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A B S T R A C T   

Trade contributes to the redistribution of resources among countries and regions. One of the most widely used 
data sources is the United Nations Commodity Trade Statistics Database (UN Comtrade). Nevertheless, data 
issues still limit its validity, trustworthiness, and use. A critical issue is the lack of commodity weight infor-
mation. It relies heavily on data quality to determine the global market’s suppliers and consumers. Thus, trade 
needs reliable methods for filling in the missing physical values. Using statistical approaches, we estimate 
missing physical values for commodities, countries/areas, and years. The impact of handled data on countries 
and commodities varies considerably; for example, South Africa’s net weight rose by 117% and clocks’ and 
watches’ by 63% (HS0, 1988–2019), compared with their original data. The directions of net trade flows for 
10594 records have been reversed. Finally, the bilateral asymmetry problem improved. Overall, this paper in-
troduces a novel approach for improving data accuracy.   

1. Introduction 

Trade has long been a subject of great interest in various fields (Chen 
et al. 2019). In recent years, there has been increasing interest in eval-
uating the impact of trade on people’s lives and the planet (Dalin et al. 
2017; Zhang et al. 2017). Trade plays a crucial role in redistributing 
resources and wealth among countries and regions (Xu et al. 2020b; 
Yang et al. 2020). For example, trade is vital to circular economy 
development (Wang et al. 2020b). Over the last few decades, resource 
trade has resulted in a growing share of global resources extraction, 
reaching 24.8% in 2017 (Figure A1). Therefore, it is necessary to 
quantify the material flows accompanied by trade, which involves 
diverse processes. 

The United Nations Commodity Trade Information Database (UN 

Comtrade), established in the early 1960s, is one of the most extensive 
and accurate international trade statistics databases. For more than 50 
years, it has supplied a plethora of trade information to policymakers, 
business communities, academic institutions, and the general public 
(Comtrade 2019). It stores standardized annual, and monthly trade 
statistics supplied by countries/areas and reflects detailed international 
commodity flows between partners, accounting for up to 99% of global 
merchandise trade (Comtrade 2019). Many kinds of research, including 
our earlier ones, have shown, however, that missing values in UN 
Comtrade pose statistical issues that can lead to considerable trade 
misunderstanding (Espinoza and Soulier 2016; Nakajima et al. 2018; 
Shi et al. 2021) and the severity of the situation worsens as the pro-
portion of missing values rises. This problem exists for all commodities, 
countries, and years (Table A1). The lack of data will result in 
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underestimating material flows and environmental influence. However, 
it will also cause net flow reversals (e.g., shifting from net importers to 
net exporters). There is thus a pressing need to address the problems 
associated with missing values in the UN Comtrade database. 

In recent years, the proportion of missing values (namely missing 
monetary values, missing physical values, and both missing, see 
Figure A2) has increased. The missing weight data is the most common, 
and in this study, we focus on missing physical values. The following 
reasons may cause missing physical values: 1) Little focus on trade 
weight. Custom reports of various countries mainly focus on money 
rather than weights; 2) Wrong unit conversion (Brewer et al. 2020a; 
Brewer et al. 2020b). Some commodities are not reported in kilograms 
(kg, for example, natural gas). It may result in errors when converting 
their unit to kg; 3) The lack of unit conversion. Custom data are given in 
"quantity"; however, UN Comtrade data are released in "net weight". UN 
Comtrade may overlook some data when filling out the "net weight", 
resulting in "false data missing". 

Previous studies have used the global average price of a specific 
commodity or the linear regression method (Dittrich and Bringezu 2010; 
Dittrich et al. 2012; Farhan 2015). In addition, UN Statistics Division 
(UNSD) estimates missing data using the median and unit prices (United 
Nations Statistics Division September,2017). These methods, however, 
ignore the varieties between commodities, reporters, and years, limiting 
their usefulness to the UN Comtrade database. For instance, these 
methods assume that the price of a car is constant worldwide, which is 
inconsistent with reality. Furthermore, these methods are inapplicable 
to custom data reported in kg because trade weight can be determined 
simply from "quantity". 

This paper is the third one in this series on addressing data quality 
issues of the UN Comtrade database. Our first paper presents the status 
quo, causes, existing solutions, and challenges of data quality issues 
(Chen et al. 2022). The second paper establishes an improved frame-
work to identify outliers (Jiang et al. 2022). This third paper aims to 
develop a framework to handle missing physical values in UN Comtrade 
for all commodities from 1988-to 2019. We also quantify the data 
quality improvements to examine the influence of missing physical 
values. The rest of this paper is structured as follows. The second section 
summarizes the primary methods used in this study. The third section 
presents the results and a brief critique of the findings. The fourth sec-
tion compares these methods and discusses the limitations of this 
research. The fifth section highlights the main conclusions of this study. 

2. Methods 

2.1. The classification of data and data miss 

UN Comtrade data includes statistics from the original unit of mea-
sure (as indicated in Table 1). Missing values include missing monetary 
value, missing physical value, and both missing. The missing monetary 
values are primarily the result of omissions; however, the reasons for 
missing physical values are more complicated (already introduced in the 
first section). This study only shows the results of missing physical 
values. With the same framework, missing monetary values can be 
handled similarly to missing weights. When the trade value is missing, 
the trade value can be calculated by combining the trade weight data 
with the price calculated from the trade data of other countries. 
Although we can locate them, the records (less than 0.02%) will be 
erased from the database if the missing values remain after processing. 
This is mainly because we cannot estimate the missing values by using 
any method or bilateral records. 

2.2. The model of dealing with missing physical values 

We developed a two-step framework. First, the original data reported 
by customs in kg are filtered, and "net weight" data not recorded in UN 
Comtrade trade are filled with the original "quantity" data reported by 

official customs, namely quantity(qty) in the raw UN Comtrade data. 
Second, the missing physical values are handled (Fig. 1). In particular, 
outliers (i.e., the data record whose unit price is unusually high or low) 
in these data were identified in our previous work of this series. These 
identified outliers are then corrected with estimated values using this 
framework. The data we used in this study are the UN Comtrade data 
during 1988–2019 for 5037 commodities based on the Harmonized 
System version 0 (HS0) classification. 

The general process of our framework is as follows. Firstly, the type 
of missing value needs to be determined. If the trade value with the 
United States Dollars (USD) unit is missing, we go directly to the next 
step of training models. If the weight is missing, we need to determine 
whether the original unit is kg or not. The data whose original unit is kg 
(reported by customs) can be directly obtained from the ’quantity’. If the 
data cannot be obtained from ’quantity’, we will follow the processing 
framework to handle the missing values. Secondly, the data with no 
missing values are selected based on the missing data’s attributes (i.e., 
year, reporter, and partner), of which 70% are used as the training 
dataset for model training, and 30% are used as the test dataset for 
model testing. Existing studies show that 70%–30% of dataset combi-
nations work well for large samples to perform cross-validations 
(Nguyen et al. 2021). Specifically, we first select non-missing data that 
meet the conditions based on some features of the missing data (such as 
year, country, and commodity). Moreover, we randomly divided the 
non-missing data satisfying the missing data attributes into 70% and 
30% datasets with 100 different combinations (James et al. 2013). Thus, 
we will assume that 30% of the data is missing and compare the estimate 
with the actual. Then we choose a more appropriate method for the 
missing data. Finally, we use the selected methods for estimating. 

2.3. The seven specific methods and their differences 

We selected seven methods based on previous studies, reality (trade 
prices are frequently related to partners) and missing rate. For example, 
if there are missing physical values on China’s imports of Japan’s cars, 
the following two factors should be considered: 1) the price of China’s 

Table 1 
The comparison of different units.  

Code Unit Description Missing 
records 

Missing rate 
(missing 
records / 
total records, 
%) 

Trade value 
proportion 
(%) 

1 - No quantity 9911,476 34.4 8.9 
2 m2 Area in square 

meters 
701,127 26.3 0.3 

3 1000 
kWh 

Electrical 
energy in 
thousands of 
kilowatt-hours 

10,355 92.7 0.2 

4 m Length in 
meters 

148,997 62.7 0.03 

5 U Number of 
items 

9131,917 14.1 24.7 

6 2u Number of 
pairs 

301,239 12.1 0.7 

7 l Volume in 
liters 

134,758 4.4 1.3 

8 kg Weight in 
kilograms 

2297,516 0.9 63.3 

9 1000u Thousands of 
items 

4135 20.5 0.009 

10 U(jeu/ 
pack) 

Number of 
packages 

2450 7.5 0.002 

11 12u Dozens of items 9234 100.0 0.001 
12 m3 Volume in 

cubic meters 
70,327 10.1 0.4 

13 carat Weight in 
carats 

57,289 44.4 0.4  
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traded cars; 2) the price of Japan’s traded cars. Then, based on the 
missing rate of the reporter’s data (China in this example), three clas-
sical methods can be chosen: median price, unit price, and average unit 
price. Suppose the reporter’s data is substantially missing. The three 
methods listed above can be used for model training by using the partner 
data (Japan in this example). Finally, if none of the above methods 
performed well, the global unit price of the car was used to fill in the 
missing physical values. Comparisons of applicability between methods 
will be discussed in Section 4. 

The following is an overview of the seven methods. The model 
training will not use cross-year data. For example, if some data (e.g., 
trade weight) in 2010 is missing, then only the data in 2010 will be used. 
This paper uses unit price, average unit price, and median unit price. In a 
specific sample, the unit price is the trade value divided by the trade 
weight; the average unit price is the sum of unit prices divided by the 
sample size; the median unit price is the median value calculated from 
unit prices. The net weight value will be determined for a missing value 
using reporter c, year t, commodity m, and partner i0: 

1. Average unit price of the reporter. First, the average unit price of a 
reporter in year t is calculated. Next, the weight value is estimated by the 
trade value divided by the price. This model can be easily calculated by: 

Pctm =
1

nctm

∑

i∕=i0

Vctmi0

Wctmi0
(1)  

Wcti0 =
Vctmi0

Pctm
(2) 

Where 
Wctmi is the weight value for reporter c, year t, commodity m, and 

partner i; 
Pctm is the average unit price of the reporter c for commodity m in 

year t; 
nctm is the number of partners reported by reporter c for commodity 

m in year t; 
Vctmi is the trade value reported by c for commodity m in year t with 

partner i. 
2. Average unit price of partners. Instead of using the reporter’s data, 

this method uses the partner’s average unit price for estimating. 

Pi0 tm =
1

ni0 tm

∑

j∕=c

Vi0 tmj

Wi0 tmj
(3)  

Wcti =
Vctmi0

Pi0 tm
(4) 

The notation here is the same as the formula above. 
3. Linear regression model with the data reported by country c in 

year t and commodity m. The formula is given by: 

Wctm = β1Vctm + ∈ctm (5) 

Fig. 1. Framework by which missing values are estimated.  
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Where 
β1 is the parameter that needs to be estimated from the model; 
Wctm is the net weight reported by c for commodity m in year t; 
Vctm is the trade value reported by c for commodity m in year t; 
∈ctm is the mistake function of this situation, which obeys a normal 

distribution. 
4. Linear regression model with all the data in year t and commodity 

m. The formula is given by: 

Wt = β1Vt + ∈cti (6) 

Where 
β1 is the parameter that needs to be estimated from the model; 
Wt is the total net weight in year t; 
Vt is the total trade value in year t; 
∈cti is the mistake function of this situation, which obeys a normal 

distribution. 
5. Calculation of the median of the unit price of reporter c in year t 

and commodity m, followed by using the trade value of partner i0 to 
calculate the net weight value. For example, if data are missing for a 
specific commodity exported from China to other countries, and the unit 
prices of the non-missing values are $1.8/kg, $2.7/kg, and $3.9/kg, then 
$2.7/kg is the appropriate value. 

6. Calculation of the median of the unit price of reporter c in year t 
and commodity m, followed by using the trade value of partner i0 to 
calculate the net weight value. For example, if there are missing physical 
values for a specific commodity exported from China to a country, and 
the unit prices of the commodity reported in this country are $1.1/kg, 
$2.8/kg, and $3.3/kg, then $2.8/kg is the appropriate value. 

7. Calculation of the average unit price in year t and commodity m, 
followed using the trade value of partner i0 to calculate the net weight. 
Suppose there are missing data related to a commodity exported by 
China to other countries. The world trade unit price for this commodity 
is $1/kg, $3/kg, and $3/kg, then (1 + 3 + 3) / 3 = $2.33/kg is the 
appropriate value. 

Comparison index. To evaluate the applicability of the seven 
methods, the following comparison index (Ong et al. 2013) is proposed 
to compare the effectiveness of the different methods: 

Sj =
1

100
∑100

1

1
n

∑n

i=1

|yi − ŷi |

var(y)
(7) 

Where 
Sj is the performance of the jth method; 
n is the number of records in the validation set; 
yi is the ith weight value; 
ŷi is the estimated weight values; 
var(y) is the variance of weight values in the validation set. 
Normalized comparison index. The min-max normalized compar-

ison index allows for comparing different methods’ results (Mazziotta 
and Pareto 2013). For clarity, the comparison index S of each method is 
normalized by the following formula: 

Snew =
S − Smin

Smax − Smin
(8) 

Where 
S is the old value; 
Snew is the new value from the normalized results; 
Smin is the minimum value in the dataset; 
Smax is the maximum value in the dataset. 
w index. Comparing original and processed data weights is the 

objective of this indicator. The closer the indicator is to 1, the less impact 
missing values have on product or country trade data. The formula is as 
follows: 

w =
Whi

Woi
(9) 

Where 
Whi is the trade weight of the Commodity i after processing or the 

trade weight in country i after processing; 
Woi is the original trade weight of the Commodity i or the original 

trade weight in country i. 

3. Results 

In the Material Flow Analysis (MFA) research, the trade records and 
the trade weight are very important factors. Trade records can charac-
terize the network architecture developed by countries using graph 
theory. Trade weight can reflect the complex changes in material flow 
between countries. Firstly, this section shows the distribution of the 
missing values by time, country, and commodity, which demonstrates 
the change in the trade records compared to discarding missing physical 
values directly. Secondly, this section shows the overall trade weight 
changes between original data and clean data. Finally, the specific re-
sults are described in order of the different objectives of the MFA studies. 
Due to the similar patterns of the 6-digit HS codes under the 2-digit 
codes, this study summarizes the 6-digit codes’ results into the 2-digit 
codes. The cleaned dataset (2-, 4-, and 6-digit) can be accessed via 
www.macycle.org/improved-un-comtrade-data/. 

3.1. Missing value distribution 

Most of the missing physical values occur before 2000 and after 
2006. In Fig. 2, the most noticeable pattern is the dramatic drop in the 
number of missing records and the missing rate in 2000. The number of 
missing records and the missing rate were 1.4 million and 15.4%, 
respectively, in 1999. After a dramatic drop in 2000, there was a gradual 
increase. The number of missing records climbed from 0.2 million in 
2000 to 0.9 million in 2018, with a missing rate of 6.2% in 2019. This is 
due to a significant reduction in missing values for commodities in item 
and meter units (Figure A3). Before 2000, there was a significant 
quantity of missing values for commodities with these two units. How-
ever, after 2000, there was a significant reduction. Other goods in ki-
logram units contributed significantly to missing physical values after 
2000. This also indicates that the actual values for replacing the missing 
physical values may be obtained easily from the original custom data. 
After 2000, the number of missing records for some commodities with 
non-kg units dropped dramatically, as seen in Figure A3. 

Missing physical values pose severe problems in American countries, 
and the total physical trade of African countries is susceptible to missing 
physical values (Fig. 2). Missing physical values are the most in the USA 
and Canada, with 3 million and 2.2 million records, respectively, rep-
resenting 24.8% and 34.1% of their respective data totals. Aside from 
these two countries, Singapore and China are missing 1.4 million and 1 
million records, respectively, representing 26.6% and 11.4% of their 
total data. Turkmenistan and Canada have more significant data missing 
rates than the rest of the world (51.7% and 33.2%). Most of these 
countries usually export goods, particularly resource-related items, and 
weight data for these commodities are usually lacking. Natural gas is the 
most common commodity. Its original units are cubic meters; UN 
Comtrade did not convert these to weight on time may explain why 
there are so many missing records for this commodity. These issues are 
simple to resolve. The overall trade weight in these countries was 
dramatically raised once the data was handled. Lesotho and South Africa 
were the two countries that improved the most, with gains of 165.4% 
and 116.6%, respectively. Countries with modest trade volumes 
accounted for the majority of the countries with minor increases. 
Table A2 provides detailed information. 

Missing physical values primarily exist in high-value-added com-
modities (Table A3), such as Commodity 85 (electrical machinery and 
equipment and parts thereof; sound recorders and reproducers; televi-
sion image and sound recorders and reproducers, parts and accessories 
of such articles), Commodity 84 (nuclear reactors, boilers, machinery 
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and mechanical appliances; parts thereof), and Commodity 91 (clocks 
and watches and parts thereof). Commodities in Commodity 85 (elec-
trical machinery and equipment and parts thereof; sound recorders and 
reproducers; television image and sound recorders and reproducers, 
parts and accessories of such articles) are critical for economic 

development, with a trade value proportion of 14.6% but a missing rate 
of more than 10%. This type of commodity research may lead to certain 
misunderstandings. For example, the principal net exporter of machin-
ery and equipment could be a net importer. Misinterpretations like these 
do not help policymakers since they prevent the desired regulatory 

Fig. 2. Changes in the number of missing records and the missing rate during 1988–2019. (a) missing records and rate over the years; (b) missing records of re-
porters; (c) missing rate of reporters; (d) missing rate of commodities. 

Z. Zhang et al.                                                                                                                                                                                                                                   
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effect. 
The lack of data on Commodity 84 (nuclear reactors, boilers, ma-

chinery and mechanical appliances; parts thereof) can be attributed to 
two factors. First, the units of most Commodity 84 (nuclear reactors, 
boilers, machinery and mechanical appliances; parts thereof) are not kg; 
hence, unit conversion issues may arise. Second, it is usually a critical 
strategic component. Some governments may require that the quantity 
of these items is kept confidential and that only a value quantity be 
recorded rather than the exact quantity. The weight of Commodity 91 
(clocks and watches and parts thereof) is not usually mentioned due to 
its tiny size. Because clock compositions may vary, a proper weight 
estimation technique for determining their weight does not exist; as a 
result, the missing rate for these commodities is considerable. The total 
trading weight of these items increased dramatically due to our 
processing. 

Missing physical values are more common in commodities that are 
not reported in kilograms (Table A3). The weight of various daily 
commodities, such as meat (Commodity 02), coffee beans (Commodity 
09), lead (Commodity 10), and some agricultural commodities, did not 
considerably rise after processing. This is because the bulk trade of these 
commodities is recorded in unit kg, and the problem of missing trade 
weight data may affect only a tiny portion of the trade. Clocks (Com-
modity 91), pearls (Commodity 71), and art collections (Commodity 97) 
were the three items whose trading weight increased significantly 
following data processing. These commodities are usually light in 
weight, yet they have been demonstrated in some life cycle assessments 
to have significant hidden carbon emissions and contribute to resource 
consumption issues. This suggests that a failure to analyze this data 
properly could lead to a significant underestimating of the impact of 
these commodities on the environment and resource use. 

After addressing the missing physical values, the trade weights of all 

countries and commodities improved to varying degrees (Fig. 3). Most 
countries’ w are nearly 1 on a national scale; however, South Africa 
stands out since its ratio is about 3. This also indicates that if data are not 
handled, the material flows of South Africa’s trade would be severely 
underestimated. Commodity 91 (Clocks and watches, and parts thereof) 
and Commodity 97 (Works of art; collectors’ items and antiquities) are 
the commodities most vulnerable to missing physical values from a 
commodity perspective. 

Interestingly, we found that some countries had many missing re-
cords but a low w (near to 1), and vice versa. The USA, for example, has 
the most missing records, and the w is only 1.08. This has happened in 
countries such as Canada, China, and Australia. South Africa, on the 
other hand, is the polar opposite. This suggests that, for countries with 
relatively substantial missing records but a small w, the uncertainty in 
these studies should rarely be assigned to missing physical values and 
that other alternative causes (such as model parameters) should be 
thoroughly examined. However, in countries where the proportion of 
missing physical values is low but w is high, relevant studies should 
consider the potential influence of missing physical values. Table A2 
displays the entire set of results. The processing of missing physical 
values can improve the data quality of commodities, such as large, 
heavy, and expensive equipment; however, the data quality increase 
brought about by the processing of missing physical values for light, and 
sensitive commodities (such as Commodity 91- Clocks and watches, and 
parts thereof) is more visible. As a result of these findings, the use of UN 
Comtrade data to track the flow and inventory of commodities or 
commodity-related materials/substances may be subject to significant 
uncertainty in some circumstances, as a small number of missing phys-
ical values may result in large undervalued. Details are shown in 
Table A3. 

Fig. 3. Overall data improvement. a) over the years; b) of reporters (1998–2019); c) of commodities (1998–2019).  
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3.2. Effects of addressing the missing physical value issue 

Material flow analysis (Chen et al. 2020; Fischer-Kowalski et al. 
2011) and life cycle assessment (Dai et al. 2020; Ma et al. 2021) are 
typical methods for examining embodied resource flows in the trade 
process. However, due to the serious issue of missing physical values, 
many countries’ trade data may be considerably underestimated. For 
example, suppose missing physical values are resolved. In that case, 
Venezuelan trade weight data can be increased by 61.3%. These un-
derestimates usually influence foreign commodities associated with 
many carbon emissions and resource usage (Tukker et al. 2018). The 
database presented in this study can provide higher-quality trade data 
for these countries, and more trustworthy and accurate evaluations of 
direct and indirect material flows in the trade process, which can help 
policymakers establish valid policies. These advances significantly 
impact the major trading countries in the southern hemisphere and some 
industrialized countries. The database proposed in this study can be used 
to analyze the trade of these countries. 

Another often-used approach to studying commodity flows between 
countries is the complex network analysis, whose results are also sen-
sitive to missing physical values (Chen et al. 2018; Xu et al. 2020a). In 
the complicated network, the trading country is the node, and the trade 
flow is the edge (Wang et al. 2020a). The presence of missing physical 
values causes several misunderstandings in the network. The number of 
missing records corresponds to the number of missing edges, with 
electronic equipment and nuclear reactor equipment being the most 
affected commodities (Table A3). The missing edges have exceeded 100, 
000 edges in the last decade, which can have a detrimental impact on the 
analysis of the network aggregation coefficient, network resilience, and 
dynamic propagation of network risk of these two commodities and may 
lead to false findings. 

The physical trade balance (PTB) indicates whether a country is a net 
exporter or importer of resources (Infante-Amate and Krausmann 2019; 
Schandl et al. 2018) We checked the trade records for all commodities, 
all years, and all countries/areas (Fig. 4). Many records showed PTB 
reversal, and there is also a similar situation with monetary trade, but 
that issue is not discussed here. For example, suppose that one country is 
regarded as a net importer of cars. After dealing with missing physical 
values based on the original data, it becomes a net exporter of cars based 
on the handled data. We define this as "reversal". In 2019, there were 
1492 PTB reversals, 642 from a net importer to a net exporter and 850 
from a net exporter to a net importer. 

At the national level, there were multiple reversals of net imports and 
exports (Table A10). For example, in Mexico, a total of 2115 records 

were reversed, with 2102 of these being switches from net exporters to 
net importers, the majority of which were for Commodities 25 (225 
records, Salt; sulfur; earths, stone; plastering materials, lime and 
cement), 39 (186 records, Plastics and articles thereof), 73 (163 records, 
Iron or steel articles), 84 (202 records, Nuclear reactors, boilers, ma-
chinery and mechanical appliances; parts thereof), and 85 (202 records, 
Nuclear reactors, boilers, machinery and mechanical appliances; parts 
thereof). As a result, missing physical values are expected to signifi-
cantly impact trade studies of these commodities in Mexico. In addition, 
1190 records in the USA were reversed; 1148 of these records were 
switches from net importers to net exporters, the majority of which were 
for Commodity 84 (296 records, Nuclear reactors, boilers, machinery 
and mechanical appliances; parts thereof), Commodity 85 (151 records, 
Nuclear reactors, boilers, machinery and mechanical appliances; parts 
thereof), and Commodity 90 (296 records, Optical, photographic, 
cinematographic, measuring, checking, medical or surgical instruments 
and apparatus; parts and accessories). The results for New Zealand were 
similar to those for the USA, indicating that missing physical values are 
likely to impact trade studies in these countries significantly. Such data 
flaws must be considered in future investigations. Table A11 shows the 
results at the commodity level, which are identical to the results for 
countries. Commodity 85 (1125 records, Nuclear reactors, boilers, ma-
chinery and mechanical appliances; parts thereof), Commodity 84 (1271 
records, Nuclear reactors, boilers, machinery and mechanical appli-
ances; parts thereof), Commodity 90 (592 records, Optical, photo-
graphic, cinematographic, measuring, checking, medical or surgical 
instruments and apparatus; parts and accessories), and Commodity 29 
(Organic chemicals) had the most reversals (753 records). 

The issue of bilateral trade asymmetry, which means that the total 
imports and exports are not equal, is prevalent in trade data. Regardless 
of whether the problem is caused by outliers or missing values, the 
bilateral asymmetry issue can be improved to some extent (Fig. 5). For 
example, the difference between global total import volume and total 
export volume before 2016 has been drastically improved after data 
processing. However, the effect in 2017–2019 is not significant. 
Although the bilateral trade asymmetry is not examined in this research, 
the methods of handling the bilateral trade asymmetry after filling in the 
missing values are worth discussing. In some years, the import and 
export trends diverge, but the two trends become nearly identical once 
the missing values are filled in. However, there are still some years when 
the import and export trends diverge. It will be discussed in more detail 
in the fourth study of this series. 

Commodity 91 (clocks, watches, and parts thereof) is an excellent 
example of a commodity with a high missing rate (Figure A4). Prior to 

Fig. 4. The records in which net imports and net exports changed during 1988–2019. Note: "From import to export" means that in the original data, a country is a net 
importer of a commodity, but in the handled data is a net exporter of the same commodity in that year. 
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the year 2000, the trade weight data were virtually always absent since 
UN Comtrade did not estimate the weight of this commodity. After 2000, 
the missing rate dropped significantly, remaining between 20% to 30% 
for the next decade. After data processing, almost all the weights 
increased significantly (Table A4). Many countries have seen their net 
trade flows shift from net exports to net imports, which has intensified in 
recent years. There were 46 reversals in 2019, 23 records (for example, 
vehicles traded in China in 2000) that moved from net imports to net 

exports, and 23 records that changed from net exports to net imports (all 
from the commodities under the 91 chapter) (Table A5). Australia, 
Germany, Switzerland, Liechtenstein, and Brazil were among the 
countries that saw these reversals (Table A6). This also suggests that the 
quality of these data, particularly data for the world’s major watch parts, 
is likely to affect Commodity 91 (clocks, watches, and parts thereof) 
trade studies in these countries. When exporting countries become 
importing countries, the results can be drastically different. 

Fig. 5. Comparison of (a) original and (b) handled physical flow data, as well as (c) their difference. Note: outliers were excluded from the original data; difference =
global physical imports – global physical exports. 
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According to Section 3.1, another representative commodity with 
large records and high missing rates is Commodity 85 (electrical ma-
chinery and equipment, and parts thereof; sound recorders and re-
producers; television image and sound recorders and reproducers, and 
components and accessories of such commodities). Mechanical equip-
ment plays a significant role in a country’s modernization. As a result, 
the quality of statistics for electronic equipment is critical for deter-
mining the extent to which countries rely on electronic equipment im-
ports. Even though the missing rate of Commodity 85 was only 12% in 
2019, it grew after 2000. (Figure A5). The trade weight of this com-
modity grew by 13.7% in 2019 after our treatment (Table A7). There 
were even more records of the shift from net imports to exports of 
Commodity 85 (Table A8), with 164 in 2019; the shift to net imports 
from net exports is more widely. Most of the reversals (221 records) 
occurred in Brazil (Table A9), with 218 examples switching from net 
exports to net imports. This suggests that many of the results based on 
electronic equipment research in Brazil should be reevaluated and that 
future studies should consider similar data flaws. These shifts are in line 

with Brazil’s reliance on imported electrical equipment. Brazil exports 
many agricultural commodities and natural resources like soybeans and 
iron ore. As a result, putting the approach outlined in this study into 
practice can provide new and more precise insights into electronic 
equipment material flows in Brazil. 

4. Method comparison 

Under most circumstances, one method is challenging to adapt to all 
countries and commodities. As a result, we compare the method per-
formance by commodities and countries. All method performance re-
sults are available on figshare (Zhang et al. 2022). 

The method selection of different commodities in the same country is 
different based on the performance evaluation results. Here we take 
China as an example since this pattern can be identified in other coun-
tries. As shown in Fig. 6, Method 1 works well when the number of 
samples is large, and the missing rate is low (see Table A3 for other 
commodities). However, it performs very poorly for high missing rate 

Fig. 6. Performance comparison of different methods for selected commodities in China in all years. Note: We prefer the method with fewer outliers and a low 
median value; the outlier in the figure is not the outliers in the UN Comtrade database. 
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commodities (e.g., Commodity 91- clocks and watches and parts thereof, 
Fig. 6). Conversely, the suitable commodities for Method 2 are different 
from Method 1, i.e., Method 2 works well in Commodity 91 (clocks and 
watches and parts thereof) but works poorly in Commodity 85 (electrical 
machinery and equipment and parts thereof; sound recorders and re-
producers; television image and sound recorders and reproducers, parts 
and accessories of such articles). When the sample size is sufficient, and 
the missing rate is low, Method 3 performs well; however, as the missing 
rate increases, Method 3 becomes unstable. The accuracy rate decreases 
as the number of records declines. Method 4 performs better when the 
sample size is sufficient. If the training set data are not extensive or there 
are too many missing values, their performance is relatively poor. 
Methods 5 and 6 perform well in a variety of situations. Method 7 per-
forms well in situations with more missing values in reporters because 
Method 7 only considers the prices of trading products from partner 
countries. Notably, Commodity 97 (Works of art; collectors’ pieces and 
antiques) shows a different situation. When the sample size is small and 
the missing rate is high, the difference between the seven methods’ 

performance becomes small. 
The method selection of the same commodity in the different coun-

tries is also different. Here we take Commodity 84 (nuclear reactors, 
boilers, machinery and mechanical appliances; parts thereof) to illus-
trate the similar patterns for other commodities. China, the US, Canada, 
and South Africa are selected for illustration because they have more 
missing physical values and higher missing rates, as introduced in Sec-
tion 3. Fig. 7 shows that the performance of the identical commodity in 
the seven methods differs substantially among countries. Methods 4 and 
7 work poorly in Canada for Commodity 84 (nuclear reactors, boilers, 
machinery and mechanical appliances; parts thereof). This may be due 
to the poor performance of methods 4 and 7 in the face of samples with 
more missing physical values. In Fig. 7, the performance of the seven 
methods in China is not characterized by many outliers, showing that 
many methods have high applicability in China, among which Method 3 
is the best. South Africa and China are in a similar situation. The situ-
ation is similar in the USA and Canada. Overall, these findings indicate 
that using different methods for different commodities or countries is 

Fig. 7. Performance comparison of different methods for commodity 84 in selected countries in all years. Note: We prefer the method with fewer outliers and a low 
median value; the outlier in the figure is not the outliers in the UN Comtrade database. 
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fair. It also demonstrates that the framework we offer is helpful to the 
data from UN Comtrade. 

To better understand these, we calculated the frequency of the 
optimal method. According to findings (Figure A6) from different years, 
Method 4 can fix roughly 66.2% of missing records. There are still many 
missing records that are difficult to correct. It also suggests that, in 
comparison to the usual method, our framework is better suited to 
cleaning UN Comtrade data. Method 4 is often seen in large numbers in 
Commodity 84 (Nuclear reactors, boilers, machinery, and mechanical 
appliances; parts thereof), Commodity 85 (electrical machinery and 
equipment and parts thereof; sound recorders and reproducers; televi-
sion image and sound recorders and reproducers, parts and accessories 
of such articles), and Commodity 97 (Works of art; collectors’ pieces and 
antiques). According to our findings, these commodities account for 
38.4% of the data for which Method 4 was utilized to fill missing 
physical values (Table A12). The preceding strategy (only use one 
method to deal with all the missing values), on the other hand, is usually 
not the ideal method for missing records of other commodities. This only 
adds to the evidence that the procedure proposed in this study is 
preferable. 

In summary, the application of the methods can be briefly summa-
rized in Table 2. 

4.1. Comparison with existing databases 

There are no comparable databases other than the official UN 
Comtrade raw data we used for processing for verification purposes. 
Developed by improving the UN Comtrade database, the existing data-
base solely provides monetary trade information (e.g., BACI and OEC). 
However, our database advances the physical trade flow analysis by 
supplementing the current physical information. 

4.2. Limitations 

Methods selection is exclusively dependent on the input data’s 
unique characteristics. We do not differentiate between imports and 
exports, either. Different missing value assessment methodologies 
applied to the same country and in different years might produce 
different results. For example, a country may not have a price advantage 
for cars. However, the price may be the same as in industrialized 
countries after data processing. Based on UN Comtrade, we performed 
in-depth optimizations that considered the variability of different 
countries and commodities in different years. However, because UN 
Comtrade refreshes the data almost daily (UN Comtrade: International 
Trade Statistics 2021), the handled data was usually out of date, which 
could be a source of error in the results, affecting our following esti-
mation method. Their estimating procedure is typically dependent on a 
commodity’s set conversion coefficient; as a result, the conversion co-
efficient’s error is often substantial. 

5. Conclusions 

This paper presented a framework consisting of seven methods that 
can be used to deal with the missing values of all commodities in the UN 
Comtrade database. One of the main advantages of our framework is 
that it is based on the estimation of the data distribution, which can 
better distinguish the heterogeneity of all commodities in different 
countries and different years, which increases the accuracy of the esti-
mation. These estimation procedures significantly improved the data 
quality of the physical values of global trade in UN Comtrade, which can 
increase the reliability of studies concerning the estimation of trade 
elasticity, material flow analysis, life cycle assessment analysis, complex 
network analysis, and others. 

This study showed that the proportion of missing values had 
increased yearly from 1988 to 2019. The missing values are mainly 
concentrated in the trade data of Canada, Mexico, the USA, New 

Zealand, and electronic equipment, nuclear reactor parts, clocks, and 
pearls have the most missing values. Overall, our results allow us to 
draw the following four conclusions:  

(1) Almost every reporter and every commodity have missing values, 
which can be attributed to the fact that the original units pro-
vided by the reporters are not in kg, or the UNSD did not estimate 
it.  

(2) The missing records are significant, greatly influencing the trade 
flow indicators. For example, some commodities’ net imports and 
exports in some countries showed several reversals after pro-
cessing, such as Brazil. At the same time, missing values also 
affect the bilateral asymmetry.  

(3) Our testing and processing methods are effective for trade data in 
UN Comtrade; the net weight of some countries and commodities 
increases significantly after processing the data.  

(4) The data processing framework of UN Comtrade in this study can 
help researchers and policymakers design more effective policies. 
For example, the clean data can help to reduce the misjudgment 
of the role of net exporters due to the existence of missing 
physical values. 
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Table 2 
Comparison of different methods. Note: R means the missing rate and V repre-
sents missing values.  

Method Reporter Partner 

1 High R, low V High R, high V 
2 High R, high V High R, low V 
3 Low R, low V High R, low V 
4 High R, low V High R, low V 
5 Low R, high V High R, high V 
6 High R, high V Low R, high V 
7 High R, high V Low R, low V  
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