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Abstract. Trade statistics are widely used in studies and policymaking focused on economic 

interdependence. Yet researchers in International Relations (IR) have largely disregarded a basic and 

widespread defect of this data. Bilateral trade flows are usually recorded twice: by the sending economy as 

an export and by the receiving one as an import. These two values should match, but discrepancies between 

them tend to be large and pervasive. Most studies ignore this issue, which we label the “mirror problem” 

for short, by using only one entry. But it is not self-evident which one is consistently most accurate. Hence, 

IR’s reliance on problematic trade statistics may be distorting its study of economic interdependence. This 

article explores this problem for IR in three steps: First, we quantify the mirror problem in trade data. 

Second, we investigate the origins of the mirror problem, using statistical analyses, archival records and 

interviews with statistical experts. Third, we illustrate the implications of the mirror problem through 

replications covering diverse topics in IR. We find that accounting for the mirror problem can variably 

strengthen, undermine or overturn conclusions of such analyses. The findings underscore the severity of 

measurement problems in IR and suggest particular ways to address those problems. 
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1. Introduction 

Trade statistics stand central in research on global economic governance and international 

relations. Cross-border trade remains the bedrock of economic ties between nation-states, and 

measures of it inform trade policies and development strategies throughout the world. Among 

international relations (IR) scholars, import and export figures are the most common measures of 

economic interdependence, crucial to understanding the character, origins, and implications of 

globalization.  

Research designs to study the origins and consequences of trade have become ever more 

advanced, and extensively debated. While such debate has focused mainly on causal identification, 

scholars and policymakers have mostly disregarded basic defects of trade data itself. Some IR 

scholars have scrutinized the operationalization of trade interdependence (e.g. Gartzke and Li 

2003; Gray and Potter 2012); others have questioned measures of complex interactions like foreign 

direct investment (Kerner 2014) or trade in services (Weymouth 2017, 938). The basics of trade 

measurement, however, have been treated as rather unproblematic. Yet, as acknowledged by the 

International Monetary Fund (IMF) or the Organization for Economic Cooperation and 

Development (OECD) (International Monetary Fund 1987; UNECE, Eurostat, and OECD 2011), 

data quality can be lacking for trade in goods, too.  

So-called “mirror statistics” evidence such measurement uncertainties. Trade flows are in 

principle recorded twice, once as exports by the sending economy, and once as imports by the 

receiving one. The IMF’s Direction of Trade Statistics (DOTS) database1, the most widely used 

resource for bilateral trade statistics in IR research, provides both figures. If they were very similar, 

 
1 Available here: http://data.imf.org/?sk=9D6028D4-F14A-464C-A2F2-59B2CD424B85 [last accessed: 14 
December 2020] 

http://data.imf.org/?sk=9D6028D4-F14A-464C-A2F2-59B2CD424B85
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“mirror statistics” would not raise significant questions. Yet, discrepancies in mirror statistics are 

large and persistent, even between countries with highly developed statistical systems. In our 

global sample, on average discrepancies are almost as large as trade volume estimates themselves.2 

Dyads with modest trade are important drivers of these huge differences. But also for dyads that 

trade a lot the differences remain substantial: among the dyads in the top decile in trade volume 

(more than USD 92.5 million in trade per year according to importing-country records), the median 

discrepancy, relative to the average of two mirror flows, is still 23.1 percent (with a mean of 40.2 

percent). 

This “mirror problem,” as we shall call it, reveals the substantial uncertainty in trade 

statistics, challenging analyses of the character, origins, or implications of trade (cf. Morgenstern 

1963; International Monetary Fund 1987; Schultz 2015; Linsi and Mügge 2019). It obviously casts 

doubt on mirror discrepancies as proxies for transport costs (e.g. Baier and Bergstrand 2001; 

Limão and Venables 2001) or tax evasion (e.g. Fisman and Wei 2004; Javorcik and Narciso 2007). 

But it also poses a challenge for most other research relying on trade statistics. 

Trade statisticians and economists have long recognized mirror discrepancies (Ely 1961; 

Bhagwati 1964, 1967; Yeats 1978, 1990; Gaulier and Zignago 2010; Morgenstern 1963). Some 

have proposed statistical remedies, such as estimating mirror averages weighted by inferred 

reporter reliability in the BACI3 or OECD BIMTS4 data sets. While we recognize and build on 

these efforts, their coverage remains too limited for many IR analyses—most of which ignore trade 

 
2 The median size of mirror discrepancies, normalized by the average of trade volumes reported by importers and 
exporters, is 79.6 percent (the mean 98.9 percent). Even if we drop all records in which either of the partner countries 
reports actual zero trade, the median is 47.2 percent and the mean 69.0 percent. 
3 Available here: http://www.cepii.fr/cepii/en/bdd_modele/presentation.asp?id=37 [last accessed: 14 December 2020] 
4 Available here: https://stats.oecd.org/Index.aspx?DataSetCode=BIMTS_CPA [last accessed: 14 December 2020] 

http://www.cepii.fr/cepii/en/bdd_modele/presentation.asp?id=37
https://stats.oecd.org/Index.aspx?DataSetCode=BIMTS_CPA
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data defects altogether.5 Using the most widely available trade statistics, often based on import 

values alone, most IR scholars implicitly trust those measures to be the “right” ones, discarding 

potentially valuable information from parallel export records. Yet, as we argue below, the 

assumption that estimates based on import-records are more reliable frequently does not hold. 

Leveraging information from both sides of the mirror--rather than mechanically relying on only 

one side--can improve trade volume estimates and inferences drawn from them. 

This paper explores the nature and origins of the mirror problem, and its implications for 

research. First, we construct measures that quantify the mirror problem in both dyadic terms 

(between pairs of states) and monadic terms (concerning a country’s aggregate trade). This yields 

two datasets of errors in common trade measures that we make publicly available with this paper.6 

These datasets reveal large and persistent discrepancies not confined to specific countries or 

regions of the world. 

Second, we explore the sources of these measurement problems. Archival research and 

interviews with leading trade statisticians highlight the complexity of trade measurement. 

Quantitative analysis of mirror discrepancies reveals their sources to be many and uncertain: we 

find systematic biases, but a substantial portion of discrepancies remains unexplained even in our 

most comprehensive fixed-effects models. We cannot, therefore, simply model mirror 

discrepancies out of our data. 

Third, we explore the implications of the mirror problem for IR research. We replicate five 

studies chosen to capture a key varieties of IR topics and statistical setups7: The studies feature 

 
5 Studies that do discuss data problems are the exceptions to the rule, for example: Barbieri, Keshk, and Pollins 2009; 
Gleditsch 2010; Boehmer, Jungblut, and Stoll 2011; Schultz 2015. 
6 The version accompanying this article covers the years 1950-2014. We intend to update the data set periodically. 
7 These studies are Kastner (2014), Rose (2004), Goldstein, Rivers and Tomz (2007), Barbieri and Reuveny (2005), 
and Garrett and Mitchell (2001). 
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trade as both explanation and outcome, in both security and political economy issues, and in both 

dyadic and monadic settings. They include, in particular, studies of how economic globalization 

affects welfare states and of how multilateral institutions shape actual trade interdependence; and 

they include studies of links between trade and geopolitical alignments and military conflicts. 

We find that the mirror problem matters a lot for IR findings. Accounting for measurement 

error can significantly strengthen or weaken statistical significance of results. It frequently changes 

the magnitude of estimated effects substantially, and in some cases reverses their direction. We 

identify easily implementable recommendations for using mirror trade information to improve the 

validity of trade-related findings. First, when analyzing bilateral trade between two or a few 

countries, we encourage IR scholars to compare import-record based trade values with export-

record based ones whenever mirror records are available. In case of discrepancies, we recommend 

investigating their roots—which are often idiosyncratic and dyad-specific. For dyads with mirror 

records, we also recommend considering inferred-quality-weighted average values that can be 

more reliable than either side of the mirror alone. Second, for large-n studies we recommend 

robustness checks focused on statistical discrepancies in trade flows. For trade flows in large-n 

dyadic datasets we provide accompanying datasets that allow IR researchers to compare results 

using import- with export-records-based trade volumes, as well as with an inferred-quality-

weighted average of the two, in the large sample of dyads with mirror records. For large-n monadic 

datasets, we also identify ways to gauge and address bilateral mirror trade discrepancies, for which 

we generate and make available another accompanying dataset of trade discrepancies and inferred 

trade data quality for country-years. Including monadic trade error terms in regression models, and 

plotting the interaction of trade variables with measures of inferred trade quality, as our replication 
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exercises illustrate, clarify the direction and extent to which measurement problems bias baseline 

results in monadic studies. 

Our message is also, however, that these recommendations are no panacea for the mirror 

problem. The robustness checks focus on the subsample of observations for which both trading 

partners publish independently estimated trade volume figures.8 Since they represent the 

subsample of dyads for countries with relatively developed statistical apparatuses, they will signal 

“lower end” indications of how measurement issues affect findings. Nonetheless, our 

recommendations can strengthen trade-related findings in IR by reducing ‘uncertainty about 

measurement uncertainty’ and how it affects statistical analyses.  

2. The use of trade statistics in IR research 

Cross-border commerce stands central in IR research. We reviewed all articles between 2013 and 

2017 in International Organization, International Studies Quarterly, World Politics, Journal of 

Conflict Resolution, Journal of Politics, and European Journal of Political Research. 108 articles 

use trade data, more than 1 in 15, almost all employing country-level data. Trade flows appear in 

four primary modes of analysis: monadic-country (total imports/exports of a country); monadic-

product (imports/exports of goods in specific product categories); dyadic-country (total flows 

among country-pairs); and dyadic-product (bilateral flows in specific product categories). Of the 

108 studies, 49 used dyadic-country data and 46 monadic-country data. Product-level trade data 

remains rare in IR (cf. Kim, Liao, and Imai 2020), with eleven using monadic-product and five 

dyadic-product data (see Figure 1).9 

 
8 The IMF DOTS database with which we work includes information for 1,344,648 unidirectional trade flows, of 
which 518,517 have an independently recorded mirror flow. The latter figure corresponds to 38.6 percent of all 
observations that cover 78.0 percent of total trade. 
9 Some articles use more than one type of trade data. Our summary excludes one study using firm-level data. 
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These studies rely on well-known data-gathering bodies. More than 60 percent of the 

monadic-country studies rely on the World Bank’s (WB) World Development Indicators database, 

with the OECD and WB national accounts data as ultimate sources. Eleven percent draw on Penn 

World Tables (mostly UN sources); the remainder comes from US-government and other sources 

(e.g. Eurostat), or is unspecified (15 percent). Monadic-product level studies draw primarily on the 

World Integrated Trade Solution (WITS) database. Among dyadic-country level analyses, almost 

three quarters rely on IMF DOTS (either directly, or by using the Gleditsch or Correlates of War 

(COW) databases, both based upon IMF DOTS). The remainder comes from UN, NBER and 

sundry national or regional sources. On the whole, the reviewed studies take trade-data quality for 

granted, with little critical discussion or analysis beyond the occasional disclaimer.  

Figure 1. Trade data use in six leading journals, 2013-17 

 

SOURCE: Data collected by authors from journal homepages (details in text). 

Yet already in 1950, Oskar Morgenstern noted in On the Accuracy of Economic 
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reasoning to which they are customarily subject” (Morgenstern 1963 [1950], 180). Bhagwati 

analyzed how over- or under-invoicing of trade biased balance of payments (BOP) data (Bhagwati 

1964, 1967). Other scholars have lamented “often considerable” (Yeats 1978, 354) discrepancies 

in bilateral trade records (Naya and Morgan 1969; Yeats 1990; Braml and Felbermayr 2019). 

Statistical agencies and international organizations have also highlighted the mirror problem for 

years (International Monetary Fund 1993; Javorsek 2016; Garber, Peck, and Howell 2018; Office 

for National Statistics 2020; International Monetary Fund 1987), though the problem remains 

unresolved (Schultz 2015; Linsi and Mügge 2019).  

3. Mirror discrepancies and their uncertain origins 

How substantial are mirror discrepancies, and what might explain them? For a first impression, 

Figure 2 visualizes the United States’ merchandise trade deficit with Mexico—a politically highly 

salient figure. US statistics show it rising sharply from 1995 to 2007 and stabilizing afterwards, 

though rising again after 2015. In Mexican data, the upward trend continues throughout the period, 

exceeding American ones by more than 50 percent after 2013. (The underlying calculations are 

detailed in appendix table A1). 
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Figure 2. The size of the US merchandise trade deficit with Mexico, 1995-2019 

  
SOURCE: Own calculations based on IMF DOTS database. 

Such discrepancies are not limited to the US-Mexico trade, as Figure 3 illustrates. It depicts 

trade between the USA, Germany, the Netherlands, China and India. The percentages indicate the 

discrepancy as a share of the total value of recorded imports, averaged over twenty years (1995-

2014). For example, on average German and Dutch trade records disagreed about the value of 

Dutch exports to Germany by more than 20 percent. This pattern shows up for larger country 

samples and time periods – with discrepancies being as or more substantial in more recent years 

than earlier periods, and among advanced industrialized as well as developing economies (see 

appendix A). The message is clear: discrepancies are large and pervasive. 
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Figure 3. Mirror discrepancies as share of import value, 1995-2014 period-averages 

 

SOURCE: Own calculations based on IMF DOTS. 

3.1. Mirror discrepancies beyond snapshots: ABBA terms 

To explore the underlying causes and consequences of discrepancies systematically, we 

need standardized measures. The measures we propose, for both dyad-years and country-years, 

gauge differences between what country A reports sending to country B, and what B reports 

receiving from A (and vice versa)—“ABBA terms” for short. ABBA terms need different 

operationalizations for dyadic and monadic data. The dyadic ABBA terms can be defined as 

follows: 

 

 

 

Here “a” and “b” denote the origin and destination of an annual bilateral trade flow, “A” 

and “B” the countries estimating it, and “t” the year. Per dyad and year, that generates two ABBA 

𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝑎𝑎𝑎𝑎 𝑡𝑡 = |𝑡𝑡𝑡𝑡𝑑𝑑𝑑𝑑𝑡𝑡𝑎𝑎𝑎𝑎𝑎𝑎 𝑡𝑡 − 𝑡𝑡𝑡𝑡𝑑𝑑𝑑𝑑𝑡𝑡𝑎𝑎𝑎𝑎𝑎𝑎 𝑡𝑡|  

𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝑎𝑎𝑎𝑎 𝑡𝑡 = |𝑡𝑡𝑡𝑡𝑑𝑑𝑑𝑑𝑡𝑡𝑎𝑎𝑎𝑎𝑎𝑎 𝑡𝑡 − 𝑡𝑡𝑡𝑡𝑑𝑑𝑑𝑑𝑡𝑡𝑎𝑎𝑎𝑎𝑎𝑎 𝑡𝑡|  
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terms, one for each direction of trade. This initial definition is deliberately simple so that ABBA 

terms can be used flexibly and adapted to the analytical context, for example normalizing them by 

a common denominator.  

3.2. Uncertain origins of mirror discrepancies 

What underlies the described discrepancies? And to what degree are they distributed non-

randomly, implying that we are not only dealing with poor data, but with systematically skewed 

images of global trade? 

Potential explanations for discrepancies abound. First, “cost of insurance and freight” 

(c.i.f.) is included in import prices but not in the price of exports, which are loaded “free on board” 

(f.o.b.) (IMF 1956), though falling trade costs have shrunk such c.i.f.-f.o.b. differences (Miao and 

Fortanier 2017). Second, limited statistical capacities may drive mirror discrepancies (cf. Jerven 

2013). Some countries have better-resourced data collection systems than others, and economic 

crises or wars can undermine data collection (Schultz 2015), exacerbating data disagreements. 

Third, accounting-technical glitches or cross-country differences in statistical practices can yield 

discrepancies (International Monetary Fund 1993). Fourth, trading entities face incentives to 

misreport the value of shipped goods. For instance, high tariff rates encourage under-invoicing of 

imports (Bhagwati 1964), export subsidies the over-invoicing of exports (Bhagwati 1967). And 

over-invoiced imports can be used to circumvent capital controls (Yeats 1990), while EU common 

market rules encourage over-invoicing exports to evade VAT payments (Braml and Felbermayr 

2019). Fifth and finally, globalizing production is a key driver of discrepancies (UNECE, Eurostat, 

and OECD 2011; Linsi and Mügge 2019). International trading activities have become more 

complex due to multinational firms’ growing reliance on global value chains (Kim et al. 2019; 
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Baccini, Dür, and Elsig 2018), and often involve intermediate goods and merchanting that cause 

conflicting attributions between source and destination countries.10  

It is difficult to attribute observed discrepancies to these drivers. Some are hard to observe 

or proxy, and proxies can pull in different directions. For instance, advanced economies can have 

high statistical capacity, but are also deeply integrated into complex global value chains that cloud 

estimates of trade flows. These ambiguities may be distortions that vary systematically. But 

because they distort data simultaneously, disentangling them is challenging — something noted 

by Yeats (1990, 136–37) and corroborated in interviews with OECD, WTO and IMF 

statisticians.11 

Furthermore, idiosyncrasies also drive discrepancies. Statistical reconciliation exercises 

reveal their roots to be diverse and specific to particular dyads. For instance, differential treatment 

of some intermediate parts shipped between the US and maquiladoras owned by U.S. companies 

partly drove U.S.-Mexican trade discrepancies before 2007 (Figure 2), but the  inverted 

discrepancies from 2007 onwards remain less well understood.12 Notable discrepancies in UK-

Swiss bilateral goods trade were driven by differential classifications of trade in non-monetary 

gold, and changes in ownership without any physical trade occurring (Office for National Statistics 

2017). Reconciliation exercises of the German Statistical Office with EU partner institutions 

highlighted intra-EU transit trade and differing reporting thresholds (Loschky 2006). In short, 

mirror discrepancies result from systematic and idiosyncratic drivers, with the latter near 

impossible to model in a large-n analysis. 

 
10 Interview with senior trade statistician at OECD Statistics Directorate, Paris, 6 June 2017. 
11 Interview with senior trade statistician at OECD Statistics Directorate, Paris, 6 June 2017; interview with senior 
WTO statistician, Geneva, 22 August 2017; interview with IMF statisticians, Washington D.C., 19 September 2017. 
12 Personal communication with U.S. BEA officials, 18 March 2017. 
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3.3. Determinants of asymmetries analysis 

 To explore how much candidate drivers of discrepancies that can be well measured or 

proxied explain asymmetries, we analyze our most fine-grained discrepancy data: dyadic ABBA 

terms for a substantial cross-section of dyads and more than half a century (1950-2004).13 We 

estimate the model  

𝑌𝑌𝑖𝑖,𝑡𝑡 = 𝜆𝜆0 + 𝜆𝜆1. 𝑆𝑆𝑖𝑖,𝑡𝑡 + 𝜇𝜇𝑖𝑖 + 𝛿𝛿𝑡𝑡 + 𝜈𝜈𝑖𝑖,𝑡𝑡 

where i denotes a (unidirectional) dyadic trade flow, and t years. Our dependent variable 𝑌𝑌𝑖𝑖,𝑡𝑡 takes 

the log value of the absolute ABBA discrepancy for a dyad-year in constant 1967 USD. 𝑆𝑆𝑖𝑖,𝑡𝑡 is a 

vector of independent variables. 𝜇𝜇𝑖𝑖 are dyad-fixed effects to absorb the influence of factors 

constant within dyads over time. Year-fixed effects 𝛿𝛿𝑡𝑡 control for temporal shocks affecting all 

dyads simultaneously. 𝜈𝜈𝑖𝑖,𝑡𝑡 is the error term. Standard errors are robust-clustered at the dyad-level. 

We compare the model fit and explained variance for several specifications. 𝑆𝑆𝑖𝑖,𝑡𝑡 in model 

1 only includes the log of the mirror-average trade volume (in constant USD). Model 2 adds 

average dyad-specific c.i.f. conversion rates computed by the OECD,14 dummies equal to 1 if both 

dyad countries are OECD, respectively both non-OECD economies, to evaluate the role of 

economic development, as well as proxies for similarity of dyads – in geographic, political and 

cultural terms, EU membership and democracy – while avoiding multicollinearity. We also include 

 
13 We rely primarily on the Tomz dataset on trade flows, based on IMF DOTS, covering dyads over a 50-plus year 
period and including many relevant explanatory and control variables. We add information on mirror trade flows, 
derived from IMF DOTS, and on additional explanatory variables. 
14 The conversion rates are from Miao and Fortanier (2017). Combining explicit c.i.f.-f.o.b.. rates and gravity model 
estimates, they estimate product-level transport and insurance costs for each dyad-year for 1995-2014. We use an 
authors-provided dataset with product-weighted dyad-level annual c.i.f. rates, and calculate 1995-2014 period 
averages for each dyad, which we treat as the “best guess” for c.i.f. rates for our longer time-period. 
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a dummy for trade flows involving at least one oil export-dependent economy15, as well as those 

involving five well-known entrepot trade jurisdictions,16 and a dummy for China, whose data is 

frequently brandished unreliable. Model 3 includes year-fixed effects 𝛿𝛿𝑡𝑡; Model 4 adds dyad-fixed 

effects 𝜇𝜇𝑖𝑖. In separate analyses (appendix table B1) we examine tariff rates and capital account 

openness, available only for smaller subsets of our sample. 

Table 1 below summarizes the main results. Unsurprisingly, a trade flow’s size is a 

powerful predictor of the size of a discrepancy. Notably, c.i.f. conversion rates per se do not appear 

to drive asymmetries significantly. Dyads of less developed states tend to have larger discrepancies 

than developed ones. Model 2 shows that countries further removed from one another 

geographically, culturally and politically tend to report higher discrepancies. The same is true for 

dyads involving island-states, landlocked states and countries with large territories. Echoing 

previous studies, more democratic countries and dyads yield slightly smaller mirror discrepancies 

(Hollyer, Rosendorff, and Vreeland 2011). Preferential trade agreements correspond to smaller 

discrepancies, whereas GATT/WTO membership yield mixed results. Entrepot and oil trade yields 

higher discrepancies. The China dummy is insignificant.  

Counterintuitively, higher estimated c.i.f. rates are associated with smaller discrepancies, 

and EU membership is consistently related to higher discrepancies—a point we take up below. A 

number of these results disappear once full dyad and year fixed effects are included. And not 

surprisingly, measures of model performance, such as Akaike’s and Schwarz’s Bayesian 

information criteria (AIC and BIC), suggest that adding controls improve model performance, with 

the full fixed-effects model 4 performing best. The complementary analysis in appendix table B1 

 
15 Iraq, Libya, Venezuela, Algeria, Kuwait, Azerbaijan, Sudan, Nigeria, Saudi Arabia, Oman, Kazakhstan, Russia, and 
Iran. 
16 Singapore, Panama, United Arab Emirates, Netherlands, and Belgium. 
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suggests that capital openness is associated with smaller discrepancies, and higher tariff rates with 

larger discrepancies—in line with expectations of deliberate over- and under-invoicing. However, 

these relationships are statistically insignificant when including other controls. 

All that said, the most striking result is how little variation the various explanatory variables 

account for—even in the full fixed-effects model (model 4). The size of trade flows does the most 

explanatory work— neither surprising nor particularly elucidating. Absolute trade volumes alone 

account for 67 percent of variation. Adding all other variables, or year-fixed effects, barely 

improves model fit (see the 0.68 R-squares in Models 2 and 3). Also the inclusion of full dyad-

fixed effects (Model 4) has little effect on R-square (0.75 in Model 4).17 Additional analyses, 

outlined in the appendix, yield comparable results.18  

  

 
17 The conclusion is similar if one considers other measures of model fit, such as AIC and BIC. 
18 We estimate similar models using logged, as well as non-logged, ratios of the ABBA discrepancy relative to the 
mirror average of dyadic trade volume as dependent variable (appendix tables B2 and B3), and re-run the baseline 
model with trade volumes in current USD (appendix table B4) and excluding all observations with zero trade reported 
(appendix table B5). In models without trade volume on the right-hand side (tables B2 and B3), R-square values are 
as low as 0.19 without fixed effects (0.46 with fixed effects). 
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(continues on next page) 

Table 1. Sources of ABBA-measured mirror discrepancies 
 

DV: Absolute mirror 
discrepancy (log, 
constant USD) 

(1) (2) (3) (4) 

Trade volume 0.84 
(264.6) 

0.89 
(243.77) 

0.91 
(251.998) 

0.94 
(247.04) 

C.I.F. rate (dyad mean)  -0.07 
(-0.11) 

-2.20 
(-3.31) 

 

Distance  0.17 
(10.62) 

0.18 
(11.02) 

 

Shared border  0.11 
(1.58) 

0.06 
(0.88) 

 

Number of landlocked 
in dyad 

 0.21 
(10.16) 

0.12 
(5.67) 

 

Number of island-
states in dyad 

 0.14 
(5.17) 

0.16 
(5.72) 

 

Land area (product)  0.02 
(3.24) 

0.05 
(9.05) 

 

GDP (product)  -0.03 
(-4.02) 

-0.10 
(-13.67) 

-0.17 
(-11.17) 

Both industrial states  -0.34 
(-7.44) 

-0.12 
(-2.56) 

 

Both non-industrial 
states 

 0.41 
(15.85) 

0.29 
(11.03) 

 

Polity IV score 
(product) 

 -0.02 
(-2.15) 

-0.01 
(-0.81) 

0.002 
(0.20) 

Both formal 
GATT/WTO members 

 0.06 
(2.75) 

-0.06 
(-3.19) 

0.01 
(0.58) 

Reciprocal PTA in 
force 

 -0.20 
(-7.90) 

-0.27 
(-10.43) 

-0.19 
(-6.52) 

Common currency   0.12 
(1.28) 

0.13 
(1.37) 

-0.12 
(-0.67) 

Both EU members  0.43 
(5.13) 

0.37 
(4.49) 

0.05 
(0.66) 

Common colonial orbit  -0.54 
(-2.13) 

-0.23 
(-0.91) 

 

Common language  -0.14 
(-4.05) 

-0.17 
(-4.80) 

 

Oil exporter 
 

 0.10 
(3.19) 

0.05 
(1.51) 

 

Entrepot trade hub  0.12 
(3.26) 

0.14 
(3.75) 

 

China dummy  0.04 
(0.72) 

-0.08 
(-1.33) 

 

Year-fixed effects? No No Yes Yes 

Dyad-fixed effects? No No No Yes 
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NOTE: T-statistic in parentheses. Dyad-clustered robust standard errors. Constant omitted from output. 

 

These analyses underline that the discrepancies are highly idiosyncratic, hard to identify and to 

control-for empirically. We do not know how much ABBA terms reflect multiple, layered biases 

versus unsystematic error, and we cannot assume that errors are randomly distributed and therefore 

cancel each other out at the aggregate level.  

3.4. The handling of the mirror problem in existing IR scholarship 

In economics, some datasets have been developed to (partly) address the mirror problem, including 

the GTAP (Gehlhar 1996), BACI (Gaulier and Zignago 2010) and OECD BIMTS (Fortanier and 

Sarrazin 2016) databases. Notwithstanding minor differences in methodology,19 they all try to 

“balance” mirror flows through weighting by reporter reliability, inferred from the size of a 

reporting economy’s discrepancies with the data from all other countries. However, none of these 

databases have been designed with IR users in mind: they cover only subsamples of countries and 

(particularly) short time periods, and they are designed primarily for dyadic-product-level analyses 

rather than country-dyads.20 Indeed, only one of the 108 papers reviewed above uses one of those 

datasets. The methods developed in these databases, furthermore, cannot be fully extended to other 

country-dyads, years or products, since the methods and coding used to generate inferred reporter 

 
19 An useful overview is provided in Fortanier and Sarrazin (2016). 
20 GTAP’s most recent release (GTAP 10) includes data for 121 countries for four reference years (2004, 2007, 2011, 
2014); BACI’s 2020 update covers 200 countries for 1994-2018; OECD BIMTS is work-in-progress feeding into the 
TiVA initiative, encompassing 120 countries between 2007-2016. 

Number dyads 10,457 9,852 9,852 9,852 

N 195,457 188,499 188,499 188,499 

R2 0.67 0.68 0.68 0.75 

AIC 

BIC 

772,140  

772,160  

739,497  

739,710 

736,142 

736,355 

694,117 

694,736 
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reliability are not publicly available. We therefore develop, below, our own approach to such 

balancing to the extent that current data allows. 

How IR studies do “address” mirror discrepancies is minimalist and problematic. While 

IMF DOTS provides both-sides-of-the-mirror data, most studies in IR and political science use the 

import values, either consciously or by using the major off-the-shelf datasets in IR (e.g. COW or 

Gleditsch). Values from partner countries’ export statistics are disregarded. Researchers 

sometimes justify this practice arguing that authorities have greater incentives to monitor imports 

than exports for the collection of customs duties. Ceteris paribus import data should be better. 

Several factors may argue in favor of export statistics, however, at least sometimes. First, 

when exporting countries have higher statistical capacity than importers, their records are likely to 

be more accurate. Second, exporters fulfilling peculiar functions in the international trading 

system—e.g. being an entrepot trade hub, a platform for commodity traders, or an oil exporter—

often have greater expertise in adjusting their trade statistics to these particularities. Third, growing 

e-commerce and disintermediation pose a challenge for trade data collection procedures 

(Weymouth 2017). As private consumers increasingly buy products online from providers abroad, 

import statistics will miss growing shares of global trade, while exporters have to meet more 

stringent declaration obligations (Braml and Felbermayr 2019). All else equal, this will make 

exporting-country records more reliable. These dynamics may be particularly important in custom 

unions—like the European Union, accounting for roughly 15 percent of global trade and free of 

internal custom inspections—where member governments rely primarily on data from corporate 

accounts to estimate trade flows (Eurostat 2016).21 

 
21 Our analysis of trade-statistic discrepancies in the EU-27 in appendix table B6 shows that within-dyad discrepancies 
increase as European countries joined the Common Market – an effect driven by deterioration in import records 
(Model 4). 
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A priori, then, we see no reason to assume that for any set of mirror values, one side of the 

mirror is invariably superior to the other. A senior OECD statistician highlighted this point in an 

interview: 

When [academic researchers] have … tried to resolve asymmetries … they 

said “let’s just look at imports and forget about exports and then you define 

asymmetries away”… that’s nice if they’re small, but it doesn’t really 

work well in total. […] Discrepancies are large. You can’t say it’s a 

rounding error.22 

3.5. Suggested approaches to better account for the mirror problem in IR research 

The mirror problem operates at various levels, and for the time being there is no one way to solve 

it. There are, however, ways to better account for it in our analyses by checking the robustness of 

trade-related findings to measurement problems (Boehmer, Jungblut, and Stoll 2011; Barbieri and 

Keshk 2011).  We focus on the most promising, easily implementable approaches, and these differ 

depending on the kind of analyses conducted, particularly small-n analyses versus large-n 

analyses, and dyadic versus monadic analyses. 

3.5.1 Small-n analyses 

When analysts study bilateral trade flows between only two or a small number of countries 

(say the US-Mexico or Germany-China trade imbalances), it is important to heed the measures 

provided by both countries (if available) instead of just relying on one. Where similar patterns 

emerge using either side of the mirror, they are less likely to be measurement artefacts. If, however, 

discrepancies are large enough to yield different outcomes, inferences should be adjusted 

 
22 Interview with senior trade statistician at OECD Statistics Directorate, Paris, 6 June 2017. 
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accordingly. The symmetry-weighted average values of bilateral trade that we describe in the 

subsequent paragraph can offer a more refined estimate, and in some cases statistical agencies 

provide information that can clarify reasons for discrepancies. More generally, in such analyses 

scholars should consider potential causes of discrepancies and reason-through how they matter for 

the analysis at hand.  

3.5.2 Large-n dyadic analyses 

In large-n statistical analyses, in-depth investigation of asymmetries is infeasible. But 

information from mirror discrepancies can be leveraged to strengthen the robustness of inferences. 

Whereas other, more cumbersome strategies are potentially available,23 we recommend relatively 

straightforward and more easily implementable research practices. 

Most of the statistical analyses of bilateral trade in large samples of country-pairs that we 

reviewed rely on the record provided by importers, effectively ignoring the mirror information one 

can derive from export records. To evaluate the robustness of trade-related findings in large-n 

dyadic studies we recommend two robustness checks: a mirror-substitution check of both sides of 

the mirror, and running models with the symmetry-weighted average value of bilateral trade. 

These checks only work for the subsample of dyads for which mirror trade information is 

available (in the global sample, a third of dyads accounting for three quarters of global trade).24 

And the checks do not reveal the “true” value of trading flows, which remain unknown, or of their 

causes or impacts. Still, by providing a plausible upper and lower-bound (mirror substitution) and 

 
23 Information on mirror discrepancies could be used, for instance, to generate measures of latent variables with 
measurement error in structural equation modeling, or for Monte Carlo simulations in a given research context, or for 
the calculation of standard errors in such contexts. 
24 To the extent that missing mirror records are due to lacking statistical capacity in one of the partner countries, the 
checks thus intrinsically focus on evaluating the role of measurement issues in the subsample of dyads for which 
measurements are relatively good. Results that do not hold in the subsample of dyads with mirror records are, from a 
measurement perspective, very unlikely to be reliable in subsample of dyads without mirror records. 
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a “best guess” estimate (symmetry-weighted average) in the sample of dyads with mirror records, 

our two suggested checks substantially reduce uncertainty about the uncertainty about trade-

related findings. 

3.5.2.1 Mirror substitution (upper/lower bound) 

We encourage scholars working with bilateral trade data to re-run their baseline models in 

the subsample of dyads with mirror records with import- as well as export-records-based 

estimates—the “mirror substitution” check. Doing so does not assume or reveal that either of the 

two values is “correct.” But the true value is likely somewhere in between. Comparing import-

records to export-records-based results is useful because they likely offer “upper bound” and 

“lower bound” estimates of the effects or origins of trade. Inconsistent findings call for further 

investigation. If a finding holds for either specification, confidence grows that a relationship is not 

merely a measurement artefact. 

3.5.2.2 Symmetry-weighted average (“best guess”) 

In addition to upper and lower bounds, we also recommend scholars re-run their analyses 

in the subsample of mirror records using a series of symmetry-weighted average values of bilateral 

trade, which we provide in a database accompanying this article. They provide single trade 

estimates that explicitly heed mirror discrepancies. Instead of strong assumptions about the 

ultimate sources of mismeasurement, they focus on the asymmetries a reporting country has with 

all other country-reporters in a given year. A reporter whose trade values are very different from 

mirror records from all partner countries can be seen as less reliable than a reporter whose statistics 

are relatively close to other countries’ records. 
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We thus derive an average weighted by the inferred credibility of each reporter. This 

measure offers a more plausible “best guess” than mechanical reliance on either side of the mirror 

alone. In constructing weighted averages we follow the key steps to reconciling mirror statistics 

developed by the OECD/WTO (Liberatore and Wettstein 2021): the TiVA initiative that generated 

reconciled mirror average flows at the product-level for (only) the most recent years. We adopt the 

basic methodology with a view to analyses most frequently encountered in IR: global dyadic or 

monadic samples with long time series.  

Here, we make two important assumptions, namely that actual trade values will frequently 

lie between the two mirror values, and that countries with smaller discrepancies with all other 

countries produce more reliable data than those with larger discrepancies.  

The weighted averages that we construct take the following basic form: 

𝑡𝑡𝑡𝑡𝑑𝑑𝑑𝑑𝑡𝑡𝑎𝑎𝑎𝑎 𝑡𝑡 𝑤𝑤𝑤𝑤𝑡𝑡 =  𝑤𝑤𝑎𝑎 𝑡𝑡 * 𝑡𝑡𝑡𝑡𝑑𝑑𝑑𝑑𝑡𝑡𝑎𝑎𝑎𝑎𝑎𝑎 𝑡𝑡 𝑓𝑓.𝑜𝑜.𝑎𝑎.  + (1 − 𝑤𝑤𝑎𝑎 𝑡𝑡) ∗ 𝑡𝑡𝑡𝑡𝑑𝑑𝑑𝑑𝑡𝑡𝑎𝑎𝑎𝑎𝑎𝑎 𝑡𝑡 𝑓𝑓.𝑜𝑜.𝑎𝑎. 

We first convert imports into approximate f.o.b. values by deducting the mean dyad-specific 

c.i.f. rates that we estimate based on data provided by the OECD (these are mostly generated 

through a gravity model rather than observed and, for our purposes, treated as constant over time, 

cf. footnote 14). 𝑤𝑤𝑎𝑎 𝑡𝑡 is determined by the median of country A’s ABBA discrepancies relative to 

the combined sum of mirror flows, 𝑚𝑚𝑡𝑡𝑑𝑑𝑑𝑑𝑑𝑑𝑚𝑚 ��𝑡𝑡𝑡𝑡𝑎𝑎𝑡𝑡𝑡𝑡𝑏𝑏𝑏𝑏𝑏𝑏 𝑡𝑡 𝑓𝑓.𝑜𝑜.𝑏𝑏.−𝑡𝑡𝑡𝑡𝑎𝑎𝑡𝑡𝑡𝑡𝑏𝑏𝑏𝑏𝑏𝑏 𝑡𝑡 𝑓𝑓.𝑜𝑜.𝑏𝑏.�
𝑡𝑡𝑡𝑡𝑎𝑎𝑡𝑡𝑡𝑡𝑏𝑏𝑏𝑏𝑏𝑏 𝑡𝑡 𝑓𝑓.𝑜𝑜.𝑏𝑏.  +𝑡𝑡𝑡𝑡𝑎𝑎𝑡𝑡𝑡𝑡𝑏𝑏𝑏𝑏𝑏𝑏 𝑡𝑡 𝑓𝑓.𝑜𝑜.𝑏𝑏.

�, in its trade flows 

with all other countries in a specific year relative to that of partner country B (a value naturally 

bounded between 0 and 1). The smaller (larger) country A’s median ABBA relative to that of 

country B, the higher (lower) the weight assigned to its reported intra-dyadic trade volume:  

𝑤𝑤𝑎𝑎 𝑡𝑡 = 0.5 + |𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝐴𝐴𝑡𝑡𝑡𝑡𝑖𝑖𝑎𝑎𝐴𝐴𝑏𝑏 𝑡𝑡−𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝐴𝐴𝑡𝑡𝑡𝑡𝑖𝑖𝑎𝑎𝐴𝐴𝑏𝑏 𝑡𝑡|
2

 if 𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝑚𝑚𝑡𝑡𝑑𝑑𝑑𝑑𝑑𝑑𝑚𝑚𝑎𝑎 𝑡𝑡 ≤  𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝑚𝑚𝑡𝑡𝑑𝑑𝑑𝑑𝑑𝑑𝑚𝑚𝑎𝑎 𝑡𝑡;  
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𝑤𝑤𝑎𝑎 𝑡𝑡 = 0.5 − |𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝐴𝐴𝑡𝑡𝑡𝑡𝑖𝑖𝑎𝑎𝐴𝐴𝑏𝑏 𝑡𝑡−𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝐴𝐴𝑡𝑡𝑡𝑡𝑖𝑖𝑎𝑎𝐴𝐴𝑏𝑏 𝑡𝑡|
2

 if 𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝑚𝑚𝑡𝑡𝑑𝑑𝑑𝑑𝑑𝑑𝑚𝑚𝑎𝑎 𝑡𝑡 > 𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝑚𝑚𝑡𝑡𝑑𝑑𝑑𝑑𝑑𝑑𝑚𝑚𝑎𝑎 𝑡𝑡. 

 By way of example, this weighting method assigns for US-Mexico in 2010 a weight of .71 

to US reporting of US-Mexico flows on average (and .29 to Mexican reporting of US-Mexico 

flows on average), such that the 2010 weighted value of US imports from Mexico are 229,142 

(current millions USD) rather than the US-reported 225,235 or Mexico-reported 238,684.25 This 

weighting method assigns a weight for import-records in our global sample that average 0.54, with 

bottom and top quartiles being assigned weights of, respectively, below 0.4 and above 0.7. In more 

than half of the weighted averages generated (56.6 per cent), import-records appear more reliable 

based on symmetry; in 211,488 cases (42.7 per cent) export-record based ones (in the remaining 

3,580 dyads both reporters receive equal weights). Other weighting approaches are conceivable, 

but this best-guess approach can gauge more reliably size and direction of trade-related coefficients 

than relying on either side of the mirror records. 

3.5.3 Large-n monadic analyses 

In monadic settings, the mirror problem is harder to track because the source data does not 

directly offer mirror values. Still, since monadic data is central to many IR analyses, we propose 

controlling for mirror error through what we call monadic ABBA terms. They can be included as 

“control” variables and analyzed to visualize the interaction between key explanatory variables 

and ABBA-proxied measurement uncertainty. Monadic ABBA terms measure the difference 

between (i) the sum of the value of all import [export] flows recorded by the reporting “home” 

economy and (ii) the sum of the value of all mirror flows recorded by partner countries in the 

 
25 Such weighting is significantly less skewed than in 1970 (.81 for US and .19 for Mexico). See appendix table C1 
for detail, based on three bilateral trade flow examples. 
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subsample of dyads with mirror information. The basic monadic ABBA term can be defined as 

follows: 

Monadic ABBA term for country A’s imports in year t: 

�� 𝑡𝑡𝑡𝑡𝑑𝑑𝑑𝑑𝑡𝑡 𝑑𝑑𝑎𝑎𝑎𝑎𝑎𝑎 𝑡𝑡

𝐴𝐴

𝑖𝑖=1
−� 𝑡𝑡𝑡𝑡𝑑𝑑𝑑𝑑𝑡𝑡 𝑑𝑑𝑎𝑎𝑎𝑎𝑎𝑎 𝑡𝑡

𝐴𝐴

𝑖𝑖=1
�  𝑑𝑑. 𝑑𝑑. 𝑓𝑓. 𝑡𝑡𝑡𝑡𝑑𝑑𝑑𝑑𝑡𝑡 𝑑𝑑𝑎𝑎𝑎𝑎 𝑡𝑡𝑡𝑡𝑑𝑑𝑟𝑟𝑡𝑡𝑑𝑑𝑡𝑡𝑑𝑑 𝑡𝑡𝑤𝑤𝑑𝑑𝑑𝑑𝑡𝑡 𝑑𝑑𝑚𝑚𝑑𝑑𝑡𝑡𝑖𝑖𝑡𝑡𝑚𝑚𝑑𝑑𝑡𝑡𝑚𝑚𝑡𝑡𝑑𝑑𝑑𝑑 

Monadic ABBA term for country A’s exports in year t: 

�� 𝑡𝑡𝑡𝑡𝑑𝑑𝑑𝑑𝑡𝑡 𝑑𝑑 𝑎𝑎𝑎𝑎𝑎𝑎 𝑡𝑡

𝐴𝐴

𝑖𝑖=1
−� 𝑡𝑡𝑡𝑡𝑑𝑑𝑑𝑑𝑡𝑡 𝑑𝑑𝑎𝑎𝑎𝑎𝑎𝑎 𝑡𝑡

𝐴𝐴

𝑖𝑖=1
�  𝑑𝑑. 𝑑𝑑.𝑓𝑓. 𝑡𝑡𝑡𝑡𝑑𝑑𝑑𝑑𝑡𝑡 𝑑𝑑𝑎𝑎𝑎𝑎 𝑡𝑡𝑡𝑡𝑑𝑑𝑟𝑟𝑡𝑡𝑑𝑑𝑡𝑡𝑑𝑑 𝑡𝑡𝑤𝑤𝑑𝑑𝑑𝑑𝑡𝑡 𝑑𝑑𝑚𝑚𝑑𝑑𝑡𝑡𝑖𝑖𝑡𝑡𝑚𝑚𝑑𝑑𝑡𝑡𝑚𝑚𝑡𝑡𝑑𝑑𝑑𝑑 

These separate measures are important, because many analyses explicitly focus on either imports 

or exports. That said, they can be fused in a total-trade monadic ABBA term, which can again be 

normalized, for example by relating it to total trade or GDP.26  

 Figure A3 in the appendix illustrates some descriptive data on those monadic ABBA terms. 

They are remarkably large (the mean is 7.6 percent of a country’s GDP and the median 3.1 percent) 

and not concentrated in any specific region of the world. In our replications, we recommend using 

these error terms to conduct three complementary robustness checks: adding the monadic ABBA 

term as a “control” variable, dropping the decile of observations with the highest monadic ABBA 

terms, as well as plotting the interactive relationship between the trade variable and the underlying 

monadic ABBA term. While not “solving” measurement problems, these steps clarify how mirror 

problems affect findings.  

Correlation between the standard errors of the trade variable and the ABBA term biases 

the estimated coefficients. Dropping country-year observations with high ABBA terms can 

 
26 Note that normalizing by trade or GDP (which includes the value of net exports as estimated by the “home” 
economy) can introduce trade measurement issues in the denominator, however. 
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indicate the direction of bias, but it may also introduce selection problems. Together, however, 

these checks gauge how mirror problems may influence the statistical relationships of interest. 

As supplements to this paper, we make available two public datasets of dyadic and monadic 

ABBA terms for a large panel of countries between 1950 and 2014, together with the code used to 

generate them as well as the weighted averages. Applied to our new datasets or any other dyadic 

ones it can enable researchers to adapt trade data to whatever context suits their research aims.  

4. The mirror problem in IR studies of trade: five replication analyses 

With these approaches, we can probe how the mirror problem plays out for five prominent IR 

studies about economic interdependence. We explore the sensitivity of their findings to mirror-

related data uncertainty and explore avenues to better heed it. We have selected studies that capture 

diverse uses of trade data, research designs, and topics, employing dyadic as well as monadic set-

ups (Table 2). They were not selected, or presented, on the basis of the specific outcomes that the 

replications have yielded. 

For each study, we first replicate the original findings and then compare these to estimation 

approaches described in section 3.5. 

Table 2. Selection of studies for replication 

 International Security/Politics Political Economy  

Dyadic Kastner (2014) 

(effect of trade on security diplomacy) 

 

Rose (2004)/Goldstein, Rivers & 
Tomz (2007) 

(GATT/WTO membership affecting 
trade) 

Monadic Barbieri & Reuveny (2005) 

(trade affecting violent conflict) 

Garrett & Mitchell (2001) 

(trade affecting welfare states) 
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4.1. Replication of dyadic studies 

Our first dyadic replication concerns a research design investigating how trade with China affects 

geopolitical alliances. Our second and third re-examine analyses that link GATT/WTO 

membership to trade flows. In all instances, we follow the same steps: we replicate the original 

results (Models 1); re-run the baseline for the subset of the sample for which two independent 

mirror records are available to check the impact of observations without mirror records selecting 

out of ABBA (Models 2); replace the import-based records with the corresponding entries in 

export-based records (the “mirror substitution check”; Models 3); and replace trade values with 

the weighted average of mirror records (Models 4). 

4.1.1 Kastner (2016) 

Kastner’s Journal of Conflict Resolution study evaluates how countries’ bilateral trade with China 

influences geopolitical alignments. Kastner tracked foreign governments’ support for three 

controversial moves by the Chinese government: the 2005 Anti-Secession Law opposing 

Taiwanese independence, the 2008 crack-down in Tibet, and seeking other WTO members’ 

recognition as a market economy from 2004 onwards. He then analyzes bivariate correlations 

between the level of support and various measures of bilateral trade. 

Kastner’s original model is a cross-sectional multinomial logit (Kastner 2016, 992–94). 

The dependent variable is foreign governments’ support for the Anti-Secession Law, coded into 

three categories: no, moderate, or strong support. The quantity of interest is the strength of the 

correlation with trade dependence, controlling for geographic distance, measures of 

authoritarianism, security relations with the USA, and national power. All data is from 2004. Trade 

dependence is operationalized as the foreign governments’ bilateral imports from [exports to] 
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China as a share of GDP, as well as their value relative to total imports [exports].27 For both import 

and export values, Kastner relies on Chinese data.  

Figure 4 illustrates descriptively the mirror problem in this setup. The left-hand scatterplot 

compares mirror values for imports from China as a share of importer’s GDP (Chinese-reported 

figures on the y-axis; partner-country figures on the x-axis). The right-hand plot does the same for 

exports. Both values are from 2004, the year before declaration of the Anti-Secession Law—the 

case that we re-analyze.28 The graphs show that mirror discrepancies can be large. The correlations 

for import mirror records are 0.71 on a linear scale and 0.52 for its log transformation; they stand 

at 0.96 (linear) and 0.82 (logged) for exports. 

Figure 4. Value of bilateral trade flows with China as a share of GDP in mirror 
statistics, 2004 

NOTE: Observations for which the IMF indicates partner records imputations are excluded. For better 
readability both axes in both graphs are truncated at 0.1. 

 

Turning, then, to the actual replication, Table 3 summarizes the imports-based analyses 

(full results available upon request). Model 1 re-establishes the original results. Model 2 restricts 

 
27 We only show results for the trade/GDP ratios. Results are very similar for measures of trade dependence relative 
to total trade. 
28 Replication results are similar for the other two issue areas (Tibet and WTO market economy status). For reasons 
of space, we present only one of these three complementary analyses.  
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the sample to those observations for which two independent mirror records are reported in IMF 

DOTS. Models 3 and 4 perform the ABBA robustness checks described above.  

Table 3. Replication of Kastner (2016) 

DV: Support Anti-
Secession Law (1) (2) (3) (4) 

Model Original 
Baseline 

Baseline in 
sample with 
two 
independent 
mirror records 

Mirror 
substitution 
check 

Weighted 
mirror 
average 

Side of mirror Chinese Chinese Partner 
countries 

Average 

Moderate support     

   Imports from 
China/GDP (ln) 

1.20 
(3.56) 

0.78 
(2.61) 

1.96 
(3.42) 

1.46 
(3.17) 

Strong support     

   Imports from 
China/GDP (ln) 

0.82 
(3.41) 

0.15 
(0.58) 

1.28 
(2.42) 

0.55 
(1.16) 

Control variables as 
in original? Yes Yes Yes Yes 

N 146 96 96 80 

Log-PLH -105.3 -65.5 -61.7 -52.2 

            NOTES: No support is the base outcome; robust standard errors; z-statistic in parentheses. 

The robustness tests strengthen but also nuance the original findings. Using the same 

Chinese data as the original study (but in the reduced sample for which we have independent mirror 

records), the coefficients are notably (and understandably) smaller and lose significance for strong 

support. Using partner-country records for the same sample, the correlation coefficients jump from 

0.78 to 1.96 for moderate and from 0.15 to 1.28 for strong support of the Anti-Secession Law (cf. 

model 3 vs. 2). These differences are substantively modest, as summarized in Figure 5: China-

based records (Model 2 in Table 3, first schedule in Figure 5) predicts the probability of a country 

expressing no support for the Anti-Secession Law to decrease from 51 percent (at the 25th 

percentile of trade dependence) to 40 percent (at the 75th percentile). Partner-based records (middle 
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schedule in Figure 5, model 3 in Table 3), in contrast, predicts a much bigger decrease: from 63 to 

30 percent. Using weighted averages of import measures (rightmost schedule in Figure 5) also 

strengthens the relationships compared to the Chinese data. Compared to the original results, these 

findings underline how import dependence amplifies moderate support for China’s Anti-Secession 

Law, while the increase in strong support is less conclusive. 

Figure 5. Replication of Kastner (2016) 

          

Altogether, Katstner’s original findings “pass” the ABBA robustness checks, strengthening 

our confidence in the original study’s positive correlation. This is important in light of possible 

publication bias against “modest” findings. The magnitude and strength of the correlations, 

however, have shifted. Many past analyses are likely to have produced statistically insignificant 

results using one side of the mirror, while the other side or a weighted average might well have 

generated statistically significant (and more easily publishable) findings. The mirror problem thus 

affects not only what we think to know about the origins and effects of trade, but also what we 

think to know not to be the case (type II error). 
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4.1.2. Rose (2004)/Goldstein, Rivers and Tomz (2007) 

Our second set of replications concerns a large time-series dataset with global coverage and trade 

as the dependent variable. We examine two prominent studies with contrasting conclusions about 

the trade-facilitating effects of the GATT/WTO. A much-cited article by Rose found no positive—

and in some models negative—effect of GATT/WTO membership on bilateral trade volumes 

(Rose 2004). Goldstein, Rivers and Tomz (henceforth GRT) challenged this result (Goldstein, 

Rivers, and Tomz 2007). The disagreement centered on two issues. Rose conducted cross-sectional 

analyses, focusing on between-country variation, while GRT analyzed within-effects over time 

within a given country. Also, Rose classified country membership by formal participation in 

GATT/WTO, while GRT considered more fine-grained categorization accounting for de facto but 

not de jure (“informal”) participation in the regime by some countries (e.g. former colonies). 

We use the dataset provided by Tomz and add the mirror information from the IMF DOTS 

database. We drop the observations that are either missing or outliers for which the log-difference 

in import-based records is greater than 1, leaving 298,310 dyad-year observations. For 77,354 of 

these, IMF DOTS gives no mirror record, and for 37,309 the IMF has used partner records to 

impute missing values. This yields 183,647 dyad-years with two independently recorded values. 

The dependent variable used in the analyses is the log value of bilateral trade flows in 1967 US 

dollars. 

We first replicate Rose’s between-effects model (summarized in Table 4; full results 

available upon request), then GRT’s within-analysis (summarized in Table 5). Models 1 and 2 re-

establish the original results and repeat the analysis with the restricted sample of dyads with 

independent mirror records. Models 3 and 4 perform the ABBA checks. 
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                Table 4. Replication of Rose (2004) 
DV: 
bilateral 
trade 

(1) (2) (3) (4) 

Model 

Original 
Baseline 

(excl. large 
differences 
DOTS vs. 
GRT) 

Baseline in 
sample 
with two 
indepen-
dent mirror 
records 

Mirror 
substitu-
tion check 

Weighted 
mirror 
average 

Side of 
mirror 

Import-
records 

Import-
records 

Export-
records Average 

Both formal 
members 

-0.10 
(-3.16) 

-0.15 
(-3.88) 

0.56 
(5.53) 

-0.13 
(-3.22) 

One formal 
member 

-0.20 
(-6.58) 

-0.16 
(-4.31) 

0.48 
(4.61) 

-0.07 
(-1.71) 

Control 
variables as 
in original? 

Yes Yes Yes Yes 

Year-fixed 
effects? Yes Yes Yes Yes 

Dyad-fixed 
effects? No No No No 

Years 1950- 
2004 

1950- 
2004 

1950- 
2004 

1950 
-2004 

N 298,310 183,647 183,647 177,473 

Dyads 15,120 9,842 9,842 9,299 

R2 0.62 0.67 0.39 0.69 

      NOTE: Robust standard errors clustered by dyad; t-statistic in parentheses. 

 

In this setup, the implications of the mirror problem are stark, as alluded to in Linsi and 

Mügge (2019, 370). The import figure sub-sample with two independent mirror records 

corroborates Rose’s negative relationship between formal GATT/WTO membership and bilateral 

trade (Model 2 in Table 4). But the coefficients become strongly positive and statistically 

significant once we use the corresponding export figures (Model 3 in Table 4). Formal 

GATT/WTO members appear to trade less than non-members if we use import-records, but they 

trade more if we use export figures. If we plug-in weighted averages data, the effect becomes 
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negative for dyads in which both countries are formal GATT/WTO members, while the coefficient 

for one formal member is smaller and insignificant at the five-percent level.  

The results are equally remarkable for the GRT replications, summarized in Table 5. They 

corroborate the GRT claim of a positive GATT/WTO membership effect. The mirror substitution 

check (Model 3 vs. 2 in Table 5) shows this effect to be several times larger once we use export-

based data. Import data suggests a 30-35 percent boost to bilateral trade from GATT/WTO 

membership; export data puts the figure at 150-250 percent.29 Estimating the model with the 

weighted mirror average, the results are substantively and statistically stronger than in the import-

based baseline for formal GATT/WTO membership, but weaker for “non-member participants” 

(countries’ accession to “informal” membership)— the theoretical core of GRT’s article. 

  

 
29 Detailed data analysis shows these large differences to be driven by large discrepancies in dyads in which one 
country reports zero trade while the other does not. Note that dyads with missing values or mirror-imputed flows are 
excluded from the sample, so that these values refer to actually reported 0s. Also, note that transformation of trade 
flows in dollar units to logarithmic scale compounds these issues in the setup. 
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Table 5. Replication of Goldstein, Rivers and Tomz (2007) 

DV: Bilateral 
trade  (1) (2) (3) (4) 

Model Original 
baseline 

Baseline mirror 
sample 

Mirror 
substitution 

check 
 

Weighted mirror 
average 

Side of mirror Import-records Import-records Export-records Average 
   Both formal 
members 
 

0.35 0.26 1.31 0.34 
(8.22) (4.99) (7.82) (6.58) 

   One formal 
member 
 

0.18 0.12 1.10 0.21 
(4.73) (2.47) (7.01) (4.25) 

   Formal and 
nonmember 
participant 
 

0.36 0.28 0.96 0.28 
(7.74) (4.93) (5.19) (4.87) 

   Both 
nonmember 
participants 
 

0.45 0.30 -0.10 0.16 
(4.48) (2.24) (-0.18) (1.11) 

   One 
nonmember 
participant 
 

0.08 0.10 0.49 0.12 
(1.53) (1.47) (2.25) (1.78) 

   Reciprocal 
PTA in force 
 

0.35 0.36 0.28 0.32 
(14.76) (12.93) (3.63) (12.02) 

   Non-
reciprocal PTA 
in force 
 

-0.05 -0.07 -0.21 -0.01 
(-1.37) (-1.80) (-1.96) (-0.24) 

   GSP 
 
 

-0.16 -0.14 -0.20 -0.13 
(-7.57) (-6.01) (-2.87) (-5.60) 

   Common 
currency 
 

0.52 0.42 0.46 0.41 
(5.69) (5.08) (1.63) (4.49) 

   Common 
colonial orbit 
 

0.12 0.45 0.64 0.44 
(0.32) (5.22) (1.52) (3.98) 

   GDP (product) 
 
 

0.66 0.74 0.80 0.75 
(51.26) (45.24) (16.43) (45.63) 

   Year-fixed 
effects? 
 

Yes Yes Yes Yes 

   Dyad-fixed 
effects? 
 

Yes Yes Yes Yes 

   Years 1950- 
2004 

1950- 
2004 

1950- 
2004 

1950- 
2004 

   N 298,310 183,647 183,647 177,473 
   Dyads 15,120 9,842 9,842 9,299 
   R-squared 0.85 0.88 0.69 0.89 

NOTE: Dyad-clustered robust standard errors; t-statistic in parentheses 
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Figure 6 clarifies the substantive meaning of these results, focusing on the predicted effect 

of the different constellations of GATT membership on the level of bilateral trade (given on the 

log scale, ranging in the full sample from 13 to 24.5). It shows counterfactual predicted trade levels 

based on values of the five constellations of GATT/WTO participation in Models 2 (import-based), 

3 (export-based) and 4 (weighted-based). Holding all other parameters at their means, the 

implications of these robustness checks clearly differ by constellation of GATT membership. 

Export-records indicate stronger trade-enhancing effects for formal GATT membership than 

mirror records based on imports, but (weakly) trade-retarding effects for dyads with non-member 

participation. And weighted averages generally tend to be more in line with import-records based 

results for dyads involving full members but not for dyads with non-member participants and non-

full members. 

     Figure 6. Replication of Goldstein, Rivers and Tomz (2016) 

 
FF=Both formal members; FO=One formal member; FN=Formal and Non-member participant;  

NN=Both non-member participants; NO=One non-member participant. 
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In short, the mirror problem has important implications for this debate. Overall, attention 

to mirror discrepancies strengthens the trade-enhancing effect of formal GATT/WTO membership 

in statistical and substantive terms. This is good news from the GRT perspective and bad news for 

Rose’s—irrespective of other, originally-reported substantive and statistical disagreements—in 

the overall effect. Also important, however, attention to the mirror discrepancies in trade data 

reveals that “informal” non-member participation plays a smaller role for the discrepant findings 

than previously estimated.  

4.2. Extensions to Monadic Studies 

The mirror problem is essentially a dyadic phenomenon that can be directly explored as above. 

But the mirror problem may also matter at the monadic level and can be explored indirectly (more 

imperfectly) using mirror statistics. The two replications we present illustrate easily implementable 

approaches to do so. They again cover different IR topics and research designs: the first study 

assesses how trade openness affects the risk of civil wars in developing countries; the second 

analyses the link between trade and government spending in advanced industrial economies. 

Our main replications pursue the following procedure: we re-establish the original results 

(Models 1); re-run the baseline for the sample for which monadic ABBA terms are available 

(Models 2); include the monadic ABBA term as a “control” (Models 3); and re-run the baseline in 

a restricted sample that excludes the decile of observations with the largest mirror discrepancies 

(Models 4). Finally, we interact the monadic ABBA term with the explanatory trade-variable to 

visualize how measurement errors affect statistical findings.  
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4.2.1 Barbieri and Reuveny (2005) 

Monadic trade data is central to studies linking economic openness to the risk of civil wars. 

Barbieri and Reuveny’s (2005) systematic investigation assesses various globalization measures 

(trade openness, FDI inflows, PFI inflows and internet usage) as predictors of civil war onset and 

presence (duration). They find that greater trade openness does not prevent civil war onset, but 

significantly reduces the duration of internal conflicts. Thanks to data provided by the authors, we 

could reproduce the original results exactly. Our replications estimate the effects of the trade 

openness variable once we take data problems into account.  

 Table 6 summarizes the behavior of the trade variable (full results are available upon 

request). Re-establishing the authors’ main result, Model 1 confirms the negative and near-

significant (90-percent threshold) relationship between civil-war presence and total trade in goods 

and services as a share of GDP. Model 2 is similar but uses the trade openness measure we 

calculate from DOTS, excluding services trade. The negative relationship strengthens somewhat, 

as does the statistical significance. For our purposes, Model 2 is the baseline replication of Barbieri 

and Reuveny. 
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        Table 6. Replication of Barbieri and Reuveny (2005) 

DV: Civil War presence (1) (2) (3) (4) 

Model Original 
baseline 

Baseline 
merchan-
dise trade 

Monadic 
ABBA as 
control 

Censoring 
ABBA top 
decile 

Total trade/GDP (t-1) -0.013 
(-1.64) 

   

Merchandise trade/GDP 
(t-1) 

 -0.015 
(-2.33) 

-0.009 
(-0.90) 

-0.010 
(-0.81) 

Monadic ABBA term (t-
1) 

  -0.04 
(0.03) 

 

All other variables of 
original model included? Yes Yes Yes Yes 

Years 1970-1999 1970-1999 1970-1999 1970-1999 

N 2,361 2,074 2,074 1,866 

Countries 127 123 123 115 

PLL -232.9 -223.8 -182.3 -169.0 

NOTE: Robust standard errors clustered by country. Z-statistics in parenthesis. 

The remaining two models perform ABBA sensitivity checks. They clearly indicate that 

measurement problems matter. The z-statistic of the trade variable drops substantially when the 

ABBA term is included (Model 3), and the relationship falls below conventional levels of 

statistical significance when, in Model 4, we exclude the country-years in the top decile of the 

monadic ABBA distribution (in this case, observations in which it exceeds a sizeable 18.1 percent 

of GDP). 

Figure 7 plots the interaction between the reported trade effect and the monadic ABBA 

term. There is little correlation between trade and the risk of civil war presence when and where 

measurement errors are reasonably low. The original negative relationship between trade and civil 

war presence, therefore, may be driven by modest observations for which mirror discrepancies are 

very high. And forces triggering violence may spawn inaccurate statistics. In this sense, our results 

need not invalidate the original findings or the theoretical argument informing the work. 
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Nonetheless, the replication highlights how questionable trade statistics may complicate statistical 

study of the relationship between trade and conflict (Schultz 2015). 

Figure 7. Effect of a one unit increase in trade/GDP on the probability of civil war 
presence at different levels ABBA 

 

NOTE: For better readability, the maximum for the ABBA term was fixed at its 99th percentile in underlying 
regressions. All other variables are set at median value. Dotted lines indicate 95 percent confidence interval. Graph 
code from Berry, Golder, and Milton (2012). 

 

4.2.2. Garrett and Mitchell (2001) 

The study of civil wars tends to focus on jurisdictions with often-limited statistical capacity. Other 

debates using monadic trade data concentrate on advanced industrial economies. One prominent 

strand links economic openness and welfare spending. To assess measurement problems in these 

setups, we reconstruct the main models of Garrett and Mitchell’s (2001) widely-cited study. They 

investigate how globalization affects welfare states. We concentrate on their analysis linking trade 

to total social policy spending. Garrett and Mitchell find general trade openness to be associated 



39 

with (substantively small but statistically significant) decreases in such spending, while growing 

trade inflows from low-wage economies were associated with increases (see also Burgoon 2001). 

With a dataset provided by Busemeyer, we follow Garrett and Mitchell’s research design 

as closely as possible. We undertake a few modifications to be able to illustrate the effect of trade 

data quality: we focus only on trade (not also FDI and portfolio flows) in the post-1980 period of 

interest in the original studies. We standardize low-wage imports by GDP rather than total imports 

in order to remove trade measurement problems from the denominator. Also, the exclusion of low-

quality data points makes the dataset too unbalanced for the calculation of panel-clustered standard 

errors, so we employ robust standard errors clustered at the country level instead.  

We have to isolate the mirror problem for trade with low wage countries to replicate Garrett 

and Mitchell’s (2001) finding about such trade. We create separate ABBA terms for total trade 

volumes and imports from low-wage countries. They parallel the monadic ABBA terms above, 

but the low-wage measure is limited to imports from non-OECD and non-OPEC economies. 

Figure 8 illustrates the resulting two monadic ABBA terms for the United States graphically, with 

the discrepancies displayed between the two lower lines. Both grow over the decades, and US 

figures typically outstrip those of its partner countries. 
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Figure 8. Illustration of ABBA factor and low-wage ABBA factor for the USA 

Table 7 summarizes our replications. We re-establish the original baseline (Model 1) and 

the baseline with merchandise (rather than total) trade (Model 2); we include the monadic ABBA 

term as a control (Model 3), and re-run the baseline in a restricted model (Model 4) that excludes 

the decile of country-years with highest ABBA terms (in the OECD sample these are countries 

with monadic ABBA terms exceeding 6.1 percent of GDP). Finally, we interact the trade variable 

with the underlying ABBA terms. 

Remarkably, the ABBA robustness checks pull in different directions for the two trade 

measures: the negative relationship between total trade and public spending waxes; the positive 

effect of low-wage imports wanes, with the coefficient losing statistical significance at the ten 

percent level. 
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Table 7. Replication of Garrett and Mitchell (2001) 

DV: Total 
spending/GDP (1) (2) (3) (4) 

Model Baseline 
Baseline 
merchandise 
trade 

Monadic ABBA 
as control 

Censoring 
ABBA top 
decile 

Total trade/GDP 
(t-1) 

-0.10 
(-2.69)    

Total 
merchandise 
trade/GDP (t-1) 

 -0.15 
(-2.18) 

-0.15 
(-2.17) 

-0.20 
(-2.82) 

ABBA factor (t-
1)   0.01 

(0.10)  

Low-wage 
imports/GDP (t-
1) 

 0.42 
(1.83) 

0.45 
(1.37) 

0.39 
(1.63) 

Low-wage 
ABBA factor (t-
1) 

  -0.14 
(-0.40)  

Control variables 
included? Yes Yes Yes Yes 

Country-fixed 
effects? Yes Yes Yes Yes 

Year-fixed 
effects? Yes Yes Yes Yes 

Years 1981-94 1981-94 1981-94 1981-94 

Countries 21 19 19 19 

N 258 240 240 219 

R2 0.98 0.98 0.98 0.98 

    NOTE: Robust standard errors clustered by country; t-statistic in parentheses. 

An interaction between the relevant ABBA terms and the measures of trade (left-hand 

panel of Figure 9) or low-wage trade (right-hand panel) clarifies this pattern. For the total trade 

variable (left panel) the negative relationship is significantly negative when measurement error 

due to mirror discrepancies is small. For low-wage imports (right panel), in contrast, the positive 

relationship is strongest for countries with medium-low ABBA factors; it is small in substantive 
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terms for higher data-quality observations. In the latter case, then, low-quality data seem to 

upwardly bias the original estimates of the relationship. 

Figure 9. Marginal effect of total trade (left) and imports from low-wage economies 
(right) on social spending at different values of data quality 

 

NOTE: For better readability, the maximum values for the ABBA terms are fixed at their 95th percentile in 
underlying regressions. Dotted lines indicate 95 percent confidence interval. Graph code from Berry, Golder, and 
Milton (2012). 

Taken together, measurement errors likely alter the modeled relationships between trade 

and welfare spending. Our replications suggest that the original studies may have underestimated 

the negative relationship between trade openness and public spending. At the same time, they cast 

doubt on the robustness of the positive effect of low-wage imports. These patterns are quite one-

sided and go against the attenuation biases suggested by earlier replication studies focused on 

estimators and error-correction (e.g. Kittel and Winner 2005). 

5. Implications and conclusion  

IR scholarship has hitherto ignored or downplayed mirror discrepancies in trade data. Our analyses 

yield three analytical insights and two recommendations. First, we have quantified the gaps 

between any two countries’ estimates about their bilateral trade to construct ABBA terms as 

proxies for error in the data. Both specific cases, such as US-Mexican trade, and large-n analyses 
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of such ABBA terms reveal substantial uncertainty in trade data. Unreflective choice for either 

import or export data is thus problematic: neither is consistently and obviously superior to all 

others. It is preferrable to use the information contained in both figures judiciously, following 

strategies reiterated below. 

Second, we have investigated the origins of mirror discrepancies. If we could 

systematically account for discrepancies, we might control for them. If they were completely 

random, we could dismiss them as mere data noise. Neither approach, alas, fits our findings. Case 

studies and qualitative evidence suggest that the discrepancies are systematic and driven by 

particular features of the global economy, for example trade hubs, secrecy jurisdictions, and hard-

to-track trade within multinational corporations. At the same time, national and dyadic 

idiosyncrasies can play a big role. Because these factors simultaneously confound trade data, we 

cannot fully disentangle their resulting discrepancies. Biases in trade data therefore resist 

eradication. Statisticians try, for example through bilateral reconciliation exercises or the OECD’s 

Trade-in-Value-Added (TiVA) database. But given the resource- and time-intensity of this work, 

the speed of change in the global economy, and the fundamental statistical capacity defects in 

many places, these initiatives clearly offer no short-term panacea (Mügge and Linsi 2020). 

Third, mirror discrepancies color scholarly knowledge of trade’s origins and implications. 

Heeding mirror discrepancies affects what we think we know about trade and international conflict 

and political economy: it can strengthen or altogether wash-out the statistical significance of 

previous results; in some cases it can reverse their direction. In all studies that we have re-

examined, taking mirror discrepancies into account has added nuance to previous empirical 

findings. 
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This brings us to several recommendations. First, IR scholarship should explicitly take the 

mirror problem into account. This is easy for individual bilateral axes. Discussions of, say, 

Chinese-American trade should consider both sides of the mirror data and try to understand what 

drives data discrepancies and how they affect the phenomenon under investigation. 

Second, matters are less straightforward for larger-n comparisons, but our replications 

suggest several easily implementable approaches to gauge the robustness of inference (cf. 

Neumayer and Plümper 2017). They include decomposition and re-measuring trade relationships 

through “mirror substitution checks” and use of weighted mirror averages. We can also include 

control-variables that proxy discrepancies, such as the ABBA terms. Visualizing interactive 

relationships between trade and data quality is relatively straight-forward, and it reveals when and 

where mirror discrepancies affect statistical inference. To facilitate such robustness checks, this 

article is accompanied by publicly-available datasets with both the dyadic and monadic ABBA 

measures derived from IMF DOTS for a large swath of countries from 1950-2014, which will be 

periodically updated as new data becomes available. Even though we have limited our examples 

to IR scholarship, both the problems we signal and the fixes we suggest are also relevant to work 

in international economics and business, fields that also frequently use trade data. 

Beyond the specific issues with trade data, IR scholarship should take measurement 

problems in political economy more seriously in general. We have here portrayed mirror 

discrepancies mostly as a “problem”. But they can also be understood as an opportunity, because 

they can help us reducing uncertainty about the uncertainty of trade measurement. Our study is 

thus an encouragement to seek out such alternative sources of data covering similar phenomena 

and use statistical forms of triangulation between them as tools to strengthen our inference, or 

understand better where data defects preclude strong conclusions. 
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To be sure, for almost all other statistical data used in IR and beyond we do not have the 

luxury of having the same transaction being recorded twice. Furthermore, of the different 

quantities tracked in Balance of Payments-data— including services trade, foreign direct 

investment and portfolio investment—merchandise trade is arguably the most reliable (Lipsey 

2006; Damgaard and Elkjaer 2014; Kerner 2014; Linsi and Mügge 2019). If things are as 

problematic for merchandise trade as our analyses show them to be, we should expect them to be 

worse for other facets of international economic relations, and many aspects of international 

political life more broadly. It is high time for critical discussion, also in academic training, of data 

quality and measurement problems in official statistics. At stake is the basic quality of what we 

know and argue about international economic relations. 
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APPENDIX A. ADDITIONAL ILLUSTRATIONS OF MIRROR DISCREPANCIES 

Table A1. US-Mexico bilateral trade data according to US and Mexican records, in billion USD 

 Southbound trade  Northbound trade  US trade balance 

 [US exports; Mexican imports]  [US imports; Mexican exports]  with Mexico 

Year US records Mexican records  US records Mexican records  US records Mexican records 

1995 46,3 59,4  62,8 66,5  -16,4 -7,1 

1996 56,8 74,4  74,1 80,7  -17,4 -6,3 

1997 71,4 90,4  87,2 94,5  -15,8 -4,1 

1998 79,0 102,6  96,1 103,3  -17,1 -0,7 

1999 86,4 115,8  109,5 120,4  -23,1 -4,6 

2000 108,8 135,2  135,1 147,4  -26,3 -12,2 

2001 101,5 120,6  132,8 140,6  -31,3 -20,0 

2002 97,5 113,0  136,1 141,9  -38,6 -28,9 

2003 97,5 111,7  139,7 144,3  -42,2 -32,6 

2004 110,8 117,5  157,8 164,5  -47,0 -47,0 

2005 120,0 125,7  172,5 183,6  -52,4 -57,9 

2006 134,2 138,1  200,5 211,8  -66,3 -73,7 

2007 136,5 147,8  212,9 223,1  -76,3 -75,3 

2008 151,5 160,4  218,1 233,5  -66,5 -73,1 

2009 129,0 119,2  178,3 185,1  -49,3 -65,9 

2010 163,3 153,7  231,9 238,7  -68,6 -85,0 

2011 198,3 184,8  262,9 274,4  -64,6 -89,6 

2012 215,9 196,2  277,6 287,8  -61,7 -91,6 

2013 226,1 198,5  280,6 299,4  -54,5 -100,9 

2014 240,2 207,0  294,1 318,4  -53,8 -111,4 

2015 236,4 198,0  294,7 308,9  -58,4 -110,9 

2016 231,0 190,3  294,2 302,6  -63,2 -112,3 

2017 243,0 206,2  314,0 326,9  -71,1 -120,6 

2018 265,0 228,8  346,5 358,3  -81,5 -129,5 

2019 256,4 218,1  358,1 370,8  -101,8 -152,7 
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Figure A1. Country-by-country heatmap of bilateral ABBA discrepancies (1950-2014 average asymmetries as share of combined mirror flows) 
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Figure A2. Mirror discrepancy heatplot in IMF DOTS 

 
SOURCE: Own analysis based on IMF DOTS database. 

 

The heatplot in Figure A2 visualizes the discrepancies globally for the subsample of dyads that 

have consistently reported bilateral trade data since 1950. To standardize them on a 0-100 scale, 

we show them as a share of the two combined estimates of the same flow in the figure. The 

vertical axis gauges their extent for all countries in the sample. The depth of color indicates their 

frequency: the darker the space, the more country-dyads exhibit a given level of discrepancy in 

that year. For a significant number of dyads discrepancies are large and have tended to grow 

rather than decrease with time (cf. Linsi and Mügge 2019).  

As a share relative to the mirror average value of a trade flow (cf. footnote 2), the median 

discrepancy in the sample restricted to dyads with full time series is 28.6 percent (mean 58.8), and 

increases over time from 25.0, respectively 25.4, in 1950s and 1960s to a peak of 34.2 percent in 

1970s, before gradually diminishing again to—but staying at levels above those of 1950s-60s-- 

31.8 in 1980s, 29.0 in 1990s and 28.3 in 2000s.  
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Figure A3. Snapshots of monadic ABBA for total trade as share of GDP in the year 2000 

 

 

 

 

 

 

 

Figure A3  illustrates the global distribution of monadic ABBA terms for the year 2000. The 

darker the shading of the country, the larger they are. Mirror discrepancies are not concentrated 

in any specific region of the world. The monadic ABBA terms are very large in some Sub-

Saharan countries, echoing the work of Jerven (2013). But they are also high in several G20 

economies such as Russia, Canada, Mexico or Indonesia and advanced economies like Ireland, 

Belgium or Switzerland. Other years tell a similar story of widespread and seemingly random 

discrepancies (output from supplementary analyses available upon request). In the global sample, 

the average monadic ABBA difference amounts to a sizable 7.6 percent of GDP (median 3.1 
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percent). For the decile with highest discrepancies, it is above 18 percent. Discrepancies tend to 

grow over time and are somewhat larger in more recent years. In the 2000s-2010s subsample, the 

mean is 9.9 percent of GDP (median 5.1 percent). 
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APPENDIX B. SUPPLEMENTARY ANALYSES OF ABBA DETERMINANTS 

Table B1. Tariff rates and capital account openness as predictors of mirror discrepancies 

 

 

NOTE: T-statistic in parentheses. Dyad-clustered robust standard errors.  
Constant omitted from output. 
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Table B2. Alternative operationalization of dependent variable 1: Logged ratio of ABBA 
discrepancy relative to mirror average of dyadic trade volume 

 

Table B3. Alternative operationalization of dependent variable 2:  Ratio of ABBA 
discrepancy relative to mirror average of dyadic trade volume (not logged)
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Table B4. Baseline model with trade values in current USD 

 

Table B5. Baseline model excluding observations with zero reported trade 
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Table B6. Impact of EU accession on discrepancies in statistics on intra-EU trade  
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APPENDIX C. ILLUSTRATION OF SYMMETRY-WEIGHTED AVERAGES 

 

Table C1. Symmetry-weighted averages for three dyads 

 

NOTES: trade flows in current million USD; rounded values shown. 
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