Do not Use Mappings 336 

Do not Use Mappings (Low Confidence) 249 

Use Mappings 109 

Use Mappings (Low Confidence) 86 

Total HS Code 1206 

Based on the result in Table 17, the mapping is only suitable for 219 HS code out of 1206, much lower 

than the result from the export side. The mapping is also not suitable to be used on 63% of the HS code 

in the consignee side, as shown by the number of HS code placed in the non-manufacturing and non-

manufacturing low confidence category. This might be caused by the nature of consignee/importers from 

on the data itself since most of the consignee in the dataset are not a manufacturing company. Thus, the 

mapping is not suitable for these cases.  

3.5 Conclusion 

The aim of this chapter is to evaluate how the HS to SIC mapping by Pierce & Schott (2012) reflects the 

situation in the actual shipping data. The study focused on examining the mapping on manufacturing 

companies, since conducting this type of analysis on non-manufacturing is not feasible. However, after 
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adding the dominant SIC of companies based on the corporate linkage, the non-manufacturing companies 

can be partially analyzed in this section.  

The initial analysis is conducted on the raw dataset to gain initial insights and get familiar with the data. 

Based on the initial analysis, it can be concluded that most of the exporters/shippers in the dataset are 

manufacturing companies, while most of the importers/consignees are non-manufacturing companies. It 

is also found that the manufacturing companies tend to import valuable goods to the country, as indicated 

in Figure 5. The analysis on HS to SIC mapping suggested that it is most suitable for the exporter (shipper) 

side, rather than importer (consignee) because the exporters are mainly dominated by manufacturing 

companies. By setting 80% matching as a confidence threshold for correlating the HS code with its SIC, we 

found that 2/3 of total HS code can be strongly correlated with its respective SIC on the mapping, but only 

in 1-digit level. Around 1/3 of the total HS code available in the dataset can be considered as strongly 

correlated in 2-digits SIC level.  

The result shows that verification of the plausibility of any HS code shipments and its respective 

exporter/importer can be done with very high confidence in 1-digit SIC code (economy division level). In 

most cases, 2-digit company SIC (major industry group level) can give an indication about the plausibility 

of HS shipment, although the confidence is lower than linking it to 1-digit SIC code. In some cases, using 

the mapping between HS and SIC is not recommended because the transaction of some HS codes is usually 

conducted by non-manufacturing companies, which is not covered by the existing mapping. 

Adding dominant SIC code to the analysis is indeed helpful to evaluate the mapping in the actual shipment 

data. The reason is that in some cases, companies do their trade transactions or shipments by using their 

subsidiary, which has completely different SIC and line of business than the parent company. Dominant 

SIC addresses this issue by expanding the analysis with most common SIC code in the family tree of the 

company. However, in conducting this type of analysis, the dominant SIC should always be supplemented 

by its company SIC itself, because dominant SIC might only cover the general SIC within the business (e.g. 

a holding company). In conclusion, dominant SIC is indeed helpful for the analysis, if it is not used for a 

standalone analysis but used altogether with the company SICs to form a “best case” analysis as described 

in the previous section.  
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4. Developing a new Mapping for HS and SIC 

As discussed in chapter 3, we found that the existing mapping can always be used with high confidence in 

two digits SIC codes level. In the evaluation, we also have identified the confidence level of using the 

mapping for each HS code. We also found that the existing mapping can help us find associated SIC with 

an adequate confidence level for at least 50% of the HS code in the export side of analysis, but only around 

20% of the HS code in the import side of the analysis. Based on the evaluation result, we identified that 

the existing mapping has two shortcomings. First, we argued that the existing mapping is incomplete since 

the existing mapping is only available for manufacturing SIC. Second, since the mapping was build based 

on specific trade data, we might also find a bias effect in the matching result, such that the existing 

mapping can work best if implemented in specific trade lane, but not in another trade lane. In this 

research, we would like to complement the existing mapping by extending it to the non-manufacturing 

SIC code and develop a new mapping for HS code to manufacturing SIC codes to resolve the shortcomings 

of the existing mapping based on trade data from multiple trade lanes. 

In this chapter, the discussion is mainly directed towards how to build a new mapping that can cover both 

manufacturing and non-manufacturing SICs. First, we discussed association rule mining (Agrawal & 

Srikant, 1994), which will be used as the primary methodology to develop the mapping. The association 

rules will generate rules based on the shipments on the dataset, and then the strong rules will then be 

converted into a mapping between HS and SIC code. In this section, the interestingness measure to select 

the association rules were also discussed. The experiment dataset was derived from shipping data from 

various trade lanes to prevent such a biased mapping result. By combining datasets from different trade 

lanes, we argued that the new mapping result would be able to provide a non-biased mapping that can 

be implemented in any trade lanes. The experiment was implemented by using R scripting language, using 

package arules. 

4.1 Association Rule Mining 

4.1.1 Definition 

Association rules or frequent pattern mining were first introduced by Agrawal & Srikant (1994) to group 

items that often occur together. This technique enables the discovery of interesting correlations among 

items in large datasets (Han, Micheline, & Jian, 2012). The objective of this technique is to discover 

association relationship among items based on specific interestingness measure. This type of analysis is 

usually seen as if-then analysis to extract interesting patterns from the dataset. The most common 

application of this analysis is market basket analysis, e.g., if a customer buys milk, then she will also buy 

cheese. This kind of information is then used to support decision making in the domain of knowledge, for 

example, in market basket analysis, this information can be useful to on product bundling decision, or also 

store layout designs (Agrawal & Srikant, 1994).  
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As cited from the formal definition of the association rule mining can be defined as follows (Agrawal & 

Srikant, 1994; Zhang, 2016) : 

Let 𝐷 be a transaction table and Γ is an itemset, in which for each transaction 𝑇 in dataset 𝐷  corresponds 

to the itemset Γ = { 𝐼1, 𝐼2, … , 𝐼𝑚} such that 𝑇 ⊆  Γ. Transaction 𝑇 supports an itemset 𝑥 ∈ Γ, if 𝑥 can be 

found in  𝑇. Further, let 𝑋 be a one item 𝑥, or a set of items {𝑥𝑚, … , 𝑥𝑛}, where 𝑥𝑚, … , 𝑥𝑛  ∈ Γ, transaction 

T supports an itemset 𝑋 ⊆  Γ if T supports every item in 𝑥 ∈ 𝑋. 

For 𝑋, 𝑌 ⊂  𝛤, 𝑎𝑛𝑑 𝑋 ⋂ 𝑌 = ∅, an association rule can be defined in the form 𝑋 → 𝑌 if both support and 

confidence of the rule is defined. The rule (𝑋 → 𝑌) has support (σ) in the transactions set 𝐷 that denoted 

by, 

𝜎(𝑋 → 𝑌) = 𝑃 (𝑋 ⋃ 𝑌) 

The confidence (ϕ) of rule (𝑋 → 𝑌) can be written in the equation based on the support of 𝑋 and 𝑋 ⋃ 𝑌, 

as can be seen in equation xx, 

𝜑(𝑋 → 𝑌) =
σ(𝑋 → 𝑌)

σ (𝑋)
=  

𝑃 (𝑋 ⋃ 𝑌)

𝑃 (𝑋)
 

In other words, Support (σ) measures how frequent the itemset appears in the dataset and represent the 

significance of an association rule (Steinbach, Kumar, & Tan (2005); Tan, Kumar, & Srivastava (2004)). On 

the other hand, confidence (ϕ) determines how frequently items in 𝑌 appears in the transactions that 

contain 𝑋. Confidence can also be defined as a measure to calculate the conditional probability 𝑌 given 𝑋 

(Han et al., 2012). Both measures are important in the association rule mining to exclude the rules that 

appears only by chance (Steinbach et al., 2005). 

Strong association rules are defined as rules that satisfy both minimum support (𝜎𝑚𝑖𝑛) and minimum 

confidence (𝜑𝑚𝑖𝑛) of all the generated rules (Han et al., 2012). Both minimum support and minimum 

confidence are used as a threshold to exclude the generated rules that have support or confidence value 

lower than the specified value. In this technique, each domain knowledge may require different threshold 

value, so the user and experts need to set the threshold themselves to find strong association rules that 

satisfies to both minimum confidence and minimum support threshold (Zhang, 2016).  

4.1.2 Apriori Algorithm 

Apriori algorithm  (Agrawal & Srikant, 1994) is commonly used to solve the association rule mining 

problem. Agrawal & Srikant (1994) introduced an apriori algorithm based on a primary rule: any itemset, 

denoted by Z, can only be frequent if all its subsets (non-empty) are frequent. In the apriori algorithm, the 

frequent pattern mining were conducted in a stage-wise approach, in which candidate itemset are 

generated in the iteration are only based on the large itemset generated from the previous iteration. 
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Iteration in this case was indicated by the size of itemset. Apriori algorithm iteratively obtain the candidate 

itemset with k items by joining the itemset with k-1 items and ignore those that contain small subsets.  

Basically, this algorithm starts with the itemset containing only single item within it, for example 

{HS_1234}. First, this itemset is assessed whether the support count of the itemset satisfies the minimum 

support threshold. The itemset with support count higher than the minimum threshold is kept, and the 

rest is removed. Second, the itemset that we kept in the first step is used to generate all the possible 

itemset configurations, e.g. {HS_1234, SIC_0101}. Then, the first and second step is repeated until there 

is no new possible itemset generated from the dataset. The full procedure of the apriori algorithm can be 

found in algorithm 1. Let C(i) be the candidate sets and F(i) as the frequent sets of i items,  

Algorithm 1 Apriori (Siebes and Feelders, 2012 as cited from Schuiling, 2014) 

Input: Transaction database schema 𝛤, minimum support threshold ξ 

Output: The complete set of frequent patterns 

1 C (1):= 𝛤 

2 i :=1 

3 while C(i) ≠ Ø do 

4  F(i) :=  Ø 

5  for each X ∈ C(i) do 

6   if σ(X) ≥ ξ then 

7    F(i) := F(i) ∪ {X} 

8   end if 

9  end for 

10  i := i +1 

11  C(i) := Ø 

12  for each X ∈ F (i -1) do 

13   for each Y ∈ F (i -1) that shares the first i - 2 items with X do 

14    if all Z ⊂ X ∪Y of i -1 items are frequent then 

15        C(i) := C(i) ∪ {X ∪Y} 

16    end if 

17   end for 

18  end for 

19 end while 

 

4.1.3 Interestingness Measures 

The association rules of HS and SIC are generated by using the apriori algorithm introduced in the previous 

section. Apriori algorithm only considers the number of support count in each level of itemset to generate 

association rules, which made the generated rules may still contain rules that are weak and/or 

uninteresting. Han et al. (2012) suggested that generated association rules should be analyzed further by 
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choosing several interestingness measures to eliminate weak or not interesting association rules. Several 

interestingness measures are discussed in this section to illustrate how to eliminate uninteresting rules. 

In general, weak association rules are expected to be eliminated from the generated rules by setting the 

minimum confidence and minimum support. However, since there is no explicit restriction on determining 

the minimum confidence and minimum support, the generated rules may still contain uninteresting rules. 

For example, setting the minimum support count too low may result in generating too large rule set which 

contains many uninteresting rules. Moreover, relying on the minimum frequency and minimum 

confidence alone is not enough, since it may also contain rules that misleading (Han et al., 2012). For 

example in any rule 𝐴 → 𝐵, Han et al., (2012) stated that support and confidence only shows that A and 

B can be associated together, but it is still lacking on showing the strength of the correlation between A 

and B in rule 𝐴 → 𝐵. Therefore, other interestingness measures should be used as alternative to analyse 

the correlation between items in the rules generated.  

Lift (Han et al., 2012) is one of the most common correlation measures for association rules. Lift indicates 

the direction of correlation between A and B in association rules, by measuring its probability. In this case, 

𝜎(𝐴 ⋃ 𝐵) is indicated by  𝑃 (𝐴 ⋃ 𝐵), while 𝑃 (𝐴) and 𝑃 (𝐵) are both indicate the 𝜎 (A) and 𝜎 (B), therefore, 

Lift can be calculated as follows: 

𝐿𝑖𝑓𝑡(𝐴, 𝐵) =  
 𝑃 (𝐴 ⋃ 𝐵)

 𝑃 (𝐴) 𝑃(𝐵)
=

 𝜎(𝐴 ⋃ 𝐵)

 𝜎(𝐴) 𝜎(𝐵)
  

Lift < 1 indicates a negative correlation between A and B, such that the occurrence of one item will reduce 

the likelihood of the occurrence of the other. On the other hand, Lift > 1 indicates a positive correlation 

between indices, which implies that the occurrence of one will increase the likelihood of the other. If lift 

= 1, the occurrence of both items are considered independent to the other.  

Although lift is capable of helping to eliminate the misleading rules, Han et al. (2012) argue that this 

measure cannot be used in all situation. Han et al., (2012) found that lift is not suitable for the cases in 

which the number of null transaction is way higher than the number of target transactions. The null 

transaction is the transactions that do not contain the examined items or itemset in the transactions 

database. This issue can be investigated further by using null-invariant measures. Null-invariant measures 

are the measure that is not affected by the number of null transactions in the sets (Han et al., 2012).  

several other null-invariant correlation measures are introduced to correctly eliminate the uninteresting 

rules from the generated association rules set, namely max confidence, kulczynski, cosine, and imbalance 

ratio. Each measure is explained briefly as follows: 

1. Max Confidence (Wu, Chen, & Han, 2010) measures the maximum confidence of two given association 

rules that related to each other, as defined by: 

𝑀𝑎𝑥𝐶𝑜𝑛𝑓(𝐴, 𝐵) = max  { 𝜑(𝐴), 𝜑(𝐵)} 



37 
 

This measure ranging from 0 to 1 and should not be confused with the minimum confidence (𝜑𝑚𝑖𝑛) 

which introduced in the previous section. While minimum confidence was used to prune the rules in 

the rules generating phase by setting a confidence threshold for any given rules generated, 

𝑀𝑎𝑥𝐶𝑜𝑛𝑓(𝐴, 𝐵) was used to compare the confidence of each item in the itemset. In this case, the 

𝑀𝑎𝑥𝐶𝑜𝑛𝑓 compares the confidence between rule (𝐴 → 𝐵) and rule (𝐵 → 𝐴) and picks the highest 

value among them as the value of the measure. 

2. Kulczynski (Wu, Chen, & Han, 2007) measures the average between the confidence of rule (𝐴 → 𝐵) 

and rule (𝐵 → 𝐴). It is developed based on the finding of S. Kulczynski in 1927 (Wu et al., 2010) . This 

measure is preferred to be used when dealing with pattern with “unbalanced skewness”. 

𝐾𝑢𝑙𝑐(𝐴, 𝐵) =
1

2
(𝜑(𝐴) + 𝜑(𝐵)) 

3. Cosine (Tan et al., 2004), usually characterized as harmonized lift measure because it adds square root 

on the products of support of A and B to remove the influence of number of transactions. The formula 

to calculate cosine is similar with Lift, except it adds a square root in the formula such that the value 

only influenced by the support of A, B, and 𝐴 ⋃ 𝐵, and not by the total number of transactions. The 

formula for cosine is defined as follows: 

𝐶𝑜𝑠𝑖𝑛𝑒(𝐴, 𝐵) =  
 𝑃 (𝐴 ⋃ 𝐵)

 √𝑃 (𝐴) 𝑃(𝐵)
=

𝜎(𝐴 ⋃ 𝐵)

√ 𝜎(𝐴) 𝜎(𝐵)
  

4. Imbalance Ratio (Wu et al., 2010), measures the imbalance between the left-hand side (LHS) and right-

hand side (RHS) of association rules. The result of this measure is ranging from 0 to 1, in which 0 

indicates a balance rule, meaning that the difference between the number of occurrences of LHS and 

RHS is small. The closer the result to 1 indicates that the rule is less balanced. This measure is essential 

for the analysis since it is independent of the number of null-transactions and total number of 

transactions (Han et al., 2012). The formula for Imbalance Ratio can be defined as follows: 

𝐼𝑚𝑏𝑎𝑙𝑎𝑛𝑐𝑒 𝑅𝑎𝑡𝑖𝑜 (𝐴, 𝐵) =
| 𝜎(𝐴) −  𝜎(𝐵) |

 𝜎(𝐴) +  𝜎(𝐵) −  𝜎(𝐴 ⋃ 𝐵)
 

4.2 Data Preparation 

The dataset used in developing this new mapping is based on various trade lanes throughout the world. 

In this proposition, we assume that the relationship between HS and SIC code in the international trade is 

not dependent to the country of origin and country of destination, such that the relationship between HS 

and SIC in international trade in every trade lane in the world is similar. Based on this assumption, for each 

shipment transaction, we only extracted several essential fields from various trade datasets available, 

such as HS code, Shipper DUNS, and Consignee DUNS. This dataset is also complemented by the company 
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firmographic data and the dominant SIC of the companies, both domestic dominant SIC and global 

dominant SIC to get the information regarding the SIC code of the companies. 

First, we conducted data transformation on the datasets. It is important to make sure that all the fields 

are in the same format because the dataset is derived from various sources. In this analysis, we used 4 

digits HS code and 4 digits SIC code as the basis. Any transactions with more than 4 digits HS code was 

transformed to 4 digits HS, and any transaction that contains less than 4 digits HS code was removed. 

Next, data cleaning procedure is conducted to remove the redundant value that might be found in the SIC 

due to the addition of dominant SIC. In this section, the dataset is also divided into two parts, dataset with 

manufacturing SIC and dataset with nonmanufacturing SIC. The dataset then transformed into transaction 

dataset format to make it suitable for association rule mining. The final dataset contains has 3,154,496 

shipment transactions with 1239 unique HS code listed, organized as shown in Table 18. The first item in 

the dataset is the HS code, while the rest is the SIC code associated with the transaction. 

Table 18 Sample Transaction Sets 

Manufacturing Transactions 

{hs_2403,1799} 

{hs_2618,3312,3315,3357,3496}        

{hs_2847,2813,2819,3433}   

 

4.3 Experiment Setting 

4.3.1 Determining Parameter Value 

Proper minimum support and minimum confidence value need to be picked to reflect the importance of 

the rule in the dataset. Determining the minimum support and minimum confidence rely on the domain 

of knowledge of the analysis because there is no standard reference on how to calculate the measures. 

The minimum support and minimum confidence were chosen by conducting sensitivity analysis to identify 

which combination of support and confidence value that can provide an adequate number of initial rules. 

Later, the result of sensitivity analysis was consulted to the domain expert to verify the proper support 

and confidence needed for the analysis.  

4.3.2 Association rule experiment 

Association rule experiment in this thesis is conducted by using R package called arules, a package that 

provides the capability to conduct a thorough analysis of association rules in large databases (Hahsler, 

Grün, & Hornik, 2005). The objective of this stage of the experiment generates the rules based on the 

available dataset. In this experiment, we first generate the rules based on the apriori algorithm for the 

association rules. Then, all the interest measures discussed in the previous section are evaluated to find 

interesting association rules. The rules that are considered not interesting will be eliminated from the 
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rules set, and the interesting rule will be analyzed and evaluated further by the domain expert. The 

procedure of analysis is organized as follows: 

1. Generate rules by using association rules with the specified minimum support and a minimum 

confidence value 

2. Eliminate the irrelevant rules from the analysis 

3. Eliminate irrelevant rules based on various interest measures, namely lift, kulc, maxconfidence, 

cosine and imbalance ratio. 

4.3.3 Iterative Association Rule Implementation 

Certain HS codes are not visible in the first step of association rule experiment due to the small number 

of occurrence in the dataset. The relationship between specific HS and SIC may also not appear in the 

generated rules because its occurrences are relatively low compared to another SIC that associated with 

the same HS code. Therefore, we proposed an iterative implementation of the association rule that is 

primarily determined by the minimum support count and the number of transaction in the analysis. 

Setting one minimum support for all cases is often misleading because some items may not appear much 

in the dataset.  Previous research on association rule suggested using different minimum support and 

confidence on conducting analysis, depending on the items relative importance. Mobasher (2001), as 

cited from Zhang (2016) used multiple support value on assessing web page importance by setting 

minimum support of 0.01 for rare items, and 0.1 for others, while Zhang (2016) used different minimum 

support on conducting analysis for different abstraction level within the same dataset. These findings 

indicate that examining the rules with different support count is feasible. 

Another potential problem in the analysis is that the rules on certain HS code could not be generated 

because of a low number of occurrences, and high variety of SIC associated. The association rule is 

implemented iteratively to avoid this problem. In each iteration, the HS codes that are already covered by 

the generated rules in the previous iteration is removed from the dataset. The generated rules are then 

evaluated by domain experts, to see whether the rules reflect the actual situation in the shipping data 

and giving added value to the existing mapping. 

 4.4 HS to SIC Mapping for Manufacturing SIC 

4.4.1 Determining Parameter Value 

The first step in the analysis is determining the value of minimum support and minimum confidence. The 

value is determined by conducting sensitivity analysis to examine the number of rules generated with 

different minimum confidence and minimum support combination. The minimum confidence set in this 

experiment is 0.01%, 0.05%, 0.1%, 0.5% and 1%, while the minimum support count is varied between 100 

and 10000. 
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Table 19 Number of Rules Generated based on the minimum support and minimum confidence combination 

Value 
Min Confidence Min Support 

Count 0.25% 0.50% 0.75% 1.00% 

Min 
Support 

0.003% 23479 21234 19281 17657 100 

0.015% 5194 5065 4937 4547 500 

0.03% 2336 2308 2252 2914 1000 

0.15% 200 200 200 200 5000 

0.30% 66 66 66 66 10000 

The result of the analysis shows that setting the minimum support too high can only generate a few rules 

while setting it too low can result to generate too many rules that might be not useful. As can be seen in 

Table 19, the number of rules generated increased sharply when the minimum support count is set in 100, 

which means that most of the itemset in the transaction appear together more than 100 times, but less 

than 500. We expected to generate strong rules in the analysis by picking the highest confidence available 

in the combination to assure that the spurious and non-interesting rules are filtered from the beginning. 

Looking at the number of rules generated, the domain expert suggested using 500 as the number of 

minimum support count, since 500 seems convincing to generate strong rules between HS and SIC. Based 

on the result of the sensitivity analysis and discussion with the domain expert, the selected initial 

minimum support count is 500, while the confidence 1% is selected to generate rules. 

4.4.2 Association Rule Experiment 

At this stage, the association rule is already implemented by using the selected minimum support and 

confidence value determined in the previous section. 4547 association rules were generated by setting 

the minimum support count 500 and the minimum confidence 1%. However, as in the dataset, we have 

both HS code and SIC code altogether in a transaction, we may find the generated rules contains SIC in 

both LHS and RHS. This kind of rule is not interesting for the thesis since the objective is to find the 

relationship between HS and SIC within the dataset. Therefore, such rules that contain SIC in both sides 

should be eliminated from the analysis.  

Table 20 Distribution of Generated Rules per LHS - RHS 

LHS RHS Rules Generated 

HS Code SIC 1258 

SIC HS 1171 

SIC SIC 2118 

As can be seen in Table 20, the number of rules is now reduced to 1258, since these rules are the most 

appropriate rules for the objective of the study. After eliminating the irrelevant rules, the analysis is 

further directed towards evaluating the interesting measures of the generated rules. The first interesting 

measures to be evaluated is lift. The desired value of lift to generate strong rules is higher than 1 because 
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it indicates that the pair has a strong correlation. Based on this proposition, any rules with lift lower than 

1 is eliminated from the analysis.  

At this point, the number of generated rules is already decreased due to the elimination of irrelevant rules 

and the rules with lift lower than 1. Next, the null-invariant measure is incorporated to evaluate the rules 

to assess the large number of null-transactions. Han et al., (2012) proposed that kulc and imbalance ratio 

as the best measure to identify interesting rules because it can work in both skewed and not skewed 

association rules, without affected by null-transactions. However, we also found that the use of 

interesting measures is highly case relative, as Zhang (2016) found that using kulc is not relevant for their 

problem, because it rarely shows a neutral correlation in the skewed rules. Aligned with this proposition, 

we concluded that it is essential to evaluate each measure to see whether the measure is suitable to be 

used to solve the problem in the domain of knowledge. 

The first measure to be analyzed in this case is kulc and imbalance ratio. The kulc and imbalance ratio in 

this case has two folds, the first one is the balanced rules, in which characterized by IR ≤ 0.5, and the 

second one is imbalanced rules, which indicated by IR ≥ 0.5. In this case, we first evaluate the extreme 

imbalanced situation, which characterized by IR > 0.85. Then, we also would like to evaluate how the kulc 

and IR can be used together in a relatively balanced and imbalanced situation.  

Table 21 Association rule based on different Interest Measure 

Available AR AR with IR ≥ 0.85 AR with IR ≥ 0.85 and Kulc > 0.5 

1285 233 1 

In a balanced situation, the strong rules are filtered by deliberately using the by the IR ≤ 0.5, and lift ≥ 1. 

The number of AR that satisfies this filter is 577 rules out of 1285 rules available. In the imbalanced 

situation, the number of strong rules that filtered by the IR ≥ 0.85, and kulc ≥ 0.5 is only 1 rules. This result 

is unexpected since, in the domain knowledge, we expect to find more rules because the result of this 

analysis is intended to be used as a mapping between HS and SIC in the international trade. Therefore, we 

concluded that this type of filter is not relevant to this problem since it is too strict on filtering the 

interesting rules within the generated rules. 

As kulc cannot appropriately be used in this analysis to identify strong rules in the imbalanced situation, 

we need to look to other measures to find a proper one to be used in this analysis. In this case, we used 

maxconfidence as the interest measure for the imbalanced case, in which we set the minimum 

maxconfidence for each rule is 0.25. The objective of setting 0.25 as the minimum maxconfidence is to 

eliminate the imbalanced rules with low confidence in both side of analysis, rule (𝐴 → 𝐵) and rule (𝐵 →

𝐴). By setting the minimum maxconfidence at 0.25, we set that at least the pair appears together in 25% 

of the transaction of either A or B. In this analysis, different interest measure is used in balanced and 

imbalanced set situation, in which lift ≥ 1 is used for balanced situation, and maxconfidence ≥ 0.25 is used 

for imbalanced situation.  
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4.4.3 Iterative Association Rule 

Lift and maxconfidence are used as interest measures to find the strong and interesting association rules 

within the dataset. By using these measures, 835 strong rules were generated. However, the rules were 

only able to cover 302 different HS codes out of 1207, which is significantly low. If we look back to the 

objective of this analysis, we expect to build a new mapping for HS code and SIC, such that it should be 

able to cover as many different HS code and SIC as possible. The generated rules are then presented to 

the domain experts to determine whether the mapping is sufficient to provide thorough analysis in the 

HS to SIC relationship. Negative feedback was given by the domain experts, since the number of HS 

covered is only around 23% of all available HS code, and only covers 273 out of 1000 SIC code. Therefore, 

adjustments should be made on the parameters to increase the HS code coverage from the analysis.  

Table 22 Iteration Result 

Iteration Adjustment made 

Number of 

interesting 

rules 

Accumulated 

HS covered Accumulated SIC covered 

0 Base result 835 302 273 

1 Minimum support: 100 2752 626 432 

2 Remove transactions for mapped HS 134 702 433 

3 Remove transactions for mapped HS (2) 50 727 433 

4 Remove transactions for mapped HS (3) 86 798 438 

The first parameter adjustment is setting lower minimum support. As can be seen in Table 19, there is a 

significant difference between the numbers of rules generated in the initial solution for minimum support 

100 and 500. With the same minimum confidence value, the number of rules generated with minimum 

support 100 is around 4 times higher than minimum support 500, which indicates that adjusting the 

support counts might be beneficial to increase the number of HS code covered within the analysis. 

Therefore, in the next step, we decreased the minimum support value to 100 to accommodate more HS 

code covered in the new mapping. The result of the analysis of this minimum support shows that 2752 

strong rules are generated based on this new parameter, which covers 626 HS code and 432 SIC.  

Next, we removed all transactions that contain the HS code that is already covered in the previous 

iteration. This step is conducted because we argued that the rest HS code may not appears in the 

association rules because it may have varied SIC code associated, or due to lack of balance between HS 

code and SIC in the dataset. Therefore, removing the instances that already mapped is considered as a 

viable solution to discover the relationship between HS to SIC for the unmapped HS code. This type of 

analysis is conducted iteratively until there are no more rules generated given the specified interest 

measure and minimum support/confidence. The result of the analysis can be seen in Table 22. 
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4.4.4 Validation and Discussion 

In the SIC side, we found that the algorithm can be used to associate 438 out of 574 SIC code to its 

respective HS code. This result can be considered as a good result since it covers around 76% of SIC within 

the manufacturing category. We also found that the accumulated HS covered by the association rules are 

798 HS code, which accounted to around two-thirds of total HS code available in 4-digit level. This number 

may not be satisfying since the number of uncovered HS code is still high. However, further analysis on 

the covered HS code shows that it already covers 99% of the transactions in the international trade. As 

we build the mapping based on association rule from the real trade dataset, it is not unexpected that the 

result is primarily driven by the available transactions within the dataset. The rest HS code that is not 

covered is mainly because the number of transactions with that HS code is not enough to draw any 

association to SIC. There is certain HS code which does not appear a lot in the international trade, such 

that association rule could not be used to discover the relationship between HS code and SIC code. 

The previous analysis has provided a mapping between HS and SIC code for two-thirds of available HS 

code in 4-digit level. Validation on this mapping can be conducted by checking its matching percentage in 

the trade data. In this validation, the same dataset from the previous chapter was used to calculate the 

mapping result. The goal of this validation is to check whether this mapping can adequately conform with 

the pattern in the real trade data and to analyze the performance of the mapping, relative to the mapping 

from existing mapping. 

In the validation phase, the mapping between HS to SIC was checked by using the same procedure as the 

previous chapter. Therefore, the mapping was checked in four different categories, namely company SIC, 

domestic dominant SIC, global dominant SIC and the best case. Since the number of HS covered in the 

new mapping is around two-thirds of all the HS code available, the comparison between new mapping 

and the existing mapping will only be conducted for all the HS code that covered by the new mapping. 

The result of this analysis can be seen in Table 23. 

Table 23 Analysis Result on Different Company SIC Source 

Mapping SIC Code used 

4 digits SIC Domestic SIC Global SIC Best Cases 

Existing Mapping 52.20% 33.79% 33.70% 58.44% 

New Mapping 68.97% 37.15% 33.29% 71.77% 

As can be seen from the result, based on the number of shipments, the matching is increased significantly 

by around 18% in the company SIC and best case category. This means that within the same number of 

HS code, the new mapping can represent more pattern between HS to SIC in international trade setup. 

The interesting part is the best case category, in which we incorporate the company SIC and the dominant 

SIC of the company in its family structure. Best case has the best result with around 75%, which means 
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that adding dominant SIC in the analysis can provide more insight in understanding the relationship 

between HS to SIC in the international trade.  

4.5 Building Mapping for Non-Manufacturing SIC 

The analysis is also conducted for the transactions conducted by non-manufacturing companies. Non-

manufacturing companies are characterized by SIC code higher than 4000. In this analysis, the minimum 

support and minimum confidence is adapted from parameters in manufacturing SIC analysis. Therefore, 

the minimum support used in this analysis is 100 and 500, with minimum confidence set at 1%. The 

objective of using the same minimum support and minimum confidence is to make the result of 

association rule comparable with the result on the manufacturing SIC. The analysis is conducted based on 

the analysis procedure for manufacturing SIC. 

4740 association rules were generated by setting the minimum support count of 500 and minimum 

confidence 1%. However, this rules still contains irrelevant rules for our analysis, for example, rules 

between 𝑆𝐼𝐶 → 𝑆𝐼𝐶 and 𝑆𝐼𝐶 → 𝐻𝑆. The distribution of generated rules on the LHS and RHS can be seen 

in table x. The number of relevant rules generated for the objective of the study is 2422 rules. Next, the 

same interesting measures was applied to filter the strong and interesting rules only. Similar with the 

previous analysis, for the balanced situation, lift ≥ 1 will be used, while in the imbalanced situation, both 

lift ≥ 1 and maxconfidence ≥ 0.25 is used for the analysis.  

Table 24 Distribution of Generated Rules per LHS - RHS in Non-Manufacturing SIC 

LHS RHS Rules Generated 

HS Code SIC 2422 

SIC HS 892 

SIC SIC 1426 

In the first iteration, the interesting measure could filter the rules such that we have 1611 strong rules, 

that covers 599 HS code and 192 SIC codes. As we would like to apply the same procedure to discover the 

rules, the association rule mining was iteratively conducted until we could not extract any strong rule from 

the remaining dataset. The result of iterative association rule can be seen in Table 25. As can be seen, at 

the last step of the analysis, the association rule has generated 2043 rules in total, which covers 790 HS 

code and 193 SIC codes from non-manufacturing companies. Based on the result table Table 25, we 

identified that the number of HS code covered by this analysis is almost similar with the result from 

manufacturing SIC. The number of HS code covered is around 66% of the total HS code in 4-digit level. 

However, the number of SIC code covered is a bit low, since it can only cover 193 SIC code out of 431 SIC 

code in the non-manufacturing level. This low coverage of SIC might be influenced by the limitation of the 

methodology. In this methodology, the association between HS to SIC in the international trade may only 

be visible if there is enough data, or enough shipments, that supports the association. The shipment 



45 
 

dataset used in this analysis could not cover the complete non-manufacturing SIC in 4-digit level, because 

some SIC codes are not (or not often) involved in the international trade. Another possible reason for this 

low coverage might be due to a low number of shipments from the SIC itself, such that association rules 

cannot be applied in those cases. 

Table 25 Iteration Result for Non-Manufacturing SIC 

Iteration Adjustment made 

Number of 

interesting 

rules 

Accumulated 

HS covered 
Accumulated SIC covered 

0 Base result 658 320 116 

1 Minimum support: 100 1610 599 192 

2 Remove transactions for mapped HS 289 710 193 

3 Remove transactions for mapped HS (2) 93 756 193 

4 Remove transactions for mapped HS (3) 39 782 193 

5 Remove transactions for mapped HS (4) 12 790 193 

Moreover, in some cases, we found that a certain number of HS code is associated with transportation or 

shipping SIC code. For example, in some cases, shipments of motor vehicles are usually handled directly 

by the freight forwarder, such that we may find that motor vehicle is associated with SIC code of freight 

transportation services company in the mapping. In this analysis, several SIC code related to 

transportation or shipping companies were also removed from the analysis because it did not provide 

added value to identify such a relationship for developing HS-SIC mapping. For example, a freight 

transportation company can be associated with any HS code, as it may ship any HS code. 

4.6 Discussion and Evaluation 

4.6.1 Discussion 

At this point, we already have two mappings that we used in the analysis. The first mapping is the existing 

mapping, which was derived from the Pierce & Schott (2012) study, and the second mapping is the new 

mapping, which was derived from the association rules analysis in trade data. In this section, we will 

evaluate the matching result of the new mapping and analyse why it could not cover the entire 4 digits 

HS codes. In the latter part of this section, the matching result from both mappings will be evaluated. 

The result from both analyses on manufacturing and non-manufacturing SIC shows that association rules 

can be used to develop a mapping between HS code and SIC code in international trade. We already 

established a conclusion that the new mapping can cover at least 798 HS code in 4-digit level for both SIC 

categories. However, one-third of the HS code was still not covered by the new mapping. Table 26 depicts 

the number of HS codes covered in the mapping, and its respective number of transactions.  
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Table 26 Number of Shipments of Covered and Not Covered HS Code 

 Category Number of HS code Number of shipments Average shipments/HS 

Covered in Mapping 798                     3,109,701.00                                 3,896.87  

Not Covered in Mapping 441                           44,795.00                                    101.58  

Total 1239                     3,154,496.00    

As can be seen in Table 26, the number of shipments for the “not covered” HS code is 44,795 shipments, 

while the number of shipments for “covered” HS code is substantially higher with around 3.1million. The 

difference in average shipments per HS for each category is also significantly different. On average, the 

“not covered” HS has 38 times fewer shipments than the covered mapping, with around 101 shipments. 

This result gives a clear indication why certain HS code could not be mapped to the SIC. This number of 

shipments for “not covered” HS code is significantly low, considering that the minimum support count in 

the analysis was set at 100 shipments.  

On constructing the new mapping, the association rules of an itemset will be generated if an HS code and 

SIC appear together at least 100 times in the dataset. Furthermore, the strength of a rule is also assessed 

by using the interesting measures, such that appearing together 100times is not always enough to 

generate a strong rule for the mapping. If the “not covered” HS code has exactly 100 shipments, and it is 

linked to 2 different SIC code, the association rules will not be able to generate rules for this HS code, and 

eventually a map between HS to SIC will not be generated. For example, HS code 0106 has 154 shipments 

recorded in the dataset. However, this HS code is associated to more than 15 SIC code in the dataset, 

which makes it impossible to generate any rule for this HS code, given the minimum support count applied 

in the analysis. Some HS codes could not be mapped to SIC codes because the HS code itself rarely appears 

in international trade, which makes us unable to understand its relationship with the SIC code. 

Table 27 Matching Result in Different SIC Aggregation level 

Mapping SIC Code used 

1 digit  2 digits 3 digits 4 digits 

Existing Mapping 93.35% 77.75% 62.70% 50.97% 

New Mapping 96.24% 86.26% 76.27% 68.10% 

In the previous chapter, we found that there might be an aggregation problem in the mapping between 

HS to SIC, such that the matching result in 4-digits SIC was low. In this new mapping, we tried to conduct 

a similar analysis to compare the matching result in different SIC detail level. Table 27 depicts a 

comparison of the matching analysis result in different SIC aggregation level between the new mapping 

and the existing mapping. As discussed in the previous chapter, in the existing mapping, we found that 

the matching error in each aggregation level lies between 13-15%. However, in the new mapping, the 

matching error in each aggregation level is reduced to around 9%. In 3-digit level, we found that by using 

the new mapping, we would be able to find 75% matching HS to SIC relationship in the dataset, which is 

much better than what we have in the existing mapping. This percentage is higher than the matching 
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found in the existing mapping, the mapping from (Pierce & Schott, 2012). Therefore, it can be concluded 

that to some extent, the new mapping was able to address the aggregation problem that appears in the 

existing mapping, as demonstrated by the result of the analysis in Table 27. 

The objective of this analysis is to build a mapping between HS and SIC code that could represent the 

actual situation in the international trade and complement the shortcomings of the existing mapping. 

After developing the mapping, the association between HS and SIC will be used as a risk indicator to 

identify anomalies in the shipping data. However, the new mapping result is unable to map the whole HS 

code to the respective SIC. Therefore, we suggest to use the mapping from Pierce & Schott (2012b), 

existing mapping, to analyze the “not covered” HS code. By building such hybrid solution, the analysis for 

risk indicators in the international trade can be conducted for the whole HS code.  

In this evaluation, we introduced another mapping called “hybrid mapping” which comprises of the 

combination between the new mapping and the existing mapping. This hybrid mapping is constructed by 

using the new mapping as the main mapping for the covered HS code, and the existing mapping for the 

non-covered HS code. We argued that this hybrid mapping could provide added value to the domain 

knowledge by addressing the problem occurred in the existing mapping and the new mapping. The hybrid 

mapping was proven to have better matching result compared to the existing mapping and the new 

mapping, as depicted in Figure 6. As can be seen in Figure 5, the hybrid mapping outperformed the existing 

mapping and the new mapping in all SIC code category, by matching around 74% of the shipments to the 

respective SIC code. Based on this result, the hybrid mapping is used as the basis for the analysis in the 

next chapter to identify risk indicators in the international trade. 

 

Figure 6 Matching Percentage of Mapping by using different SIC code category in 4-digit level 
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4.6.2 Evaluation by Experts 

The mapping result was evaluated by the domain experts to identify whether it can provide added value 

for the domain knowledge. Two domain experts were involved in this evaluation phase. The main idea of 

this evaluation is to assess whether the mapping is valuable and provide insights to decision making. The 

evaluation was conducted by having a semi-structured interview with the experts, by asking the following 

question: 

1. Do you find the mapping sufficient to contribute to the decision making in international trade? 

2. Do you find this mapping has valuable insight to solve business needs? 

3. What can be improved from the current result of the mapping?  

The domain experts found that the mapping is sufficient and can contribute to support decision making 

in the international trade, especially in the risk management area. The fact that the new mapping could 

map 99% of the shipments in the international trade shows that the mapping has a strong confidence 

level to be used as risk indicators for the HS codes that commonly appear in international trade. Combining 

the new mapping with the existing mapping could provide more added value in the business because the 

analysis on associating HS codes to SIC code can be done throughout the whole 4-digits HS code. By 

treating the new mapping as a validation tool for the existing mapping, actors in the domain knowledge 

can identify on which HS code the mapping should always work and on which HS code the new mapping 

can provide alternatives to the existing mapping. The addition of non-manufacturing SIC in the new 

mapping also provides extra insights for the stakeholders since the existing mapping could not provide 

these insights. The mapping between HS code and non-manufacturing SIC codes can be used in the import 

side analysis because most of the importers in the trade data have non-manufacturing SIC codes. 

The domain experts were also suggesting that the mapping can provide valuable insights to solve business 

needs in various areas. In terms of risk analysis, this mapping can be used to enhance the risk assessment 

tools for customs and company risk management platform. From business perspective, this mapping can 

provide added value in two ways, sales & marketing, and procurement. This mapping can be used in the 

sales & marketing area to enable the business to identify their potential clients based on the commodities 

traded. On the same idea in sales & marketing, the procurement will benefit from this mapping because 

it enables them to find potential suppliers for the business. 

The domain experts recommend showing the confidence for each association between HS and SIC. 

Showing the confidence of the rule enables the user to understand to which extent the mapping can be 

used on specific HS code. In this sense, the user can understand which HS code has better confidence level 

than others, and which SIC should be prioritized when it is associated with an HS code. The sample 

aggregated confidence for HS code can be seen in Table 28. 
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Table 28 Sample Result - Adding Rules Confidence in each HS-SIC Association in the New Mapping 

HS SIC Rules Confidence 

0203 XXXX 37.29% 

0203 XXXX 38.68% 

0203 XXXX 76.67% 

0203 XXXX 81.60% 

4.7 Conclusion 

The objective of this analysis is to find the frequently associated HS and SIC combination in international 

trade based on the past shipment data. Association rules were used to build the mapping between HS to 

SIC in the international trade, with Apriori algorithm was used as the basis for association rule mining. This 

study focused on two categories, HS mapping to manufacturing SIC and non-manufacturing SIC. 

At the beginning of the analysis, we conducted sensitivity analysis to appropriately select the minimum 

support and minimum confidence applied in this analysis. The sensitivity analysis result was also discussed 

with the domain expert such that an appropriate value that satisfies both domain knowledge and data 

analysis can be decided. At first, we decided to use the minimum support of 500, to make sure that the 

association rules generated in this analysis are reliable. With this parameter, we found that the number 

of relevant rules generated is too low, and it can only cover 20% of the HS code from the trade dataset. 

Therefore, the minimum support is changed to 100 shipments so that more HS code can be mapped based 

on this analysis. The analysis for manufacturing and non-manufacturing SIC was conducted separately, 

with the same minimum support and minimum confidence measure applied.  

Several interesting measures were discussed to eliminate uninteresting rules from the result, such as kulc, 

max-confidence, imbalance ratio and lift. Lift, max-confidence and imbalance ratio were used as interest 

measure to eliminate uninteresting rules from the result. Imbalance ratio plays an important role here to 

filter the result since the balanced rule (IR < 0.5) was filtered by using the lift, and the imbalanced rule 

was filtered by using lift and max-confidence. Overall, we found 798 HS codes were covered in 

manufacturing SIC, and 790 HS codes were covered in non-manufacturing SIC. As the shipments from 

these HS codes already constitutes of 99% of the total shipments in the dataset, we conclude that the rest 

of HS codes is not covered because of the limitation of the dataset, or because the shipment on that HS 

codes was conducted by various SIC such that association could not be generated.  

Evaluation of the result shows that in the manufacturing level, it can adequately map 68% of the 

shipments in the trade data based on the shipper SIC code. However, if the dominant SIC of the companies 

was added, the mapping result was increased to around 75%. This result supports the conclusion from the 

previous chapter that adding dominant SIC into the analysis can provide added value to understand the 

relationship between HS to SIC in the international trade.  
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At the end of the analysis, we have three mapping that can be used to associate the HS code and SIC code 

in international trade. The first mapping is the existing mapping, which derived from the study of (Pierce 

& Schott, 2012). The second mapping is the new mapping, which derived based on conducting association 

rules analysis in several trade lanes. However, we found that the new mapping could not cover the entire 

HS code in 4-digit level due to the limitation of the analysis. In this case, we introduced another mapping 

called hybrid mapping that combined the result of the new mapping and the existing mapping. For future 

analysis purposes, we recommend using the hybrid mapping since it covers the entire HS code in 4-digit 

level, and it has addressed the limitation of the existing mapping in terms of its coverage in the non-

manufacturing SIC code and the plausibility of having a biased HS code to SIC code mapping.  
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5. Identifying Risk Indicators based on the HS code-SIC code Mapping 

The analysis on HS to SIC mapping has enabled us to deepen the capability to identify risks in the 

international trade. However, the mapping itself could not be used directly to identify risk in the trade 

data. HS to SIC mapping and its further analysis can only help us to identify the discrepancy between the 

desired output and the real output. In HS to SIC mapping analysis, any discrepancy between the desired 

output and the actual situation in the dataset can be considered as a signal for higher risk. The risk itself 

is still unknown because the raw data by its nature does not contain adequate information for us to 

recognize the actual associated risk (e.g. financial fraud, fake products, etc.). 

This chapter mainly discussed how HS to SIC association could be utilized as an indicator for risk analysis 

in international trade. The objective of the analysis is to identify the risk indicators that can be developed 

based on the mapping between HS code and SIC code. The hybrid mapping will be used to analyze the 

indicators in this chapter since it has addressed the limitation of both existing mapping and new mapping 

in terms of the coverage and the plausibility of having a biased mapping. 

5.1 Indicator Formulation 

Oien (2001), as cited in Rausand (2011), defined an indicator as a qualitative or quantitative information 

that provides measure about the level of risk. Risk indicator is a measure to estimate the degree of the 

inherent risk of activity by conducting analysis on the available data (Rausand, 2011; Directorate General 

for Taxation and Customs Union, 1999). The risk indicators are formulated to help the decision makers to 

improve the risk assessment and risk analysis in the shipping data.  

The indicators will be divided into two types, basic and derived indicators. Basic indicators are measured 

by direct observation in the dataset, while derived indicators are derived from further analysis of the 

attributes in the dataset. The identification of risk indicators is organized by conducting interviews with 

experts and desk research. The desk research is conducted by investigating the existing products and 

services that can be utilized as risks indicator in international trade. The desk research is also conducted 

by investigating the existing risk analysis framework and guidelines in international trade. The desk 

research is aimed to identify the basic indicators that can be measured directly by observing the trade 

data. The identified basic indicators from the desk research were later brought to the discussion with the 

experts to obtain derived indicators that can be used for the analysis. 

5.2 Risk Indicators 

The first step of the analysis is formulating the risk indicators. The risk indicators were derived from a 

European Commission working paper from the Directorate General for Taxation and Customs Union 

(1999) on the guideline to risk analysis and custom controls. In this document, the risk indicators were 

divided into three categories, product-based risk indicators, trader-based risk indicators and procedure-
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based risk indicators. Product-based risk indicators related to the inherent risk on product origin, tariff 

classification and duty value of the product. The trader-based risk indicator measures the traders past 

compliance records and internal business situation, e.g., financial situation and market position, while the 

procedure-based risk indicators measure the customs regimes inflicted in the shipments (Directorate 

General for Taxation and Customs Union, 1999). 

Semi-structured interviews with the domain stakeholder were conducted to identify which indicators in 

the framework that can be operationalized by using the existing product solutions and available data. In 

this case, we found that the procedure-based risk indicators are not relevant for our analysis because we 

do not have the data to measure such indicator. Therefore, we used the product-based and trader-based 

risk indicator as the basis to construct the risks indicators for this analysis. However, the indicators under 

these categories are not directly used in the analysis, since not all indicators listed could be measured by 

using the available data. 

Based on the desk research and interviews with experts, three categories of risk indicators were 

constructed. Each category represented how the indicator was obtained in the trade data. The risk 

indicator categories for risk analysis are described as follows: 

1. Company-based indicators 

These indicators are mainly assessed based on the company information and company 

performance in the business setup. In the company information side, the company records and 

attributes were assessed, while company performance side mainly concerns about the company 

financial status and whether it falls under sanctions regimes or other types of blacklists. This 

category is mainly derived from the trader-based indicators listed in the custom control 

framework (Directorate General for Taxation and Customs Union, 1999), although there are parts 

of it that derived from the product-based indicators. 

2. Shipment records 

In international trade, shipments are documented by using the ship manifest data. However, it is 

also possible that the documentation is not correct, or incomplete. The indicators in this category 

are mainly assessed by considering whether the available information in the records is complete. 

This indicator was adapted from the system-based customs checklist listed in the custom control 

framework (Directorate General for Taxation and Customs Union, 1999). 

3. Product-based Indicators 

Product-based indicators are derived from the same category in the custom control framework 

(Directorate General for Taxation and Customs Union, 1999). These indicators mainly discussed 

the product value and the associated shipper/consignee by incorporating the analysis result of HS 

to SIC mapping from the previous chapter. 
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The desk research and interviews resulted in 12 potential risks indicator in the international trade, as 

depicted in Table 29. Each indicator was listed under one of the three categories that have been discussed 

above. It is important to note that in this analysis, we could not specify the underlying risks that can be 

identified based on the indicators. However, we used the risk indicators as a signal to indicate whether 

any inherent risk could appear in the international trade based on the analysis of risk indicator.  The first 

two categories can be viewed as basic indicators since it can be measured directly by observing the 

available information for each indicator. On the other side, the product-based indicators require further 

analysis on the trade data to capture the result, since it is derived from the analysis on HS to SIC mapping 

and the value deviation of each commodity in the international trade. 

Table 29 List of Identified Risk Indicators 

No Category Indicators 

1 
Shipment Records 
Indicator Incomplete records on the field HS, Shipper and Consignee 

2 

Trader-Based 
Indicator 

Shipper/Consignee records cannot be matched to Dun & Bradstreet 
company records 

3 Shipper/Consignee records are listed as out of business 

4 Shipper/Consignee involved in sanction list 

5 Shipper/Consignee has adverse media records 

6 Shipper/Consignee country is under embargo 

7 Shipper/Consignee country is under sanctions 

8 Shipper/Consignee has past screening records 

9 Shipper/Consignee financial status 

10 
Product-Based 
Indicator 

HS to SIC could not be matched 

11 Value per Weight deviation 

12 Unusual HS transaction combination 

 

Since the shipping data is used as the basis for measurement of these indicators, it is sensible to relate 

the assessment on these risk indicators with the possible consequences of customs assessment on ship 

manifest (shipping data). Veenstra (2015) identified that there are four possible consequences of the 

customs assessment on the shipping manifest, such as: 

1. The container was advised without risk, means that the containers can be transported from 

the port by informing customs about the product status and the destination port. 

2. Additional information is needed to conduct a risk assessment, for example, the ultimate 

exporter and/or the importer should be reported to the customs. 

3. The container needs to be scanned,  

4. Physical inspection needs to be performed to the container. 

The reason for identifying these risk indicators is to enhance the risk assessment tools for customs in the 

formalities fulfilment phase of import/export transactions. By having such risk indicators, the customs 
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would have better insight on identifying whether the container should be inspected, or additional 

information was needed to let the goods enter the country. These consequences and how it can be related 

to the risk indicator measurement result are discussed further in Section 5.4.5.4 Case Study 

5.3 Data Analysis on Risk Indicators 

In this section, we used one shipping data from a trade lane to evaluate the risk indicator. The dataset 

used in this chapter is the same dataset as in Chapter 3. However, we used the raw dataset instead to 

perform the analysis since one of the indicators measures how many missing records found in the shipping 

data. The objective of this analysis is to gain an understanding of how each indicator can be reflected in 

the actual shipping data. However, due to data limitation, it is not possible to conduct analysis on the 

entire indicators. Descriptive analysis will be conducted on four identified risk indicators, namely, HS-SIC 

matching result, Value per weight deviation, company records not found and incomplete records in the 

shipping document. The rest of the indicators could not be measured in the descriptive analysis since the 

data could not be obtained in batch. However, these indicators will still be used in the case study analysis 

in the Section 5.4 Case Study5.4 Case Study.  

5.3.1 Operational Indicator - HS to SIC Matching Result 

The evaluation of this indicator is conducted by using the hybrid mapping that based on the combination 

of new mapping and existing mapping, as introduced in section 4.6.1. Using the hybrid mapping enables 

us to assess the entire HS code in the dataset, not only the one covered by the new mapping. The 

descriptive analysis in this section was conducted by checking the result of matched and not matched 

records in the dataset. The total value of the commodity is also measured as a secondary measurement 

in this indicator to see whether the result is consistent between the number of shipment and the shipment 

value. The result of the descriptive analysis in HS to SIC matching can be seen in Table 30. 

Table 30 Analysis Result on HS to SIC Mapping 

  % of Shipments Total Value (USD) 

Matched with the Mapping 75.44%    88,991,050,423.47  

Not Matched with the Mapping 24.56%    33,650,359,419.88  

As can be seen in Table 30, we found that the percentage of matched shipments by using the hybrid 

approach is around 75%. These matching records contributed to around 72% of the total value of the 

shipments in the dataset. We also found that HS 7102 has the highest number of not matching shipments 

and the highest total value of not-matched records within the dataset, which indicates that the 

measurement by the number of shipment and the total value is consistent. A significant finding here is 

that we still find around 24.5% of the records could not be matched with the mapping, which could be 

used indicate inherent risk in the international trade. 
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Next, all the records that could not be matched were analyzed further in an impact-probability map. The 

probability is calculated by taking the percentage of not-matched records for each HS code in the dataset, 

and the impact is calculated by the total value of the not-matched records of each HS code. This impact-

probability map depicts the probability of an HS code could not be matched, and its total value. As can be 

seen in figure 4, we found that only five HS codes were depicted in the category of high probability-high 

impact. The conclusion for this result can be two folds. First, we may conclude that it is not recommended 

to use the HS to SIC mapping for these HS codes, since we see the matching result is low for these HS 

codes. On the contrary, we may also conclude that the shipments conducted on these HS codes have a 

higher risk since we observed that most of the shipments could not be matched with the HS to SIC 

mapping. 

 

Figure 7 HS to SIC Impact vs Probability Map for HS Shipments that could not be matched with SIC 

The HS code that lies in the high probability-high impact category is listed in table 27. Based on this result, 

we conclude that it is possible to use HS-SIC matching result as an indicator for risk analysis in international 

shipment. We found that the number of not-match shipment is still high, with around 24%, and the value 

still constitutes 29% of the total value of shipments. Although the impact-probability map also shows that 

most of the outliers have low shipment value, the number of HS code with a no-match percentage higher 

than 0.5 is still high, which indicates that some HS-SIC association could not be captured in the hybrid 

mapping.  
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Table 31 HS codes with High Impact- High Category for its unmatched shipment records 

HS Code Description 

XXX6 Pharmaceutical goods 

XXX9 Petroleum oils and oils obtained from bituminous minerals; crude 

XXX7 Ores and concentrates; n.e.s. in heading no. 2601 

XXX8 Electrical parts; of machinery or apparatus, not specified or included elsewhere in chapter 85 

XXX2 Diamonds, whether or not worked, but not mounted or set 

 

5.3.2 Operational Indicator – Value per Weight (VPW) Deviation 

In this indicator, we would like to analyze the deviation of value per weight (VPW) for each HS code in the 

shipment data. Value per weight indicates the price of the product when the shipment is conducted. We 

expect that the product price for any shipments of the same HS code would be convergent, which means 

that the price would be more or less similar on every shipment with the same HS. To conduct such analysis, 

we set a lower bound and upper bound for the value per weight of each shipment by using the 

interquartile distance. First, we calculate the five-number summary of each set. By defining the five-

number summary, we have the first, second and the third quartile of the set. Second, we calculate the 

interquartile distances, which can be calculated as follows. 

Let X be the set of shipments of HS x; the interquartile range can be calculated by: 

𝐼𝑛𝑡𝑒𝑟𝑞𝑢𝑎𝑟𝑡𝑖𝑙𝑒 𝑅𝑎𝑛𝑔𝑒 (𝑋) = 𝑄3 (𝑋) − 𝑄1 (𝑋) 

Third, the upper bound and lower bound is calculated by using the following formula: 

𝑈𝑝𝑝𝑒𝑟 𝐵𝑜𝑢𝑛𝑑 (𝑋) = 𝑄3 (𝑋) + 1.5 ∗ 𝐼𝑄𝑅 (𝑋) 

𝐿𝑜𝑤𝑒𝑟 𝐵𝑜𝑢𝑛𝑑 (𝑋) = 𝑄1 (𝑋) − 1.5 ∗ 𝐼𝑄𝑅 (𝑋) 

After conducting the calculation above, we have the upper bound and lower bound of the shipment for 

each HS. Next, we would like to check how many outliers appear in the shipment data based on the value 

per weight deviation. In this case, an outlier is defined if the value per weight of a shipment was higher 

than the upper bound, or smaller than the lower bound. The result of the analysis for the HS code can be 

seen in Figure 8. 
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Figure 8 Value per Weight Analysis for HS Code 

Based on the analysis, we found that 91% of the shipments in the dataset can be regarded as normal. 

Normal case means that the value per weight of the shipments lies in between the upper bound and lower 

bound. In this case, we found that around 9% of the shipments are outliers in terms of value per weight. 

It is also found that not all HS code have outliers in terms of value per weight since only 1000 HS code 

suffers value per weight outliers out of 1206 HS code listed in the dataset. 

The outliers are divided into three different categories to understand it further, namely low outlier, 

moderate outlier and a high outlier. The low outlier category is defined for the HS code with outliers less 

than 10%, moderate outliers are defined for the HS code with outliers between 10% and 30%, and high is 

defined for outliers higher than 30%. 

Table 32 VPW Analysis Result for Different Outlier Category 

Category Number of HS code % of total 

No Outlier 183 15.17% 

Low 622 51.15% 

Moderate 398 33.00% 

High 3 0.25% 

Grand Total 1206 100% 

This result is also depicted in the probability-impact matrix for further analysis. Probability-Impact matrix 

is one of the tools that prominently used in risk analysis. However, since we do not have the exact 

probability of the occurrence of outliers and the impact, we used pseudo-probability and pseudo-impact 

instead. The probability depicted in this analysis is the percentage of outlier transactions of an HS code, 

while the impact indicated by the total value of the outliers. The graph is divided into four quadrants, 

namely low probability-low impact, low probability-high impact, high probability-low impact, high 

probability-high impact. 

Normal
91%

Outliers
9%

Not 
Available

0%

ANALYSIS ON VALUE PER WEIGHT OF HS
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Figure 9 Impact vs Probability Analysis on value per weight outliers per HS code 

The probability-impact matrix can be seen in Figure 9. The x axis in Figure 9 indicates the total value of 

outliers of HS code, and the y axis indicates the % of outliers for each HS code. We found that the total 

value of outliers for some HS codes were significantly higher than others, such that it is removed from the 

figure to provide better readability. These HS codes has less than 15% of outliers in its shipments, but the 

value is significantly higher than others. Therefore, without specifying it in Figure 9, these following HS 

codes are identified in the low probability-high impact category in the probability-impact analysis. 

Table 33 HS Code with the most outlier value in terms of goods value per weight 

HS 
Code Description  Total Outlier Value % of outliers 

XXXX Lorem ipsum dolor sit amet  $4,150,807,809.68  19.5% 

XXXX Lorem ipsum dolor sit amet  $996,741,445.66  14.0% 

XXXX Lorem ipsum dolor sit amet  $14,713,858,864.93  12.3% 

XXXX Lorem ipsum dolor sit amet  $1,905,141,911.33  9.4% 

XXXX Lorem ipsum dolor sit amet  $2,961,687,501.02  8.4% 

XXXX Lorem ipsum dolor sit amet  $5,179,244,204.96  7.7% 

XXXX Lorem ipsum dolor sit amet  $3,587,040,584.96  4.5% 

XXXX Lorem ipsum dolor sit amet  $893,407,262.80  4.1% 

Here, we found that none of the HS code lies in the high probability-high impact category. The left-bottom 

side has the highest density, which indicates that in most of the HS code has low number of outliers and 

low total outlier value. HS XXXX has the highest outlier value with around $670 million though it only has 

10% of outliers value in the shipping dataset. 



59 
 

Table 34 VPW Analysis Result for Different HS-SIC Pairs Outlier Category 

Row Labels Number of Pairs % of total 

No Outliers 70174 71.39% 

Low 19037 19.37% 

Medium 4374 4.45% 

High 4718 4.80% 

Grand Total 98303 100.00% 

Further analysis is also conducted for any pair of HS to SIC combination that appears in the dataset. This 

analysis is selected because the distribution of value per weight of each HS code might be different for 

each SIC code, such that if the analysis is conducted in the HS code basis, we might find misleading outliers. 

This type of analysis was also conducted to incorporate the previous analysis on HS to SIC mapping. 

Therefore, instead of conducting analysis for each HS code, for example, HS 3921, we conduct the analysis 

by combining the HS code and SIC code altogether, for example, HS 3921-SIC 1311. In total, we found that 

there are 98303 different HS-SIC pairs that appear in the dataset. As can be seen from Table 34, we found 

that most of the HS-SIC pairs did not contain outlier, indicated by around 71% of the pairs has no outliers 

in it. The result is significantly different with the analysis in the HS level since, in the HS level, we found 

that only around 17% of the HS code has no outliers. This indicates that 17% of HS code in no outlier 

category can be associated with a significant number of SIC code, such that 223 HS code can have 70174 

HS-SIC pairs in the dataset.  

 

Figure 10 Impact vs Probability Analysis on outliers HS-SIC pairs for Not Mapped Records 

The analysis on value weight deviation is conducted separately for the HS-SIC pairs that are listed and not 

listed in the mapping to incorporate the result from the previous analysis on HS to SIC mapping. The result 

of this analysis is depicted in Figure 10 and Figure 11. This analysis is conducted separately to understand 

4802-8XXX 
8207-3XXX 

8548-3629 

9503-2XXX 

7315 – 4XXX 
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how the mapping could be used to avoid the value per weight outliers in the dataset. At first, we expect 

that the number of outliers in the pairs of mapped HS-SIC will be lower and less scattered than the pairs 

of not mapped HS-SIC.  

As can be seen in Figure 11 Impact vs Probability Analysis on outliers HS-SIC pairs for Mapped Records, 

we found that most of the outliers for not mapped HS-SIC pairs lies in the low probability-low impact 

category. We also found four HS-SIC pair has low outliers, but it has significantly higher value compared 

to others. The number of HS-SIC pairs in the low probability-low impact and low-probability-high impact 

is almost similar, although the total outlier value is more scattered in the low probability-low impact 

quadrant. On the other hand, the result for the mapped HS-SIC pair showed a less scattered result. Most 

of the HS-SIC pairs were low outliers and had low value, as indicated by the high density in that category. 

Two pair of HS 3004 (Medicaments, …) has the most outlier value namely for its SIC 5XXX and SIC 2XXX. 

We did not find any HS-SIC pair in the high probability-high impact category for both mapped and not 

mapped HS-SIC pairs records. 

 

Figure 11 Impact vs Probability Analysis on outliers HS-SIC pairs for Mapped Records 

5.3.3 Company Firmographic Indicator – Shipper/Consignee Records Cannot be Matched 

This indicator was introduced to assess the way company information is presented in the shipment 

records. There are cases where we could not find the shipper and/or consignee company information, 

such that the firmographic data of the associated company could not be captured. These cases might be 

caused by incomplete information regarding the shipper/consignee in the trade data. Trade data often 

stems from Logistics Service Providers (LSP), such that we might see some cases where the LSP did not 

provide the correct name and address of the shipper/consignee. The manifest data is provided by the 

ocean carrier, such that we might see some cases where the carrier did not provide the correct name and 

3004-5XXX 

3004-2XXX 

7207-3XXX 
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address of the shipper/consignee. This information is important for Dun & Bradstreet to derive the 

company firmographic information from their database. Without having a correct information on the 

company name and address, it can be hard or impossible to detect a company’s identity, resulting in 

inability to retrieve company firmographic data from the D&B database. Firmographic data is an integral 

part of the analysis because it contains the SIC of the company and company information. Without 

firmographic data, the analysis of the operational indicator cannot be performed well, because the 

operational indicator relies on the analysis in the HS code and SIC. 

Table 35 Number of Unidentified Shipments from the Firmographic Data 

Party 

Number of unidentified 

company information 

Proportion to the total shipment 

in raw shipping dataset 

Shipper  12086 5.23% 

Consignee 30408 15.52% 

Both Shipper & Consignee 11026 2.65% 

The summary result of the analysis can be seen in Table 35. Table 35 shows that 2.65% of the shipment 

records could not provide sufficient information in both shipper and consignee side. One of the strengths 

of D&B Database is its capability to provide company firmographic data most companies in the world. In 

this case, we argued that if an unidentified company information can be considered as a risk since it might 

indicate that the company is an unknown and/or a new company that has just been established. This 

situation can also indicate that the shipment data contains incorrect, inconsistent or incomplete data, 

making it impossible to locate the company at hand in the D&B database. Therefore, we conclude that 

this inability of deriving firmographic data due to information inadequacy can be used as risk indicator in 

international supply chain. 

5.3.4 Shipment Records – Incomplete Records in HS and Shipper/Consignee information 

Another possible risk indicator that can be analyzed in this analysis is incomplete records. For this 

indicator, we checked whether there was sufficient information regarding the HS code, shipper party and 

consignee party in the dataset. Sufficient information can be best defined by listing the name of the 

company (for shipper and consignee) or providing the goods HS code in the dataset. Any missing records 

in these three columns would be used as an indicator for risk analysis. These incomplete records might 

indicate risks in the international trade since in these cases there is no adequate information about the 

shipment itself. This analysis is different with the previous indicator because we checked whether the 

important shipment information such as HS code, shipper party name, and consignee party name was 

listed in the dataset, while in the previous analysis, we checked whether the company information in the 

dataset could be matched with D&B records (inability to match can imply that the provided information 

in shipment data is incorrect). The result of this analysis can be seen in Table 36. 
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Table 36 Number of Records with Missing Information 

Party Number of Records with Missing Information % of total 

Shipper Information 3 0.0004% 

Consignee Information 98 0.01% 

HS Code 1 0.0001% 

Table 36 shows the number of missing records in the important items in the dataset. We found that no 

missing record was found in the shipper information and HS code. However, we found 98 shipments that 

did not contain the consignee information. This might be useful for risk analysis since we found that there 

were some shipments that did not contain complete information regarding the HS code, Shipper 

company, and Consignee.  

5.4 Case Study 

For the implementation of the risk analysis by using the identified risk indicators, two real companies were 

used as case studies. This case study can also be viewed as a representative for the case where the risk 

indicator can be used for risk analysis and the case where it could not be used. In this chapter, we first 

introduce the detail of the case companies and then evaluate the risk indicators based on the shipments 

conducted by the case companies. Due to time and operational project limitations, the financial-related 

indicators were measured by using the present data, instead of using the data according to the shipment 

period. This indicator is measured by PAYDEX, which indicates the company payment behaviour based on 

several trade experiences, e.g. paying its bills (Dun & Bradstreet, 2015), and failure score which indicates 

the probability of the company suffering financial failure compared to other companies within the country 

(Dun & Bradstreet, 2015). Failure score ranges from 1 to 100, in which 1 represents the organization has 

the highest probability of failure. 

5.4.1 Case A: Oil and Gas Exploration Services 

Introduction 

XX is an oil and gas exploration services based in Europe, with a global network across Europe and USA in 

its family tree. This company is a subsidiary of a global company based in the USA. XX has five different 

SIC registered in the D&B firmographic database, two of which are manufacturing SIC in plastic materials 

and explosives, and the others are chemical product wholesaler and security dealers. These company SIC 

codes are listed as support services for oil and gas exploration. XX is actively involved in international trade 

by importing several chemical products in 2014. The proportion of export activity of XX and its respective 

HS code can be seen in Figure 12. The dominant export activity was conducted in HS 2922, HS 2933 and 

HS 2934 which accounted for almost 85% of the export activity of the company. The rest of the exports 

was divided into 6 HS code, namely 2801, 2909, 2921, 3506, 3824, and others, which all associated with 

chemical products.  
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Figure 12 Proportion of Shipments from Company XX in different HS Code 

Measuring the Risk Indicators 

Based on the risk indicators in the previous section, we conducted analysis on the export activities of XX. 

We found that the company has made 43 export transactions in 15 different products. The risk indicator 

analysis started by measuring the operational indicator category, HS to SIC mapping and the value 

deviation. In the HS to SIC mapping, we found that only 2 out of 15 goods exported by XX can be associated 

with their SIC code based on our mapping. In terms of the number of transactions, these “mapped” goods 

constituted of around 18% of total shipments conducted by the company. This means that more than 80% 

of the transactions from this company could not be matched with its SIC code. In terms of value per 

weight, the number of shipments with outliers was 14 shipments. Theses 14 shipments contributed to 

39% of total shipments value in 2014. Furthermore, we also found that for the shipments of HS code that 

can be matched with XX’s SIC, we did not find any outliers in its value per weight. The highest proportion 

of outliers can be found in HS 2922 – Oxygen-function amino compounds, contributing to 70% of the 

outlier value from company XX, even though it only has 5 outliers shipments. 

Second, the analysis is conducted on the shipping data to check whether there is any missing information 

in the HS code and consignee field. In this category, we found that 67% of the shipments do not have 

consignee records in the shipping data. This indicates that the number of records with missing information 

is high. Next, the indicators under company firmographic category were analyzed. The result of the 

analysis can be found in Table 37 and Table 38. 
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Table 37 Analysis Result for Measured Indicators – Company XX 

 No. Indicators Analysis Result 

1 Paydex 9 days beyond terms 

2 Failure Score 22 

3 % outliers 39% 

4 % not matched 81% 

As can be seen in table 33, the PAYDEX of the company is 9 days beyond terms, which means that on 

average, the company pays its debt late by 9 days. From business perspective, this PAYDEX is considered 

normal since most business pays their bills late. By examining the company failure score, we found that 

the company has more than average financial risks. At last, enhanced screening was also performed to 

check whether the company has committed to any frauds or criminal cases in the past. In this indicator, 

we may conclude that the company has been not involved in any sanctions, embargo or mischievous 

media records. However, we found that the company has some records of conducting business with 

sanctioned countries in the past, yet this is also not uncommon in the oil industry. Therefore, based on 

the risk indicators, we conclude that the analysis result could possibly illustrate risks in the shipments by 

the company, although the results are not conclusive. 

Table 38 Analysis Result for Company Firmographics Indicators – Company XX 

No. Indicators Analysis Result 

1 Shipper/Consignee records cannot be matched to D&B company records FALSE 

2 Shipper/Consignee records -> out of business FALSE 

3 Shipper/Consignee involved in sanction list FALSE 

4 Shipper/Consignee has adverse media records TRUE 

5 Shipper/Consignee country is under embargo FALSE 

6 Shipper/Consignee country is under sanctions FALSE 

7 Shipper/Consignee enhanced screening result TRUE 

8 Shipper/Consignee financial risks More than average 

 

Discussion 

Based on the data analysis, we found that the shipments from company XX have significant discrepancies 

in terms of the operational indicator. The total value of outliers can be considered as high, and we also 

found that 80% of the shipments from this company could not be matched to its associated SIC code. 

Combining this result with the shipment records indicators, we may get an idea to conclude that the 

shipments from this company can be considered as having higher risk than normal. 

Furthermore, the analysis on company firmographic data also indicated that the shipments might have 

potential risk. The result from company firmographic data indicators shows that the company did suffer 

financial problem within its business, indicated by the PAYDEX and company financial risk result. However, 

the individual screening on sanctions, media adverse and embargo risk indicator did not lead to any 
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potential risk since we did not find any negative records on that, such that a firm conclusion could not be 

established.  

Based on this result, we cannot establish a conclusion to say that the shipment from this company has 

inherent risk, because not all indicators revealed the risk directly. However, in customs compliance 

perspective, the result from the operational indicator is enough to conclude that there is a potential risk 

in the shipment from company XX because we found that the number of not-matched records were high, 

and the value outliers were also above average. Customs, as border protection agency and trade 

facilitator, should regulate any shipments that do not conform with the regular pattern of trade 

transactions. In this case study, we found that company XX exported a commodity that has no apparent 

connection with their business line as an oil and gas field service company. In this sense, it has higher risks 

because company XX might face customs compliance issue by exporting a commodity that is not related 

to their core capability and line of business, or it may be a case of identity theft, whereby another company 

claims that they are the oil & gas company, hoping that customs would not inspect their cargo. 

Furthermore, we also found that XX has several records of having business with companies from 

sanctioned countries in the past, as indicated by the enhanced screening risk indicator. While this is not 

uncommon in the oil and gas industry, it may be yet another indication of potential risk, when combined 

with the other risk indicators. If we relate it to the consequences of assessment that previously discussed, 

we argued that the shipment from this company is a candidate to be scanned since it may contain 

commodities that are not directly related to the company line of business.   

5.4.2 Case B: Pharmaceutical Preparation Company 

Introduction 

YY is a pharmaceutical preparation company based in Europe. This company is a subsidiary of a prominent 

pharmaceutical company based in Europe, with a global network across the world. YY has one registered 

SIC with SIC 2834 – Pharmaceutical Preparations. This company has more than 202 years of history in 

pharmaceutical business, with approximately several thousand employees. YY was actively involved in 

international trade in 2014 by exporting several commodities such as HS 2933, 3001, 3003 and 3004, 

which all of them were related to pharmaceutical compounds product. The most substantial proportion 

of exports from YY was HS 3004, which constitutes 99.5% of total company exports.  

Measuring the Risk Indicators 

Risk indicator for the export activities of YY is measured in this section. First, we would like to analyze the 

indicators in the operational category. Overall, we found that YY made 454 export transactions in 2014 to 

two different countries. Based on the VPW analysis of the export transaction value, 227 of the shipments 

were considered outliers because the commodity value does not conform with the majority commodity 

price within the same HS-SIC pair. Commodity 3004 has the most outliers in this case, with 214 shipments 
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out of 221 shipments in 2014. The total value of these outlier shipments contributed to around 47% of 

the shipments of company YY.  

Next, we measure the HS-SIC mapping indicator for company YY. Based on the analysis, we found that 10 

shipments from company YY could not be matched to the associated SIC code in our records. Interestingly, 

none of this “not-matched” transactions came from commodity 3004, which has the most outliers based 

on the previous indicator. HS 3004 is associated with SIC 2834, which is also the SIC of Company YY. These 

10 shipments came from HS code 2933. This HS code was related to the pharmaceutical business, but not 

directly associated with the SIC of Company YY. Therefore, based on the analysis on HS to SIC mapping on 

the shipments, we may conclude that the potential risk might not apparent since all the shipments were 

related to the pharmaceutical product, and the number of “not-matched” records is low.  

Table 39 Analysis Result for Measured Indicators – Company YY 

 No. Indicators Analysis Result 

1 Paydex 11 days beyond terms 

2 Failure Score 99 

3 % outliers 51% 

4 % not matched 2% 

Second, we checked the indicators under the company firmographic category. Here, we found that all 

indicators were also marked as false, except for the past enhanced screening records. The failure of the 

company shows that the company was in the minimal financial risk position. This means that in this 

category, we did not find anything to establish a conclusion that there is a risk on the shipment from 

company YY. Third, we checked the shipment records indicator to understand whether there is any 

missing information in the HS code and consignee field for each shipment by Company YY. In this category, 

we found that none of the shipments from company YY have missing information in its records. An 

interesting observation from the shipments by company YY is that almost all its shipments were intra-firm 

shipments. We only found 1 shipments from the company YY that went to the company outside its family 

tree. The rest of its shipments went to its global indirect parent company, or to the companies within its 

global family tree. Moreover, the observation on the shipments data shows that all these intra-firm 

shipments have outliers in terms of value-weight, which might indicate potential risk of transfer pricing.  

The enhanced screening was performed on this company to check whether there is any suspicious or risky 

activity in the past. In this case, we found that the company did not appear in any records on the sanctions 

and embargo. However, the company has fraud and convictions records in the past for overcharging value 

for its product, and misreporting prices. These findings, unintentionally, are in line with our findings about 

the value per weight indicator, in which we found that around 51% of the shipments can be considered 

as outliers in terms of its value-per-weight. 
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Table 40 Analysis Result for Company Firmographics Indicators – Company XX 

No. Indicators Analysis Result 

1 Shipper/Consignee records cannot be matched to D&B company records FALSE 

2 Shipper/Consignee records -> out of business FALSE 

3 Shipper/Consignee involved in sanction list FALSE 

4 Shipper/Consignee has adverse media records FALSE 

5 Shipper/Consignee country is under embargo FALSE 

6 Shipper/Consignee country is under sanctions FALSE 

7 Shipper/Consignee enhanced screening result TRUE 

8 Shipper/Consignee financial risks 1- Minimal Risk 

 

Discussion 

The risk indicator analysis results suggested that there is no underlying risk for the shipments from 

company YY. First, we checked the company firmographic indicator of the company to establish a 

conclusion. In this category, we found that the result of all category was marked FALSE, which means that 

the company did not suffer financial risks nor listed in any sanctions or embargo. There was also no 

adverse media record about the company. In terms of financial performance, the company is in an 

excellent financial position and has better financial strength than 97% of companies in its industry. An 

interesting finding in this category was that the company has past records of misreporting prices and 

overcharging their product value.  

In the operational indicators, we found that around 51% of the shipments by the company have outliers 

in terms of value per weight, in which most of the shipments were intra-firm shipments. As intra-firm 

shipment is a shipment that conducted between two companies within the same family structure, it may 

not indicate that the company was deliberately trading commodities with higher or lower price than 

normal since the shipments will only go to the company in its family structure. However, as we found that 

the company has past records of misreporting its product prices, these outliers became an interesting 

result. We argued that the outliers in terms of product value might somehow be related to their past 

records of misreporting product prices. Therefore, from the customs compliance perspective, we 

concluded that the shipments from this company might need to be checked further in terms of product 

value. Based on the consequences of risk assessment as discussed in Section 5.2, we suggested that the 

shipments need at least be assessed further by disclosing the value of the commodity exported and the 

company involved in the shipments. In this case, the container does not need to be scanned and/or 

physically inspected because we can associate the product exported with the SIC code of the company. 

5.5 Conclusion 

The main idea of this analysis is to understand whether HS to SIC mapping can be used to strengthen the 

risk analysis in the international trade. The risk indicator was identified by conducting desk research and 
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interviews with experts. Based on the desk research and interviews, we constructed three risk indicator 

categories and 12 risk indicators that mainly derived from the analysis of shipping data and the company 

firmographic data. Next, the formulated indicators were evaluated by implementing it in the actual 

shipping data. Descriptive analysis was conducted to evaluate the indicators. For the operational 

indicators, the result of the evaluation was depicted in the impact-probability plot. The evaluation was 

not conducted for several indicators from the company firmographic category because it is not possible 

to process the indicator in batch.  

Next, the formulated indicators were evaluated by using case study analysis. In this analysis, we found 

that the operational indicators can adequately be used in the risk analysis. However, these indicators 

should always be used together with the company firmographic indicators and the shipment records 

indicators, to avoid misleading conclusion regarding the underlying risk in the shipments. Based on the 

result of case study 2, we can conclude that the indicators implied that there might be a potential risk in 

the shipments from company YY. In contrast, the result of the analysis in company firmographic and 

shipment records indicators denied the assumption because we found that most of the shipments were 

intra-firm shipment. In this situation, a thorough analysis on each indicator should be conducted to 

correctly identify whether there are potential risks in the shipments from the company, and what kind of 

response that should be performed by the customs. For the case of company YY, we suggested to assess 

the shipment from this company in terms of the commodity value, since the company has fraud and 

criminal records of misreporting their product value. 

Based on the case studies, we concluded that the risk indicator is appropriate to be used in the risk analysis 

in the international trade. However, further research should be conducted to assess whether the risk 

indicators are correlated. This kind of assessment is important because it can indicate which indicators 

that we should use together to provide better insights on identifying risky shipments, or risky companies 

in the international trade. In this research, the correlation analysis could not be performed due to time 

and data limitation.  

We also found that the value per weight risk indicator still have limitation from business perspective. In 

this study, we conducted the analysis based on 4-digit HS code and assumed that the commodity price for 

the same goods in 4-digit level HS code will be more or less the same. We found that the price of different 

products under some HS code can be very different. However, this finding does not necessarily remove 

the inherent risk that can be associated with the product value in the international trade. If the shipment 

contains expensive product, there are higher associated risk too in terms of financial risk and security risk. 

Therefore, we can conclude that the value per weight can be used as risk indicator in international trade, 

although the detail level of HS code used still need to be explored further to assign the right lower-bound 

and upper-bound for outlier analysis for this indicator. 
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6. Conclusion 

In this chapter, the research is summarized and discussed based on the research question as introduced 

in chapter 1. First, this chapter revisits the research question and each of the sub-questions to provide 

answer based on the research findings discussed in the previous chapters. Second, the limitations and 

recommendation for future research are also presented and discussed to conclude the scope of the 

research. 

6.1 Conclusion on Research Questions 

The primary purpose of this research was to fill the knowledge gap of understanding HS and SIC 

relationship in international trade. In this research, there were two artefacts introduced to fill the research 

gap, namely the mapping between HS-SIC and risk indicators that derived from assessing this relationship. 

The research question was: 

What kind of risks indicators that can be derived based on the assessment of the relationship between 

HS code and SIC code in shipment data? 

Four sub-question were first answered to answer this main research question. 

SQ1: What do the existing studies explain about identifying anomalies in the shipping data by using 

commodity code and industrial code?  

The first step of this research was to identify the existing studies in the research domains in the association 

between HS code and SIC code. Chapter 2 and Chapter 3 investigates the risks in international supply 

chain and how HS code and SIC are operationalized in risk management practice. It was found that very 

limited studies have examined the relationship between HS code and SIC. Most of the studies explains the 

role of HS code and SIC in international trade separately in the form of descriptive analysis, for example, 

examining the value of merchandise export/import in international trade. Several kinds of risk and/or 

anomalies detection measure in international trade based on HS code was also identified in section 2.1

 Risks in International Supply Chain. However, they offer a different perspective on viewing risk 

and detecting anomalies because did not cover the association of HS and SIC in its analysis. 

The literature review showed that the research on associating HS code and SIC were still limited. We found 

two articles that relevant to the case,  Pierce & Schott (2009) and Pierce & Schott (2012), which provides 

a significant knowledge basis to answer the research question. Pierce & Schott (2009) examined the 

relationship between HS code and SIC based on US trade data to develop a mapping between that two 

code and explained in more detail in Pierce & Schott (2012). However, the mapping only covers SIC codes 

from manufacturing companies which limit the coverage of analysis to answer the research question. In 

this research, the mapping of Pierce & Schott (2009) and Pierce & Schott (2012) was called “existing 

mapping”. It was used as the basis for developing the HS-SIC standard mapping table to answer the 

research question.  
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SQ2: How well can the existing studies be used to identify the relationship between HS code and SIC 

code in shipping data? 

The existing mapping was used as the main framework to analyze the association between HS code and 

SIC code in shipping data. The focus of the study was examining the mapping on shipments from 

manufacturing companies because the mapping only captures the relationship between HS code and 

manufacturing SIC codes. Dominant SIC codes of companies were also included such that the non-

manufacturing companies can be partially analyzed in the research. 

The analysis result of chapter 3 illustrated that in 1 digit SIC level, two thirds of total HS code could be 

strongly correlated with its respective SIC on the mapping. We also found that around a third of the total 

HS code available in the dataset can be considered as strongly correlated in 2 digits SIC. Based on the 

analysis result, we can conclude that the verification of the shipments of any HS code and its respective 

exporter/importer SIC can be done with very high confidence in 1 digit SIC code (economy division level). 

The more detailed SIC code used in the analysis, the confidence level of using existing mapping was 

decreasing. The addition of dominant SIC was not only helpful for evaluating shipments from non-

manufacturing companies, but also the manufacturing companies. We found that in some cases, 

companies prefer to use a subsidiary, which has completely different SIC and line of business than the 

parent company, to be involved in international trade either as a shipper or a consignee. These practices 

have interfered the analysis because we did not find any association between the HS code and SIC code 

in these shipments. Dominant SIC codes addressed this issue by adding the most common SIC code in the 

family tree of the company.  

SQ3: What is the more effective way to map the HS code and SIC code based on the trade data? 

The evaluation result in chapter 3 describes that the existing mapping could not accommodate the 

analysis on non-manufacturing SIC codes and could not provide an adequate association for some HS 

codes. In chapter 4, we conducted analysis to develop a new mapping that can cover both manufacturing 

and non-manufacturing SICs. Association rules were used to build the mapping between HS to SIC in the 

international trade, with Apriori algorithm was used as the basis for association rule mining.  

The new mapping was able to associate the HS code that commonly traded in the international trade. The 

algorithm was able to associate 798 HS codes to the manufacturing SIC and 790 HS code to the non-

manufacturing SIC, in which some HS codes are associated with both manufacturing SIC codes and non-

manufacturing SIC codes. For some HS code, the association could not be established due to data 

limitation, since the number of shipments from those HS codes was not sufficient to derive conclusion. 

Evaluation of the new mapping shows that 75% of the shipments are now able to be associated with its 4 

digit SIC code with a high confidence level.  
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SQ4: What is the type of risks indicators that can be properly assessed by conducting this type of 

analysis? 

The output of this sub-question is risk indicators that derived from the assessment of HS to SIC mapping. 

Twelve risk indicators were identified in chapter 5 which divided into operational, company firmographic, 

and shipment records category. Only three of the risk indicators were derived from HS-SIC relationship 

analysis, which depicted in the operational category. The other two categories are complementary 

indicators because we argued that the indicators from HS to SIC analysis alone were not enough to draw 

conclusions regarding the inherent risks in the shipments. The company firmographic indicators were 

directed to provide insights about company financial situation and its compliance background, while the 

shipment records assessed the completeness of the information in the shipping data.  

Case study technique was used to demonstrate how the indicators can be applied to analyze shipping 

data. Based on the case studies, we found that using the indicators altogether can provide insights to 

identify inherent risks of shipments. The indicators from product-based category can be used to identify 

the shipment that has potential risk, while the trader-based indicators and shipment records can be used 

to verify the plausibility of the identified shipments. 

6.2 Limitations and Future Research 

6.2.1 Research Limitations 

The first limitation of the study was the limited number of HS code that can be covered in the analysis. In 

chapter 4, we have discussed that the data limitation prevents us from constructing association between 

all the HS code to the SIC since the number of shipments for some HS code was limited. Ideally, the new 

mapping should be able to cover the association between all 4-digit HS code and all 4-digit SIC. However, 

due to data limitation, the new mapping can only cover two-thirds of the HS code and one-fifth of the SICs 

in four digits level. We argued that the limitation has something to do with the nature of the trade lanes 

itself. The goods traded in the international trade are usually characterized by the trade regions, such that 

some HS code may not appear or only appear a few times in the trade data on that region. Consequently, 

when we used the dataset for developing the mapping, we cannot establish a conclusion for a certain 

number of HS codes. This analysis already attempted to address this issue by combining dataset from 

three different trade-lane to construct the new mapping to avoid geographical bias. In the future research, 

this problem can be solved by mapping the HS code to the trade regions first before constructing a new 

mapping. By mapping the HS code to the trade regions first, we can identify where the HS code is 

commonly traded so that we can fill in the missing HS code from the new mapping. 

The second limitation is related to the derived risk indicators in the international trade. Some of the 

indicators from the company firmographic category were derived from the present data (i.e. a company’s 

financial health), which does not really reflect the situation at the time the shipment was conducted. This 
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approach is still relevant for establishing a case study analysis as we would like to show how the indicators 

can be operationalized for conducting a risk analysis. However, for future research, the risk analysis could 

be done better if we are able to retrieve the data for the indicators according to the shipment time. 

6.2.2 Future Research 

First, in the research, we identified that there might be an aggregation problem on constructing the HS 

code and SIC association. As can be seen in chapter 3 and chapter 4, we found that the discrepancy 

between mapping result in 1-digit SIC and the more detailed level (2, 3 and 4-digit) are still high. Future 

research can be directed towards identifying the problems that caused such a result. Understanding the 

problem that caused this discrepancy might be useful to provide insights to the stakeholder to incorporate 

the product classification when developing or revising the standard industrial classification in the future.  

Further research can also be directed towards improving the mapping. The new mapping was still lacking 

on discovering the association on some HS code, because some HS code does not appear much in the 

international trade. By resolving the limitation faced by this research, the mapping can be improved 

further to cover all the available HS code and SIC code in practice, since ideally, the mapping should be 

able to map all the HS code to all SIC code. Moreover, in this analysis, we conduct the analysis based on 

4-digit HS code and 4-digit SIC. The current trade practice usually characterized by 6-digit HS code or more. 

New research can be conducted to identify the relationship between HS code and SIC code in the higher 

detail level. Furthermore, it is also suggested to make a separate mapping between HS to SIC for imports, 

and HS to SIC for exports, since there might be differences between the SIC code of companies who 

exports or imports the same commodities. 

Last, further research should be conducted in finding the correlation between the identified risk 

indicators. In this research, we already showed that the risk indicators can be operationalized to improve 

the risk assessment practices in the shipping data. However, the analysis on measuring the correlation 

between indicator is missing in this research due to time and data limitation. Investigating the correlation 

between risk indicators can be beneficial for stakeholders since it implies which indicators that should be 

prioritized when conducting risk assessment. 
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Appendix 1 Description of Relevant Field in the Shipping Dataset 

FIELD NAME Raw Dataset 
or D&B Data 

Field Description 

HS_CODE Dataset/ 
D&B 

The HS Code provided in raw customs data or inferred by 
D&B. The maximum length HS Code available has been 
provided. There can be multiple HS Codes for one 
shipment.  There can also be instances where this field will 
be null due to no HS Code being available (either no HS 
Code identified for entire shipment or an actual value of a 
commodity has been provided, but no HS Code). 

SHIPMENT_ID D&B D&B assigned ID for shipment entry. All commodities on 
the same shipment for the same shipper will have the 
same SHIPMENT_ID. 

Departure Port Name Raw Dataset Foreign port in which cargo was laden on board the 
conveyance destined to the U.S. Null where departure port 
is unknown. 

Departure Port Country Raw Dataset Foreign port country in which cargo was laden on board 
the conveyance destined to the U.S. Null where departure 
port is unknown. 

Actual Arrival Date Raw Dataset The date on which the conveyance actually arrived at the 
first U.S. port. Format: CCYYMMDD 

Port of Unlading Raw Dataset US port of arrival for shipment. Null where port of arrival is 
unknown. 

ESTIMATED WEIGHT 
TON 

D&B Estimated weight (ton) of commodity. Estimation of weight 
per description in section 3.2.5.1. Null where unavailable. 

ESTIMATED VALUE USD D&B Estimated value of commodity (in USD). Null where 
unavailable. 

SHIPPER Party Name Raw Dataset Name of the shipper 

SHIPPER DB DERIVED 
Country 

D&B Country code of shipper's address as derived from 
Customs' address information by D&B 

SHIPPER_DUNS D&B D&B DUNS Number for identified SHIPPER match. 

SHIPPER Match Grade D&B D&B Match grade for identified SHIPPER match 

SHIPPER Confidence 
Code 

D&B D&B Confidence Code for identified SHIPPER match 

SHIPPER MATCH 
SUMMARY 

D&B D&B summary for confidence of SHIPPER match achieved 

CONSIGNEE Party Name Raw Dataset Name of the CONSIGNEE 

CONSIGNEE DB 
DERIVED Country 

D&B Country code of CONSIGNEE's address as derived from 
Customs' address information by D&B 

CONSIGNEE_DUNS D&B D&B DUNS Number for identified CONSIGNEE match. 

CONSIGNEE Match 
Grade 

D&B D&B Match grade for identified CONSIGNEE match 

CONSIGNEE Confidence 
Code 

D&B D&B Confidence Code for identified CONSIGNEE match 
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FIELD NAME Raw Dataset 
or D&B Data 

Field Description 

CONSIGNEE MATCH 
SUMMARY 

D&B D&B summary for confidence of CONSIGNEE match 
achieved 

SHIPPER FREIGHT 
FORWARDER FLAG 

D&B Flag to indicate if the SHIPPER has been identified as a 
Freight Forwarder. 
Y - By SIC: SHIPPER SIC indicates Freight Forwarding 
business 
Y - By FF Match List: SHIPPER DUNS belongs to member of 
a large Freight Forwarding group 
Y - Multi 2 Dig HS CODE: 5 or more different HS2 Codes 
identified for SHIPPER (across all shipments) 

INTRA-
FIRM_SHIPMENT_FLAG 

D&B Flag (Y) to indicate if shipment is intra-firm (i.e. shipper and 
consignee Global Ultimate DUNS are the same) 

 


