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Introduction 
One of the major uses of statistical figures reported by National Competent 
Authorities (NCAs) is to permit comparisons between  countries. Quite often statistics 
from a country or a group of countries is presented along with those of other ones so 
as to make the reported numbers more meaningful. Another important use is the 
compilation of figures referring to groups of countries; an overall unemployment rate 
for the EU, for example, is compiled by member states’ unemployment rates. In all 
such cases the users assume that these numbers are comparable with each other but 
this is not always or completely true. In both occasions it is quite useful to be able to 
assess the level of comparability between pairs of statistics coming from different 
countries. 
 
The issue of geographical comparability (like comparability in general) arises 
whenever two or more statistical figures, describing, at least in intention, the same 
statistical characteristic in different geographical areas, are examined in relation to the 
others. A reasonable definition is to say it is the extent to which differences between 
figures are attributed to differences between the true values of the statistical 
characteristic. For example, is unemployment in, say, Greece really two percentage 
points greater than Spain’s or some of this difference is caused by the respective rates 
not being fully comparable? If the latter is true, what is the true difference in 
unemployment between the two countries? 
   
The discussion above makes clear that comparability is a relative quality of a statistic. 
It cannot be defined if not in relation to another statistic (a standard or a similar 
quantity from another country). Moreover, comparability, or the lack of it, may be the 
result of a multitude of factors. An NCA cannot know in advance in what 
comparisons a statistical figure it produces is going to be used, and which factors will 
affect each comparison.  
 
The factors that may cause two statistical figures to lose comparability are attributes 
of the surveys that produce them. These attributes may be grouped into two major 
categories: concepts of the survey and measurement methodology.  
 
Each survey has a strictly defined objective. To measure or estimate, as accurately as 
possible, a statistical characteristic of a population. In order to plan the survey a lot of 
entities must be defined in advance. Such entities include the reference population, the 
characteristic itself, the classes of a classification of the population, etc. There are 
more entities which are presented in a list further below. If two surveys of the same 
characteristic, in different countries, do not use exactly the same definitions, their 
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statistical products will lack comparability. The extent of the lack will be directly 
related to the difference in definitions. 
 
Errors also creep in statistical figures because of imperfections in the conduct of 
surveys. Sampling is an additional source of errors (sampling variation) in sample 
surveys. These errors affect the accuracy of figures, which in turn may render figures 
not comparable to similar ones from other countries, since one cannot know what 
proportion of a difference is due to the sampling variation of estimates. There is a 
multitude of aspects of a survey that can affect sampling and non-sampling error. 
Some of them include the sample design, the condition of the sampling frame or 
master list, the training of the interviewers, the handling of non-response, the quality 
of data entry, the procedures used for data editing, etc. 
 
In order to measure the effect of differences several studies that examine specific 
statistics from small groups of countries (usually two) have been conducted in the past 
decade. They have given us a lot of insight about how comparable international 
statistics are, what affects their comparability and, quite importantly, by how much. 
Dalen (1998) used simulations, to examine the figures for the CPI of Sweden and 
Finland under. This study showed how changes of conceptual aspects affect the  CPI 
and since it was carried out for a number of years (albeit only for Sweden and 
Finland) it allows for some cautious generalisation. Sorrentino (2000) examined if the 
unemployment rates of USA, Canada, EU aggregates, and six European countries 
differ, even after adjustments for some conceptual differences, because of differences 
in the definition of unemployment and the implementation of the ILO guidelines. The 
adjusted figures were compared with reported statistics (for Europe this was done for 
the spring 1998 LFS). When US definitions were used, EU unemployment was found 
lower by 0.4 percentage points compared to that estimated using EU concepts. 
Interestingly enough, the US unemployment rate, did not change when measured with 
EU concepts. US-Canadian difference due to concepts was close to 0.8 of a 
percentage point. It should be noted, however, that the findings apply to the specific 
indicator only and also are valid for only a year and a particular pair of geographical 
regions. A review of similar studies up until 1999 is contained in Decoster (2000). 
 
These studies directly measure the lack of comparability that can be attributed to 
specific conceptual differences. Unlike other measures of data quality they not only 
quantify the cause of the problem but the problem itself. They are therefore quite 
valuable for any user of international statistics. They have a few limitations however. 
They normally require access to microdata in order to perform the adjustments and 
therefore can be done by NSIs or Eurostat only and the results are valid for the 
specific pairs of countries and reference periods that were studied. They also take into 
account conceptual differences only and do not consider differences in data collection 
and processing methodologies. We may therefore say that although they provide high 
quality information this is bound to be sparse since the number of possible 
combinations in statistics, countries and years is huge. 
 
In this work we present a conceptually simpler approach that uses statistical metadata 
and is based on a much lower level of measurement and more significantly measures 
the causes of lack of comparability and not the lack itself. It can moreover be 
performed by third parties since it relies on public information and therefore can be 



 

cheaply implemented in any type of statistics from any country provided that they are 
well documented.  
 
 

Outline of using metadata scoring for the assessment of 
geographical comparability 
 
Statistical figures may be compared by comparing the respective metadata of the 
surveys that produced them. If the associated metadata are similar, the figures will be 
comparable. Any differences in the metadata must be quantified. The first step 
therefore is to determine a comprehensive list of aspects that can cause 
incomparability.  
 

Determining a List of Sources of Lack of Geographical 
Comparability 
The basis of the proposed analysis is a list of sources of lack of comparability. The 
two principal characteristics of the list are to contain metadata items which may affect 
the comparability of the results and which are available for all countries under 
consideration in a harmonised manner. We have divided them in two categories, items 
that are related to Concepts (mainly definitions) and  items that are related to 
Measurement. Following is a rather generic list of such items that can be adapted to 
many domains of application by adding aspects that may affect comparability and are 
pertinent to the domain (items 1.8 and 2.6).  
 
1 Concepts 

1.1 Statistical characteristics 
1.2 Statistical measure (indicator) 
1.3 Statistical unit 
1.4 Reference population 
1.5 Reference period  
1.6 Study domains 
1.7 International Standards  
1.8 Conceptual aspects specific for a Domain under study  

2 Measurement 
2.1 Sampling design 
2.2 Sampling errors 
2.3 Data collection 
2.4 Data processing 
2.5 Estimation 
2.6 Measurement Domain Specific (a list of characteristics pertinent to any 
specific domain, e.g. thresholds for Foreign Trade Statistics) 

 
This list very much follows the structure of sources for lack of comparability in 
Linden (1999) with a second level adding to a total of 40 entries (the full taxonomy is 
provided as Annex 1). Some of the information for these entries are contained in 
quality reports or methodological notes provided along with European Statistics. It 
should be noted that this is just an indicative list and it should be modified in order to 
address comparability issues for a specific domain (some entries may be irrelevant -
like sampling errors for censuses- and some may require more detailed analysis). 



 

Different lists can be developed for international comparisons based on IMF’s SDDS 
or other metadata standards. 
 

The scoring Scheme 
A scoring scheme should be introduced which assigns a score to each metadata 
difference between statistics from two countries according to its effect on 
comparability. In practise, since most of the methodological information is textual 
(i.e. not machine understandable) a person will assign the weights after assessing the 
information provided. Here bilateral studies can provide a lot of insight and help to 
correctly appraise the weights. When little or no information on the severity of the 
effects of methodological differences on comparability exists then one can just record 
if there is a methodological difference that can potentially affect comparability or not, 
opting for a weighting scheme like: 
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Where w is weighting factor (score) for every methodological aspect k reported from 
countries i,j.  
 
Evidently, the effects of methodological differences can be wide ranging. Some might 
not affect comparability while some others (like differences in definitions) might have 
severe consequences regarding data comparability. To measure this a more elaborate 
scoring scheme may be introduced like with a weighting factor like: 
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Subjectivity exists in both schemes but is more evident in the latter scheme since 
someone must decide what is a small, a medium and a large difference (instead of 
whether there is a difference that affects comparability or not). In any case the 
resulting score can be treated as the methodological distance between the respective 
countries. 
 

Producing Comparability Indicators 
Several indicators can be computed from this semi-quantitative scheme. First a 
coefficient, that indicates how different the methodologies used by two countries i, j 
are can be computed by summing the weights for all methodological entries M 
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If a number g of metadata are missing (not provided) from one of the two countries 
then, obviously, a comparison cannot be made; for these aspects the corresponding 



 

weights will be zero and we will evaluate M-g cases and change the denominator 
accordingly. 
 
An indicator of how much geographically comparable a country j is, can be derived 
by averaging its methodological distances pij with respect to the group of countries 
included in the study. 
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An overall coefficient that reveals how geographically comparable is the whole set of 
country statistics is, 
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Analysis of the Dissimilarity Matrix to assess Comparability 
For pair wise studies of geographical comparability among a group of countries, the 
scoring scheme will lead to a  two-way symmetrical matrix with the countries 
defining its rows and columns. The entry of each cell will be the comparison score of 
the two countries to which the cell corresponds. This matrix can also be used as input 
for further analysis. Applying Multidimensional scaling methods for example, will 
produce a two or three dimensional scatter diagram of countries where the relative 
magnitude of the distances between them is proportional to their methodological 
differences. The closest two countries are on the map the more comparable their 
statistical figures are.  
 
Tree clustering methods can also be used with the same dissimilarity matrix as an 
input to create a tree diagram where the branches include countries with similar 
methodologies. The diagram should reveal clusters of countries that follow similar 
methodologies, if they exist.   
 
This approach may be of great interest for international organisations by, for example, 
Eurostat or OECD. They can for example compare the Labour Force surveys of the 
member states and produce a score matrix or a scatter diagram which will show how 
harmonized the surveys are and therefore how comparable are their statistics. The 
same approach can be used for assessing the comparability of statistical figures from 
candidate EU member states. The methodology can be also quite useful in relatively 
new series when methodologies are not yet mature and different approaches are 
implemented at the same time. By identifying methodological clusters Working 
Groups or other parties with an interest in developing a harmonised methodology for 
the statistics under consideration can decide which methodological choices should be 
adopted for the EU area. 
 



 

Proximity data derived from official statistics (Mirror 
Statistics) 
 
Mirror statistics can be obtained when similar statistical characteristics are measured 
by different NCAs. They are common practice in the measurement of flows (like 
Foreign trade, tourism and transportation statistics). Although they are mainly used 
for the assessment of data consistency, which is associated with coherence, the 
geographical comparability of a source can be indicated by looking at the size of 
discrepancies.  
 
While in the previous case, we studied methodological differences in order to assess 
the comparability of data, in this case we study differences in the data in order to 
assess the comparability of methodologies.  
 
Data typically consists of two matrices with inbound flows in one and outbound flows 
in the other. Matrices on tourist movement between EU member states will show the 
numbers of tourists leaving each state for the other states and the number of tourists 
each state receives from other states. One can then look, for example, at how many 
tourists does Greece report as leaving it for Austria and at how many tourists does 
Austria report as receiving from Greece.  
 
Absolute differences of the two reported figures for each direction of flows, for a pair 
of countries, can be normalized by dividing with the average reported quantity. This 
results into two dissimilarity matrices one for each direction of flows. These can then 
be averaged up into a single figure thus yielding an indicator of discrepancies between 
the two countries. Since only the size is of importance at this stage the absolute values 
are retained. This way a dissimilarity matrix is constructed that can provide indicators 
and input for analysis in the same way as in the previous paragraphs. By identifying 
what is common in the countries with small discrepancies and what differs in 
countries that are far apart in the multidimensional scaling map we can make some 
suggestions on what might contribute to the discrepancies. This can be beneficial 
since by establishing statistics that are consistent we can confidently move one step 
further and abolish the double collection scheme (and have each country reporting one 
flow only) thus offering big savings to the European taxpayer. 
 

Case studies 

A case study of Labour force statistics.  
As a case study we analysed metadata reported to the OECD and included in the 
Standards and methods publication for indicators about employment in industry. For 
the purposes of the study we devised a list of causes for lack of comparability that 
follows OECD’s standard list of metadata items with two levels, the first of which is:  
 
Table 1. First level of the taxonomy of causes of lack of comparabilitybased on OECD’s standard list 
of Metadata items. 

Code Name Description 
1 Source Characteristics of the source like available breakdown, 

periodicity. 



 

2  Concepts & 
Coverage 

Definitions, reference period, statistical population/exclusions. 
Classification and Geographical coverage. 

3 Standards Followed standards, Classifications, Departures from 
International standards. 

4 Data collection Reporting units & method, Master list. 
5 Data 

Manipulation 
Aggregation, Grossing-up, seasonal adjustment. 

6 Quality Sampling error, measurement error, and non-response rate. 
7 Other Not elsewhere mentioned  

 
The full taxonomy is shown in Annex 2. 
 
We also used a binary scoring scheme to judge if there is a methodological difference 
between two countries with respect to a specific entry (at the second level of the 
taxonomy). 
 
The symmetrical table of the pij measure of dissimilarity of Eq. 1 between 9 European 
countries reporting to the OECD is shown in Table 3. 
 
Table 2. Table of methodological distances. 
 Austria Denmark Finland France Germany Greece Ireland Italy Lux 

Austria 0,000 0,733 0,615 0,400 0,167 0,364 0,429 0,769 0,273 

Denmark 0,733 0,000 0,929 0,667 0,750 0,917 0,786 0,714 0,833 

Finland 0,615 0,929 0,000 0,615 0,667 0,800 0,538 0,167 0,600 

France 0,400 0,667 0,615 0,000 0,250 0,500 0,200 0,714 0,333 

Germany 0,167 0,750 0,667 0,250 0,000 0,500 0,300 0,727 0,125 

Greece 0,364 0,917 0,800 0,500 0,500 0,000 0,500 0,900 0,400 

Ireland 0,429 0,786 0,538 0,200 0,300 0,500 0,000 0,692 0,273 

Italy 0,769 0,714 0,167 0,714 0,727 0,900 0,692 0,000 0,900 

Lux 0,273 0,833 0,600 0,333 0,125 0,400 0,273 0,900 0,000 

Average 0,469 0,791 0,616 0,460 0,436 0,610 0,465 0,698 0,467 

 
Apparently Denmark is quite distant from all other countries and Italy and Finland are 
located close to each other and distant from everybody else. This in fact reflects 
reality quite well since the rest of the countries report results from Industrial surveys 
where companies are required to report the personnel they were employing in the 
reference period. Italy and Finland report results from their Labour Force Surveys 
covering households, while Denmark in a remarkably cost efficient way reports social 
security contributions from companies divided by the required contribution for a 
single employee. Average dissimilarities reflected by the coefficient of Eq. 2 are 
shown in Figure 1.  
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Figure 1. Average dissimilarities for all countries under consideration 

Since a matrix of dissimilarities is at hand a two dimensional map of practices can be 
drawn up using multidimensional scaling. The resulting map is shown in Figure 2. A 
three-dimensional multidimensional scaling reveals the differences between the three 
different main methodological choices mentioned before but also indicates that 
Greece differs in the way it implements the industrial survey from the rest (owing to 
the classification used, ISIC 68 and population exclusions). 
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Figure 2. A Map of concepts and practices drawn using Multidimensional scaling. 



 

Scatterplot 3D
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Figure 3. 3-D multidimensional scaling 

A tree clustering method using the same dissimilarity matrix gives the following tree: 
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Figure 4. Result of tree clustering 



 

ICT survey on enterprises 
 
The survey on ICT usage on enterprises is conducted every year in all EU-15 MSs 
and Norway. It is a highly harmonised survey following a model questionnaire with a 
number of mandatory questions plus some optional ones. All differences between 
statistical methodologies followed by the 15 Member States and Norway are 
combined to give an overall assessment of the level of comparability of the data 

produced. In total, ⎟⎟
⎠

⎞
⎜⎜
⎝

⎛
2

16
=120 pair-wise comparisons between countries have been 

performed based on a list containing the most important elements regarding the 
methodology for the execution of the ICT survey. This list was specially created for 
this purpose and is by no means uniquely defined; the most important indicators that 
could provide a clear-cut view of the methodological differences and thus cause lack 
of comparability have been defined. 
 
The ICT specific list contains:  
 

 Differences in implementing the Eurostat model questionnaire  
This refers to the differences between national surveys regarding the use of the 
mandatory and optional questions as they were proposed by Eurostat. These 
differences were treated separately in the analysis. For the case of the use of 
mandatory questions, the mathematical expression for the differences is: 
 

jicountriesbetweenbreaksofnumberw ji ,, =  (4) 
 

The number of breaks between the two countries (say, i and  j) signifies the total 
number of questions that are used by only one of the two countries. If a mandatory 
question is used by both countries or by none of them, it is not counted in this 
sum. The value that this coefficient can obtain is an integer lying between 0 (when 
the two countries have everything in common) and 22, which is the total number 
of mandatory questions in the Eurostat model questionnaire. Thus, the smaller the 
value of the coefficient, the more harmonised the surveys are (with respect to this 
methodological element).  
 
Similar to this, the coefficient indicating the differences in the use of optional 
questions is now expressed as: 
 

2
,

,
jicountriesbetweendifferncesofnumberw ji =  (5) 

 
The value of the coefficient lies between 0 and 3.5 (=7/2, where 7 is the total 
number of optional questions in the model questionnaire). As in the previous case, 
the greater the value of the coefficient, the more different the use of optional 
variables is. It should also be noted that the reason for applying a smaller weight 
to this coefficient is due to the greater importance of the differences in the use of 
mandatory variables than the optional ones for the harmonisation analysis. 
 

 Differences in classification coverage of NACE sections 



 

This aspect deals with the coverage of the sample size, in what regards economic 
activity. Four coefficients relating to economic activity (according to NACE Rev. 
1) have been considered separately: differences in NACE Sections D, G, H, I, K, 
in NACE Division J 67, in NACE Division F 45 and in NACE Divisions O 92, 93. 
A scoring factor was introduced for every of these coefficients k reported from 
countries i, j, which takes values  
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 The size threshold for inclusion in the survey 

In this part, differences in the enterprise size threshold that was included in each 
survey are analysed. The threshold values of the number of employees are split 
into three groups: A for none or at least one employee, B for at least five 
employees and C for at least 10 employees. The scoring factor in this case 
becomes: 
 
If there is no difference (i, j both belong to A, B or C) :  jiw , = 0 

If i ∈ A,  j ∈  C and vice versa :  jiw , = 1                  (7) 

Otherwise: jiw , = 0.5 
 

 The size threshold for complete enumeration 
Another aspect, which is relevant to the survey design and more specifically, to 
the sampling methodology, is the enterprise size threshold for complete 
enumeration. This coefficient indicates the differences between national 
methodologies in what regards the threshold values of the enterprise size for 
applying a census survey. Similar to the previous case, the size is split into three 
groups: A for up to 100 employees, B for between 100 and 250 employees and C 
for at least 250 employees. The scoring factor now obtains exactly the same form 
as the one appeared in (4). 
 

 The sampling fraction 
The sampling fraction is defined as the ratio of the sample size to the population 
size, i.e. the percentage of the population which is under survey. This 
methodological aspect is also included in the list, since it is an absolute measure 
that enables comparability between countries, in contrast with the sample size, 
which is a relative measure (for example, a sample size of 6 000 enterprises is 
normal for Ireland but small for Germany). The coefficient relating to the 
sampling fraction is mathematically expressed by (4), but this time A, B and C are 
the groups in which the sampling fraction is below 10%, between 10 % and 20% 
and above 20% respectively. 
 
 

 The mode of data collection 
In all Member States and Norway, post remains the most popular mode of data 
collection. However, other methods are sparsely used, such as interview, online 
questionnaires, etc. Thus, in order to assess any similarities in the use of these 



 

additional means of data collection, this aspect was also included in the list. The 
scoring factor in this case takes the same values as in (6). 
 

 The data collection period 
The period of data collection relates to the timeliness of data and whether Eurostat 
guidelines were followed and therefore, it could not be absent from this list. The 
corresponding scoring factor addresses the differences in data collection periods 
(in the first quarter of 2002 –as Eurostat proposed– or otherwise) and 
consequently, identifies the groups of countries that succeeded or not in 
conducting the survey on time, in accordance with Eurostat’s recommendations. It 
is defined as in (6). 
 

 The system of reminders 
Since the use of reminders has been proved to have an effect on the response rate 
of the ICT survey, it is treated in this section. Similar to the previous case, the 
corresponding scoring factor is expressed by (6), and it exhibits the differences in 
the use (or not) of reminders. 
 

 The response rate 
Along with the system of reminders, the differences in the response rates are also 
included in the harmonisation analysis. The scoring factor appears as in (7), with 
the groups A, B and C being defined as those containing national surveys that 
experienced response rates up to 50%, between 50% and 75% and at least 75% 
respectively. 
 

Based on the methodological information obtained from all countries, this symmetric 
table of methodological differences was constructed  
 
 
Table 3: Table of methodological dissimilarities 

Total 
metadata AT BE DE DK ES FI FR GR IE IT LU NL PT SE UK NO

AT 0 0.23 0.36 0.45 0.27 0.27 0.43 0.23 0.32 0.3 0.25 0.523 0.18 0.16 0.5 0.43
BE 0.23 0 0.55 0.48 0.32 0.45 0.52 0.07 0.16 0.27 0.25 0.523 0.41 0.39 0.659 0.61
DE 0.36 0.55 0 0.5 0.61 0.43 0.43 0.5 0.59 0.55 0.52 0.432 0.5 0.43 0.591 0.61
DK 0.45 0.48 0.5 0 0.45 0.23 0.43 0.5 0.32 0.34 0.27 0.364 0.55 0.43 0.591 0.41
ES 0.27 0.32 0.61 0.45 0 0.41 0.41 0.39 0.34 0.25 0.18 0.477 0.2 0.39 0.5 0.41
FI 0.27 0.45 0.43 0.23 0.41 0 0.32 0.39 0.3 0.3 0.23 0.568 0.43 0.3 0.636 0.32
FR 0.43 0.52 0.43 0.43 0.41 0.32 0 0.57 0.48 0.34 0.36 0.523 0.45 0.36 0.705 0.48
GR 0.23 0.07 0.5 0.5 0.39 0.39 0.57 0 0.23 0.32 0.27 0.545 0.36 0.34 0.636 0.55
IE 0.32 0.16 0.59 0.32 0.34 0.3 0.48 0.23 0 0.27 0.14 0.455 0.5 0.48 0.773 0.45
IT 0.3 0.27 0.55 0.34 0.25 0.3 0.34 0.32 0.27 0 0.18 0.523 0.41 0.36 0.705 0.55
LU 0.25 0.25 0.52 0.27 0.18 0.23 0.36 0.27 0.14 0.18 0 0.409 0.34 0.32 0.636 0.36
NL 0.52 0.52 0.43 0.36 0.48 0.57 0.52 0.55 0.45 0.52 0.41 0 0.61 0.41 0.727 0.68
PT 0.18 0.41 0.5 0.55 0.2 0.43 0.45 0.36 0.5 0.41 0.34 0.614 0 0.3 0.455 0.43
SE 0.16 0.39 0.43 0.43 0.39 0.3 0.36 0.34 0.48 0.36 0.32 0.409 0.3 0 0.568 0.45
UK 0.5 0.66 0.59 0.59 0.5 0.64 0.7 0.64 0.77 0.7 0.64 0.727 0.45 0.57 0 0.55
NO 0.43 0.61 0.61 0.41 0.41 0.32 0.48 0.55 0.45 0.55 0.36 0.682 0.43 0.45 0.545 0

Average 0.31 0.37 0.48 0.39 0.35 0.35 0.43 0.37 0.36 0.35 0.3 0.486 0.38 0.36 0.577 0.46



 

 
The average dissimilarity which is also shown in Figure 5, indicates the level of 
incomparability of each country with the rest of the countries. Apparently, the UK is 
the most dissimilar, followed by Netherlands, Germany, Norway and France, while 
Luxembourg and Austria are the countries that are more comparable.  
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Figure 5. Average dissimilarities for all countries under consideration 

 

Since a matrix of dissimilarities is at hand, a two dimensional map of practices can be 
drawn up using multidimensional scaling. The resulting  map, shown in Figure 6, 
reveals the existence of a cluster which includes AT, SE, GR, BE, LU, FI, IE and 
perhaps IT and DK with the rest of the countries falling in some distance. 
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Figure 6. A map of concepts and practices drawn using Multidimensional scaling 

 
A tree clustering method using the same dissimilarity matrix and a simple linkage 
average amalgamation rule gives the following tree. The same cluster identified by 
multidimensional scaling seems to form again, but this time it includes ES and PT as 
well. 
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Figure 7. Result of tree clustering 



 

 

Case study with mirror statistics from Foreign trade 
 
One application of mirror statistics as a tool for assessing Geographical comparability 
and Coherence is in Foreign Trade Statistics. Twice a year, a Mirror Leaflet is 
published by Eurostat providing a general overview of Intra-EU asymmetries within 
external trade statistics. The total flows of goods for the year 2001 between the 15 MS 
of the EU (see Annex 3) were used to compute the following dissimilarity matrix:  
 

FR NL DE IT UK IE DK GR PO ES BE LU SE FI AU 

0.00 8.87 3.39 4.52 9.92 9.45 0.16 10.03 3.20 6.09 1.88 12.70 2.90 6.37 8.00 

8.87 0.00 6.24 6.65 24.10 15.63 19.73 1.74 3.61 1.14 5.33 6.39 6.89 29.83 15.79 

3.39 6.24 0.00 6.85 6.98 8.08 8.57 5.69 2.01 1.46 8.15 7.13 3.93 19.58 4.76 

4.52 6.65 6.85 0.00 5.87 14.88 4.02 1.11 9.01 5.93 1.79 32.43 1.00 0.76 6.07 

9.92 24.10 6.98 5.87 0.00 18.40 11.36 20.43 11.11 6.87 6.86 25.82 2.82 3.26 9.07 

9.45 15.63 8.08 14.88 18.40 0.00 8.89 6.71 11.65 11.76 11.49 103.42 5.03 13.59 19.08 

0.16 19.73 8.57 4.02 11.36 8.89 0.00 0.24 6.03 10.62 5.03 68.16 0.17 7.42 7.62 

10.03 1.74 5.69 1.11 20.43 6.71 0.24 0.00 4.79 9.92 29.50 55.30 10.54 11.58 8.57 

3.20 3.61 2.01 9.01 11.11 11.65 6.03 4.79 0.00 8.18 5.43 14.23 0.64 7.55 19.17 

6.09 1.14 1.46 5.93 6.87 11.76 10.62 9.92 8.18 0.00 13.04 23.84 7.59 20.11 18.27 

1.88 5.33 8.15 1.79 6.86 11.49 5.03 29.50 5.43 13.04 0.00 14.71 1.37 14.13 5.11 

12.70 6.39 7.13 32.43 25.82 103.42 68.16 55.30 14.23 23.84 14.71 0.00 41.02 88.18 1.19 

2.90 6.89 3.93 1.00 2.82 5.03 0.17 10.54 0.64 7.59 1.37 41.02 0.00 15.42 0.49 

6.37 29.83 19.58 0.76 3.26 13.59 7.42 11.58 7.55 20.11 14.13 88.18 15.42 0.00 12.92 

8.00 15.79 4.76 6.07 9.07 19.08 7.62 8.57 19.17 18.27 5.11 1.19 0.49 12.92 0.00 

 
A natural way to analyse the matrix is to compute average dissimilarities for each 
country. These are presented in the next figure: 

0

5

10

15

20

25

30

35

40

BELG
IU

M

FRANCE

GERMANY

SW
EDEN

ITALY

PORTUGAL

AUSTRIA
SPAIN

NETHERLA
NDS

DENMARK

UTD K
IN

GDOM

GREECE

FIN
LA

ND

IR
ELA

ND

LU
XEMBOURG

 
Figure 8. Average dissimilarities of external trade flows in 2001 for the 15 MS of the EU. 



 

 
An observation that can be made based on this figure is that small countries have the 
larger dissimilarities, something obvious for Luxemburg, with average 35.3% and 
Ireland and Finland with average dissimilarities 18.4% and 17.9% respectively. This 
is a reasonable result since large countries report much more transactions and 
discrepancies tend to cancel out, thus lowering the dissimilarity indicator. 
 
A multidimensional scaling routine can be very useful at visualising the dissimilarities 
of countries.  
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Figure 9. A map of dissimilarities between countries for foreign trade statistics (2001) 

 
Two clusters are clearly formed, the first includes (Netherlands, Spain, Portugal and 
Germany) the second includes Austria, France, Sweden, Italy, Belgium and the UK. 
Greece is close to the first cluster, Denmark and Finland to the second. Luxemburg 
cannot be associated with any of the two clusters and Ireland is almost equidistant 
from the two clusters (although closer to them than Luxembourg). 
 
This map can be really useful to Foreign trade statistics experts. By finding what 
aspects of methodology are shared among countries belonging in the same cluster 
(and different from those of countries in the other cluster) they can potentially identify 
the methodological differences that cause the discrepancies in mirror statistics.  
 
Although this is just an example and it is rather difficult and perhaps premature to 
draw conclusions from this clustering, one observation is worth mentioning. Most 



 

countries that stand out of the two clusters share a common characteristic which might 
be associated with their position in the MDS map. They have different thresholds for 
dispatches and arrivals.    
 
In the following table assimilation thresholds are shown for each country in 2001 
(source Foreign Trade Statistics Quality report (Eurostat, 2003)) 
 

 Assimilation Threshold 

Country ArrivalsDispatches
Percentage 

difference
Belgium 250,000 250,000 0.00%
Denmark 202,000 336,000 66.34%
Germany 200,000 200,000 0.00%
Greece 29,000 44,000 51.72%
Spain 96,162 96,162 0.00%
France 100,000 100,000 0.00%
Ireland 190,461 634,869 233.33%
Italy 102,500 154,000 50.24%
Luxembourg 103,000 103,000 0.00%
Netherlands 225,000 225,000 0.00%
Austria 145,000 145,000 0.00%
Portugal 60,000 85,000 41.67%
Finland 100,000 100,000 0.00%
Sweden 172,500 172,500 0.00%
United Kingdom 374,674 374,674 0.00%

 
We can see that Greece, Ireland and Denmark have assimilation thresholds for 
dispatches much higher than those for arrivals, although this is not true for Finland 
which also is distant from the clusters. Furthermore Portugal and Italy fit very well in 
the clusters and do have substantial differences between thresholds. 
 

Conclusions 
The analysis of proximity data can be a useful tool for assessing geographical 
comparability. When different countries release similar data on different populations 
then, proximity data can be based on metadata and the results may indicate the extend 
to which the data are comparable. When different countries release data on the same 
population as is the case with flows and mirror statistics then the proximity data can 
be based on mirror statistics and the results can help identify the parts of methodology 
that cause the discrepancies.  
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ANNEX1 The full general taxonomy for sources of lack of 
Comparability 
 

1 Concepts 
1.1 Statistical characteristics 

1.1.1 Definition of the characteristic. 
1.1.2 Definition of variables  
1.1.3 Classifications used (type and version) 
1.1.4 Application of the Classification 
1.1.5 Breakdown available 

1.2 Statistical measure (indicator) 
1.2.1 Definition 
1.2.2 Unit of measurement 
1.2.3 Summary statistic used 
1.2.4 Completeness of the statistics (SQR:7)3 

1.3 Statistical unit 
1.3.1 Delineation of Statistical Unit 

1.4 Reference population 
1.4.1 Definition 
1.4.2 Exclusions 

1.5 Reference period  
1.5.1 Date of the beginning of the reference period 
1.5.2 Date of the end of the reference period. 

1.6 Study domains 
1.6.1 Classification Coverage for main characteristic(s) 

1.7 Standards  
1.7.1 International or European Standards the Survey is following 
1.7.2 Departures from the above standards 

1.8 Structure effects 
1.9 Conceptual aspects specific for a Domain under study  

1.9.1 Administrative rules 
1.9.2 Legal aspects that affect the comparability of estimates 

2 Measurement 
2.1 Sampling design 

2.1.1 Type of survey 
2.1.2 Frame or Master List type (whether it is constructed from a 
census or an administrative register) 
2.1.3 Frame or Master List problems (frame’s undercoverage, 
overcoverage, misclassification, duplication as well as frame’s 
reference period) (SQR:2.2.1) 
2.1.4 Sampling Method 
2.1.5 Sample size or sampling ratio 

2.2 Sampling errors 
2.2.1 Coefficients of variation for major estimates (SQR:2.1) 

                                                 
3 Indicates the paragraph number of the Standard quality Report from where this information can be 
collected. 



 

2.2.2 Method used for sampling error calculation (SQR:2.1) 
2.3 Data collection 

2.3.1 Reporting Method 
2.3.2 Response rate (SQR:2.2.4) 
2.3.3 Method used for reducing non-response (SQR:2.2.4) 
2.3.4 Item non-response (missing data) 

2.4 Data processing 
2.4.1 Data editing (SQR: 2.2.3) 
2.4.2 Rates of failed edits (SQR: 2.2.3) 
2.4.3 Imputation rules-method. 

2.5 Estimation 
2.5.1 Aggregation method 
2.5.2 Aggregation weights 
2.5.3 Grossing-up method 
2.5.4 Seasonal adjustment method 

2.6 Measurement aspects specific for a Domain under study (these include 
characteristics pertinent to any specific domain, e.g. thresholds for Foreign 
Trade Statistics) 



 

 

ANNEX 2. The full taxonomy used in the Example on Labour 
Force Statistics 
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LEVEL II name 

11 + + Type of source 
12 + - Periodicity 
13 - + Reference period 

1 Source 

14 + + Unit of measurement 
21 + + Indicator Definition 
22 + - Geographical Coverage 
23 + + Classification Coverage 
24 + + Statistical population 

2 Concepts & 
coverage 

25 + + Population Exclusions 
31 + + Standards framework 
32 + + Departure from framework 

3 Standards 

33 + + Classifications 
41 + + Reporting unit 
42 + + Reporting method 
43 + - Master list 

4 Data 
collection 

44 + + Sample size 
51 + + Aggregation method 
52 + + Grossing-up method 

5 Data 
Manipulatio
n 53 + + Seasonal adjustment 

61 + + Sampling error 6 Quality 
62 + + Non-response rate 

7 Other 70 + + Other 
 



 

ANNEX 3. The Data used for the Mirror Statistics example 

 


