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Abstract 

In the globalized world we live in, international trade plays a massive role in providing people with 

products from bananas to computers. With this in mind, a good understanding of international trade 

is important for a firm understanding of the world and essential for any large private or state actors 

to plan policy. However, with the sheer number of different products to trade and countries to trade 

them, there is a lot of data to analyze. Data visualization can show this data in a much easier form 

for humans to understand and analyze. This paper explores various techniques and tools for 

visualizing international trade data after a brief look at some relevant concepts. 
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1 Introduction 

International trade is used to meet the material needs of many people across the globe. Its importance in keeping 

so many people alive behooves anyone seeking to understand the modern world to have a better understanding 

of it. 

Data visualization helps researchers analyze large amounts of data by showing it in a form that makes it 

easier for humans to understand. Considering that international trade involves the exchange of myriad types 

and quantities of goods between many different countries by different means of transportation (among other 

factors), there is a lot of data to be collected and analyzed about it; this makes data visualization useful for this 

domain. 

This paper seeks to review the literature on the intersection of international trade and data visualization to 

discuss different approaches being used. The rest of the article is as follows. Section II covers some background 

information that is helpful to know when talking about international trade. Section III details numerous 

techniques for visualizing international trade data. Section IV describes two interactive tools for visualizing 

international trade. Section V concludes the paper. 

 

2 Background Information 

There are many aspects of international trade and numerous variables that researchers consider, along with 

several important concepts that help in interpreting global trade data. This section introduces several concepts 

that are relevant when trying to make sense of international trade data, explains why they are relevant, and 

briefly summarizes them. 
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2.1 Network Analysis 

International trade can quite intuitively be modeled as a graph where each country is a vertex and trade between 

each individual country is an edge, and has been modeled as such by economists as far back as the 1940s 

(Hilgerdt 1943). Data in this category are concerned primarily with which country/region is trading with which 

other countries/regions; trade volume (for bilateral trade taken as a whole or imports and exports individually) 

between countries or types of products traded may be included, but are examined through the lens of how the 

network is structured. 

One aspect of network topology that is often subject to study is the presence and composition of 

communities. A community is a group of vertices in a network that has many edges between members of the 

group but few edges between members and nonmembers (Newman 2018). Applying community detection to 

international trade networks helps reveal the structure of those networks; (Jiang et al. 2021), for example, 

showed that the global primary product trade network fell into 3 large communities with a few countries having 

significantly more connections (bilateral trade with other countries), as well as significantly more high weight 

(trade volume) connections, than most other countries in their community. Communities can also be analyzed 

for their consistency (Lee et al. 2021), which was used by Cho et al. (2023) to show that a country’s 

membership inconsistency (see Figure. 1) impacts its instability in terms of external intervention. 

 

Figure 1: Two alternate conFigureurations for dividing a simple network into communities. Notice that there 

are 2 groups of 5 nodes and that node 5 is where they overlap. Because it has the same number of edges for 

each group, which community node 5 belongs to tends to vary between different conFigureurations of 

community detection algorithms, while the other nodes will consistently belong to the same community. This 

is a membership inconsistency. Image taken from (Cho et al. 2023, Figure. 2a) and reused under Creative 

Commons CC BY 4.0 license (https://creativecommons.org/licenses/by/4.0/). 

Besides looking at which nodes are connected and how strong those connections are, network analysis often 

involves studying how nodes connect to their neighbors. To that end, researchers employ a useful concept: 

subgraphs. A graph 𝐺𝑠 is a subgraph of the graph 𝐺 if the set of 𝐺𝑠’s nodes and lines are subsets of 𝐺’s nodes 

and lines respectively (Wasserman and Faust 1994, 97). While there are many types of subgraphs that can be 

made, triads are of particular interest to researchers. “A triad is a subgraph consisting of three nodes and the 

possible lines among them” (Wasserman and Faust 1994, 99). Triads are the smallest possible graphs that truly 

have the character of a society (Robert A. Hanneman and Riddle 2005). In existing literature, triadic analysis 

has empowered researchers to gain deep insights into social systems such as discovering that the role a of a 

country in a given triad type correlates with its stage of economic development (Shutters and Muneepeerakul 

2012) and discovering that the international energy trade network is topologically stable even after having 80% 

of its nodes removed, indicating that it is robust against disruptions (Shutters et al. 2022). 

Another aspect of network topology useful to the study of international trade is its centrality statistics, which 

are used by researchers to compare the roles of nodes within a network (Gönçer-Demiral and İnce-Yenilmez 

2022). There are four centrality statistics used by the literature reviewed in writing this paper: degree centrality, 

which is defined the degree of a node (i.e. the number of other nodes the node in question is connected to); 

closeness centrality, which is derived from the average distance between a node and any other node in the 
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network; betweenness centrality, which is based on how often a given node appears in the shortest path between 

pairs of nodes in the network; and eigenvector centrality which, roughly speaking, is based on how central all 

of the neighbors of a given node are (Jackson 2010). Centrality statistics have been integral in some serious 

research, such as establishing localization (a feature of eigenvector centrality) as a sign of impending global 

crises (Alves et al. 2022) and examining the structure of China’s Belt and Road Initiative (Liu et al. 2018). 

2.2 Products 

A necessary part of trade (international or otherwise) is a commodity to exchange, whether it be raw materials 

like ore and crude oil, more labor-intensive products like machinery, or even intangible goods like software or 

entertainment media. With all the types of products there are to exchange, researchers can use information 

related to products traded to gain insights into the global economy. Besides the previous truism about trade 

requiring something to trade, the kind of products a country produces strongly influences what and with whom 

that country trades, its development level, and inequality both within and outside its borders. To better 

understand this, and to illustrate the importance of product data in the study of international trade more broadly, 

it is helpful to take a moment to discuss the concept of comparative advantage. 

A. Comparative Advantage 

Comparative advantage concerns how a country that conducts foreign trade can efficiently allocate resources 

among its commodity producing sectors, specifically whether it should produce certain goods itself or rely on 

imports from other countries to meet demand; ideally, the country can meet its demand for a given product 

while minimizing the resources spent to acquire it, leaving more resources to acquire other goods and services 

(Warr 1994). Ricardo (one of the earliest and most noteworthy economists to expound the principle) expressed 

this principal in a thought experiment: suppose it takes England the work of 100 people to meet its supply of 

cloth and the work of 120 people to meet its yearly demand of wine; in addition, suppose it takes Portugal the 

work of 90 and 80 people respectively towards these ends. Intuition may lead one to think that, due to the lower 

cost of production for both commodities, both England and Portugal should source both commodities from 

Portugal. However, Ricardo argues that it would be most efficient from the perspective of both countries for 

England to source cloth locally and import wine from Portugal, and vice versa for Portugal. This is because 

neither country would need to divert capital away from industries in which it is most effectively mobilized. In 

Ricardo’s own words, “[C]loth cannot be imported into Portugal, unless it sells there for more gold than it costs 

in the country from which it was imported; and wine cannot be imported into England, unless it will sell for 

more there than it costs in Portugal.” (Ricardo 2010) 

The model just espoused is, of course, quite simplistic. In the two centuries since Ricardo expounded the 

principle, there have been models that seek to account for the complex factors involved with international trade 

while still preserving the core idea of relative costs to produce goods predicting trade relationships and 

benefiting all involved (Jones 2008; Costinot 2009), as well as others who argue it is has so little use in policy 

or prediction making that it should be dismissed entirely in favor of another concept (Warr 1994; Schumacher 

2013). A thorough exploration of critiques, defenses, and modifications of the principle of comparative 

advantage is beyond the scope of this paper; the brief explanation given is sufficient both to emphasize product 

data’s importance in international trade research and to provide the background to understand an aspect of 

international trade that lends itself well to data visualization: the product space. 

B. The Product Space 

A country may have a set of endowments that make different commodities more or less costly to produce, but 

it can only grow its economy so much by juggling which commodities it sources locally and which it sources 

from foreign trade. As new commodities are introduced into the world market, the country will be repeatedly 

faced with the local vs import decision; regardless of the choice, the mobilization of existing capital into new 

industries will be necessary. How can one know which industry a country can branch into to actualize the 

benefits of its comparative advantage, and how can one predict which industries a country will branch into 

given its existing industries? While many models grouping similar products together based on various factors 
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have been made over the years based on a priori notions of similarity, a widely used and relatively recent 

model, the product space, offers an explanation based on trade data for many different countries (Hidalgo et 

al. 2007). 

Core to the concept of the product space is the idea that if two products require similar combinations of 

factors to produce (meaning they’re related), then they should both tend to be produced at the same time by 

any given country and vice. versa (Hidalgo et al. 2007). Two products are considered similar based on the 

conditional probability of a country having a relative comparative advantage (i.e., whether a given country’s 

share in exports for a given product is greater than its share of total (Balassa 1965)) for both products (Hidalgo 

et al. 2007). 

 

3 Visualization Techniques 

As the previous section has shown, researchers use a multitude of different models to make sense of 

international trade. For those models to be put into practice, data from the real world is required; the massive 

and complex datasets related to international trade mean the subject can benefit greatly from the use of 

information visualization, which enables quick and efficient interaction with large datasets to make discoveries 

(Gershon et al. 1998). 

 

Figure 2: Directed node-link diagram of trade flow in the world trade network that uses a geo layout 

algorithm to space the nodes relative to each other, similar to a world map. Trade volume is represented as 

the thickness of each edge. Taken from (Gönçer-Demiral and İnce-Yenilmez 2022, Figure. 1) by Gönçer-

Demiral and İnce-Yenilmez. Reuses following Springer’s open access license 

(https://www.springeropen.com/about/policies/reprints-and-permissions). 

 

3.1 Node-link Diagrams 

Considering that international trade consists of many networks, node-link diagrams are a natural choice to 

show the relationship between data points. The aspect of international trade most intuitively visualized with 

the node-link diagram is trade flow. A basic node-link diagram of global trade flow might have each country 

as a node and trade flow between each country as an edge (directed or undirected, depending on what is more 

useful for a particular study). If a researcher wants to show the volume of the trade flow for edges, they often 
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use thickness, with more thickness meaning a higher volume and vice versa. Figure. 2 shows some node-link 

diagrams that meet this description. 

One downside of node-link diagrams is that, given a sufficiently large or dense network and a naive node 

layout algorithm, a node-link diagram can be visually cluttered and thus difficult to read (Didimo et al. 2024). 

While none of the link diagrams used in the literature reviewed reached the level of "hairball drawing" (Didimo 

et al. 2024, Figure. 1.3a), the diagrams are often complex to the point where it is hard to visually glean all but 

the most general information. This comports with the findings from (Huang et al. 2009), which show that even 

node link diagrams with as few as 25 nodes and 98 edges (trifling amounts compared to what are used in node 

link diagrams of the international trade network) are sufficiently large and dense to create enough cognitive 

load to cause errors in the performance of complex tasks. One potential technique to make node-link diagrams 

easier to understand is the topological attribute map (Preiner et al. 2020). 

Often, researchers aren’t interested in the flow of all products through all countries in the world trade 

network; they may also want to view the network at different periods of time. Handling this is usually as simple 

as putting the different divisions of data into different node-link diagrams. Figure. 3 shows a visualization 

applying all three constraints. 

 

Figure 3: Yearly trade flow of raw materials between the US, China (C), Japan (J), South Korea (K), and 

India (I) from 1992-2020 (Yazawa 2023, Figure. 8). Yazawa’s work is reused here under the Creative 

Commons CC BY 4.0 license (https://creativecommons.org/licenses/by/4.0/). 
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Figure 4:  A map of routes and ports from a paper studying trade between India and countries in the Caspian 

Sea (Khan et al. 2023, Figure. 3). This Figure from Khan et al. reused under the Creative Commons CC BY 

4.0 license (https://creativecommons.org/licenses/by/4.0/). 

 

Figure 5: Visualization of a community analysis of the world trade network in 2019 (Gönçer-Demiral and 

İnce-Yenilmez 2022, Figure. 4a). This Figure by Gönçer-Demiral and İnce-Yenilmez is reused following 

Springer’s open access license (https://www.springeropen.com/about/policies/reprints-and-permissions). 

 

A node-link diagram can show more than just who is trading with whom and the magnitude of that trade. 

For instance, node-link diagrams are an effective way to show community structure. Color, positioning, or 

some combination of both can be used to display which countries are part of which community, as can be seen 

in Figure. 5. Using different colors for connections between clusters (communities in this case) and within 

clusters can enhance viewers’ ability to perceive how connected nodes are to similar nodes (Reimann et al. 

2023). Further, some orderable node-link layouts—like arc diagrams, symmetrical arc diagrams, and radial 

diagrams—show promise in aiding users to count clusters with more speed and accuracy (Al-Naami et al. 

2025). 
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3.2 Maps 

Since international trade deals with the spread of goods across the world, it is not surprising that maps are used 

for visualization of international trade data. Maps lend themselves particularly well to data that are spatial in 

nature, notably trade routes. 

In its simplest form, a map can show the world (or a region of the world) with some relevant features 

marked, such as borders, trade routes, and ports (Figure. 4). This works well for information that is likely to 

remain stable over a long period of time. For scalar data that varies by region, choropleth maps are a popular 

choice (though care must be taken to account for biases arising from human perception, such as the dark-is-

more bias and area-size bias) (Schiewe 2019). When looking at such data over time, banded choropleth and 

tile maps show promise effectively helping users understand regional (though not global) changes over time 

(Calvo et al. 2023). 

Different kinds of maps used for tracking trade routes used by vessels. (a) shows vessel location trends from 

January 2012 to March 2016, with purple being an upwards trend, green being a downward trend, and the 

shade depending on confidence (Arco et al. 2021, Figure. 10). (b) uses linear kernel density based on real-time 

cargo ship locations to show trade routes (Shen et al. 2020, Figure. 11b). Both Figures are reused under the 

Creative Commons CC BY 4.0 license (https://creativecommons.org/licenses/by/4.0/). 

There is one type of map that is different enough from other map visualizations that it warrants its own 

section to discuss. 

A) 

 

B) 

 

Figure. 6: Different kinds of maps used for tracking trade routes used by vessels. (a) shows vessel location 

trends from January 2012 to March 2016, with purple being an upwards trend, green being a downward 

trend, and the shade depending on confidence (Arco et al. 2021, Figure. 10). (b) uses linear kernel density 

based on real-time cargo ship locations to show trade routes (Shen et al. 2020, Figure. 11b). Both Figures are 

reused under the Creative Commons CC BY 4.0 license (https://creativecommons.org/licenses/by/4.0/). 

 

3.3 Digital Trade Feature Map 

The digital trade feature map (DTFM) was created to study trade features for product types at a small scale. 

Other methods, including the product space, were too complicated to be used for the researchers’ focus of 

studying bilateral trade between the US and China (Ye et al. 2020). The digital trade feature map makes a uses 

a grid to show different areas corresponding to different product categories by HS (Harmonized Product 

Description and Coding System) 2-digit codes; each cell corresponds to a product type by HS 4-digit code (Ye 

et al. 2020). In the literature surveyed for this paper, there were only 2 that used the DTFM (Ye et al. 2020; 

Han et al. 2023). Figure. 7 shows a DTFM in action. 
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Figure 7: Digital trade feature map based on US-China bilateral trade from 1992 from 2018 (Ye et al. 2020, 

Figure. 5). Reused under Creative Commons CC BY 4.0 license 

(https://creativecommons.org/licenses/by/4.0/). 

 

 

 

A) 

 

B) 

 

Figure. 8: Dendrograms. (a) is a dendrogram of hierarchical year span clusters [25, Figure. 9]. (b) is a 

dendrogram of economic dominance of buyers based on eigenvector centrality from 2000-2014 [12, Figure. 

3]. Both Figures reused under Creative Commons CC BY 4.0 (https://creativecommons.org/licenses/by/4.0/). 

 

3.4 Sankey Diagrams 

A Sankey diagram is a visualization technique that displays flows from one place to another. In the Sankey 

diagrams found in the literature reviewed for this paper, there is typically a group of buckets on the left and 

https://creativecommons.org/licenses/by/4.0/
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right sides of the diagram with flows going from one bucket to another. The buckets are arranged vertically on 

top of each other in descending order, and the thickness of the flow lines corresponds to the magnitude of the 

flow being represented. This combination of properties makes it easy to discern the relative size of flows 

compared to certain other flow diagrams (Gutwin et al. 2023). If more data than just flow needs to be tracked, 

there exist hybrid Sankey diagrams (Lupton and Allwood 2017). 

3.5 Dendrograms 

Sometimes a researcher needs to show a visualization for a hierarchical relationship. In the literature reviewed 

for this paper, dendrograms tend to be employed when some form of data clustering is used, such as clustering 

by similarity of trade data over spans of years (Yazawa 2023, Figure. 9), clustering by community along 

different co-occurrence thresholds (Cho et al. 2023, Figure. 3), and economic dominance of different trade 

blocs (Alves et al. 2022, Figure. 3). Researchers of international trade may find use in other cluster visualization 

techniques, such as stacked trees (Bisson and Blanch 2012) or the hybrid approach used in (Blanch et al. 2015). 

Some dendrograms can be seen in Figure. 8. 

Dendrograms. (a) is a dendrogram of hierarchical year span clusters (Yazawa 2023, Figure. 9). (b) is a 

dendrogram of economic dominance of buyers based on eigenvector centrality from 2000-2014 (Alves et al. 

2022, Figure. 3). Both Figures reused under Creative Commons CC BY 4.0 

(https://creativecommons.org/licenses/by/4.0/). 

 

4 Visualization Tools 

The visualization methods discussed previously are all static: They can be generated, put in a paper, and looked 

at, but that is the extent of their use. This is perfectly fine for publications like journals or conference papers 

where the visualization pertains to the research performed in the paper. However, sometimes researchers want 

to use visualizations to explore data in order to form new hypotheses, and sometimes the person exploring the 

data is a non-expert. To this end, some interactive tools were created to facilitate data exploration. This paper 

covers two of them. 

4.1 A Visual Analytics Framework for Spatiotemporal Trade Network Analysis 

Created to help researchers explore local trade structures and vulnerabilities while avoiding over-plotting, the 

model from (Wang et al. 2019) uses triadic analysis to detect anomalies, combines time series analysis with 

clustering to compare potential anomalies between countries, visualizes trade influences over countries with a 

diffusion graph, and integrates correlation analysis with anomaly detection to enable visual analysis of the 

impact of trade-related anomalies on social instability. The tool consists of various visualizations arranged into 

one interface. 

The first view is a correlation-based country-product matrix. The shade of each cell corresponds to the 

number of correlations, with darker shades meaning a higher number and lighter shades meaning a lower 

number. The matrix is sorted so that darker shades tend towards being in the top left. Upon selecting one or 

multiple cells, the user is presented with a detailed view that displays individual correlations. These correlations 

give a hint of possible links between trade and stability and serve as a starting point for the user to identify a 

starting point for analysis. Once a country and product pair is selected, more visualizations become available. 

One such visualization is the anomaly time series, which makes it easier for users to detect anomalies as 

they happen over time and possibly hypothesize what world event said anomalies correspond to. The authors 

define an anomaly as a sudden rise or drop from the previous year. Users can view the trade measures, triad 

counts, and social stability by year. 

Prominently displayed in the interface is the main choropleth map, which allows users to see the relations 
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between a selected country and the rest of the world with respect to trade measures, dependency and leverage, 

and triad distribution for a given product. There is also a view of several choropleth maps to show users which 

other countries are similar to the selected one in terms of anomalies. 

In addition to all that was listed, there are also views for tracing how anomalies in one country impact other 

countries. 

4.2 VIEA 

VIEA, the visualization tool from (Wu et al. 2024), was created to empower novice users and experienced 

users who have advanced requirements to conduct economic research. Like the previously discussed tool, 

VIEA has many different visualizations combined into one interactive interface. 

One of the most standout views is the Maptrix view, which looks like a matrix rotated 45° that has lines 

running from its various cells to different countries on two copies of a world map. It makes exact import and 

export values clear at the expense of not being able to see the structure of an industry. 

Another view shows a graph similar to those discussed, with nodes being countries and trade flows being 

edges. To reduce clutter, only the biggest trade partner for each country is presented. 

Other views included in the interface include: a country list with radar charts with features for each industry 

category; a comparison view with a world map that users can drag radar charts from the country list onto to 

see which countries import more from each country that is being compared; a stacked chart of total exports 

from each industry to help users locate a year they want to investigate; a timeline strip with which users can 

set the time they are interested in studying; and a tabular view of raw data. 

 

5 Conclusion 

This paper covers some concepts useful to understanding international trade, presents several techniques that 

are used to visualize world trade data, and introduces two tools that allow users to explore said data using 

various visualization techniques via an interactive graphical user interface. It discusses the advantages and 

disadvantages of each visualization and provides applications.  

We systematically surveyed the fundamental concepts and key techniques employed for visualizing the 

complex, high-dimensional data generated by international trade. We established that due to the sheer volume 

and intricate nature of global trade statistics, effective visualization is critical for converting raw data into 

usable knowledge for policymakers and business leaders. Our review first grounded the discussion in core 

theoretical frameworks, detailing the utility of Network Analysis concepts, such as community detection, 

triadic structures, and centrality metrics for modeling trade relationships. Furthermore, we emphasized the 

importance of product-level data, showcasing the theoretical power of Comparative Advantage and the 

practical, data-driven mapping provided by the Product Space.  
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