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Abstract

The foreign trade transactions – importations and exportations –
are reported to the Portuguese Institute of Statistics (INE), that treats
them in order to generate statistics. Since, the existence of errors in
transactions data has a great impact in the statistics published, the
detection of these cases is of major importance.

A previous automatic selection of data likely to have errors, would
reduce the analysis observation set, which would considerably help the
lasting task of detecting errors.

This article intends to apply supervised methods in the detection
of errors in data of foreign trade transactions, with the objective of
overcome the problematic inherent to the events’ rarity.

1 Introduction

The change to a single market on 1993, that established the freedom of peo-
ple, goods, services and money movement inside the European Union (EU),
affected the system for collection of the external trade statistics. Until then,
the statistical data relating to the exchanges of goods were collected on the
basis of customs declaration. The abolition of the customs formalities be-
tween Member States made the adoption of a new system of data-gathering,
called INTRASTAT system necessary, as bases for the statistics on the in-
tracommunity trade.
In Portugal, foreign trade transactions are reported to the Portuguese In-
stitute of Statistics (INE), that produces statistics and publishes them.
Some information delivered to INE was errors, which can be due to the
incorrect filling of the forms, namely using different units from the official
ones, like Euro instead of kEuro. To avoid or minimize the impact of those
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in the overall statistics, manual analysis has to be done by INE experts in
order to detect and correct eventual errors.
In the sequence of previous work done in this topic [2], the current paper
applies outlier detection techniques in supervised learning methods, using
SAS Enterprise Miner tool, for the detection of errors in foreign trade trans-
actions.
In section 2, Data Mining and supervised learning methods are briefly ex-
plored, and some outlier detection techniques are exposed. Section 3 de-
scribes the context of the problem that is being studied and presents the
previous work. Data is analyzed in section 4 and experiments are detailed
and discussed in section 5. Finally, the main conclusions are presented in
section 6.

2 Knowledge Discovery towards Error Detection

In this section it is briefly introduced Data Mining and described the prob-
lematic in error detection, while rare observations.

2.1 Knowledge Discovery

Business competition requires systematic actions towards clients satisfaction
and needs, which are always rising. Thus, it’s imperative the knowledge
of market and clients. Though data storage has increased, organizations
competitive advantage is in the ability to extract knowledge from it.“We are
drawning in information but starved for knowledge”, John Naisbitt [6].
In this context the definition of Data Mining arises, by Gartner Group1 as:

“process of discovering meaningful new correlations, patterns
and trends by sifting through large amounts of data stored in
repositories, using pattern recognition technologies as well as
statistical and mathematical techniques.”

In learning methods it can be distinguished:

• Supervised learning methods - aims to infer the value of the target
variable based on other variables.

• Unsupervised learning methods - without knowing the value of the
target variable, aims to discover associations among all variables.

1www.gartner.com

2



Figure 1: SEMMA methodology.

In the development of Data Mining projects, it is highlighted the methodol-
ogy proposed by Fayyad, CRISP-DM CRoss-Industry Standard Process for
Data Mining methodology and SEMMA, SAS designed methodology. Once
using SAS Enterprise Miner in the current work, it was adopted SEMMA,
which phases, that are clearly related with SAS Enterprise Miner nodes,
are described in the Figure 1.

2.2 Error Detection

In Data Mining the interest in detecting rare observations, “with extreme
values”, incoherent/discordant with the rest has increased. Hence, rare ob-
servations are often of primary interest in Data Mining, for example in de-
tection of fraudulent use of credit cards, detection of non authorized access
in a computer network.
Barnett & Lewis [1] define outliers as “observations (or subset of observa-
tions) which appear to be inconsistent with the remainder of that set of
data”. Though, there are several difficulties while dealing with rarities [5]:

1. Lack of data – By definition rare cases are few, which make their iden-
tification really hard, specially when handling large volume of data.
On the other hand, due to their low number, it is difficult to detect
patterns among the rare observations.

2. Data fragmentation – Many algorithms in Data Mining apply the strat-
egy divide-to-conquer, decomposing the initial problem into smaller
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ones and consequently smaller data sets. Once reducing the number
of observations to be studied, the problem of lacking data increases.

3. Unappropriated bias – Induction algorithms look for patterns, encour-
aging generalization and ignoring cases that differ from the pattern.

4. Noise – Noise might not impact while detecting patterns, but it might
when dealing with rare cases due to their small volume, causing a
misinterpretation between noise and outlier by the algorithms.

5. Unappropriated evaluation metrics – Data Mining algorithms employ
metrics to evaluate the learning performance. Thus, the performance
will increase according to the number of correct classified cases, that
will discourage the identification of rare observations.

Weiss [5] presents some solutions to address rarity, like the usage of learning
methods that focus only on the rare class, data segmentation in order to re-
duce the level of rarity and concentrate rare cases in certain partitions, the
usage of metrics as ROC –Receiver Operating Characteristic analysis and
AUC –Area Under the Curve that evaluate the overall classification perfor-
mance, data sampling (undersampling and oversampling) for class imbal-
ance reduction, the employment of boosting algorithms that place different
weights on training in each iteration.
The Figure 2 maps the problems into possible solutions.

3 Error Detection in Foreign Trade Transactions

In this section it is explained how the current problem of error detection in
foreign trade transactions can be approached as a typical outlier detection.
Furthermore, some previous work in this matter is also presented.

3.1 Foreign Trade Transactions

With the single market, the collection of information referent to foreign trade
transactions became essential to the follow-up and control of the referred
transactions. Intracommunitary market statistics are of great importance
not only in the production of economic indicators for each Member State,
countries and national companies performance, but also in the establishment
of economic and commercial communitary policies.
The occurrence of errors in the reported transactions, for instance due to an
incorrect filling of the form, can impact the statistics produced and published
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Figure 2: Rarity problem mapping [5].

by INE. The identification of such errors is a manual and time consuming
operation proceed by INE experts. To assure the statistics quality, INE
experts are expected to find at least 90% of the errors within a selection of
50% or less transactions, taking into account the limited resources available.
In this aspect, the ranking of transactions to be analyzed, according to their
probability of containing errors, is truly relevant.
Based on INE expert knowledge on the domain, the usage of unusual values
in cost/weight, when identifying errors is very efficient.
The detection of errors in this context, can be considered as a typical prob-
lem of outlier detection, since the errors are rare cases in the universe of all
foreign trade transactions. It is clear the presence of an imbalance data set,
therefore, in this work it will be applied some of the methods proposed in
the previous section, as a mean to address the problems inherent to rarity.

3.2 Previous Work

As referred in [2], considering outliers observations with rare values from
clustering point of view, they will be apart from the “normal” and frequent
observations, and consequently isolated in smaller clusters. Once isolating
the probable error cases in small clusters, the error detection will be consid-
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erably easier because INE experts can focus on a restrict and smaller set by
analyzing the clusters containing most of the errors.
With a similar approach to the one used in this work, [3] tackles the problem
recurring to decision trees and costs.

4 Analysis

This section will give an analysis overview of data considered to the current
work.
In this work it was used data referent to January and February 1998, con-
cerning exportations only. The data source, which was the same as in [2]
although more restricted, contain the following information:

• File month: month when the file was created, so besides the current
month it could have transactions from the previous month.

• Information source: code to identify the type of source used in the
declaration (at the referred date it could be floppy or form).

• Flow: code to identify the type of transaction, 1 for exportation and
2 for importation.

• Lot: could group different articles.

• Declaration: identification number to the submitted document.

• Declarant: entity that submits the information.

• Transaction month

• Number of additions (lines) in the declaration

• Country origin/destiny: identifier of the country at arrival or depar-
ture.

• Good code: a 8 digits hierarchical code that identifies the good.

• Weight

• Cost

• Ratio between cost and weight
Ratio = c

w , where c cost and w weight.
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January 98
No. % % %

Reg. Reg. Errors Global
G1 - Between 11 and 500 32 0,51% 39,02% 0,09%
G2 - Between 501 and 2.500 4 0,04% 4,88% 0,01%
G3 - Between 2.501 and 10.000 5 0,04% 6,1% 0,01%
G4 - Between 10.001 and 200.000 10 0,13% 12,2% 0,03%
G5 - Between 200.001 and 6.000.000 21 4,38% 25,61% 0,06%
G6 - Greater than 6.000.000 1 5,56% 1,22% 0%
G7 - Lower than 10 9 20,93% 10,98% 0,02%

Table 1: Variable ratio for class 1 in January 98.

• Ratio mean for additions in the file for the same good code:
xi = 1

Ni

∑Ni
j=1 xij , where i a certain good code, Ni number of

additions for that i, and xij the ratio from the transaction j with code
i.

• Ratio standard deviation for additions in the file for the same good
code:

σi =
√

1
Ni−1

∑Ni
j=1(xij − xi)2, where i a certain good code, Ni

number of additions for that i, xij the ratio from the transaction j
with code i and xi its mean.

• Normalized distance from ratio xij to the mean:

Dij =
√

(xij−xi)2

σi
, where i a certain good code, xi the mean and σi

the standard deviation.

• Number of additions for a certain good code in the file.

• Class: binary code to identify error, 0 represents a correct transaction
and 1 an error.

The continuous variables present an asymmetric distribution, however by
analyzing each of them it is clear that some variables could bring an added
value to the detection of errors, taking into consideration the error concen-
tration. In the Table 1 is shown the behavior of errors (class=1) in the
variable ratio, for January 1998. It can be confirmed the importance of the
variable ratio [2], considering the accumulation in certain groups.
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5 Experimental Results

In this section is presented the experimental approach based in the adopted
methodology. Followed with the description of the experiments and respec-
tive results.
The adopted methodology SEMMA, structured with the phases Sampling,
Exploration, Modification, Modeling and Assessment, laid as a framework
of the investigation.
The problem was simulated initially applying models (neural networks and
decision trees) and evaluating their performance, where it could be verified
that simple approaches are not able to overcome the problematic of error
detection, since errors are rare cases.
Bearing in mind the techniques exposed in section 2 to tackle the issues
inherent to rarity and unbalanced data sets, some were elected:

• Sampling manipulation: undersampling and oversampling;

• Management of costs in the decision making;

• Model evaluation based in ROC curve.

Oversampling consists in reproducing observations, from the original obser-
vations, with the objective of increasing the number of cases from the rare
class. It was experimented different multiplication factors: 2, 10, 100 times
and r times, where r would correspond to the ratio between the majority
class and minority class.
This manipulation was done in SAS Base code, since it isn’t possible to do
so in SAS Enterprise Miner, however undersampling could be done directly
in SAS Enterprise Miner.
The undersampling technique consists in creating a sample by reducing the
number of cases in the majority class so minority and majority classes be-
come balanced.
Costs were managed in such a way that obliged the learning algorithm to
consider the rare cases, as it typically ignores them. To accomplish this,
it was given a high cost to the incorrect classification of error into correct
observation (true negative), but an incorrect classification of a correct ob-
servation into an error (false positive) would have a low cost (Table 2).
Diverse associated probabilities to an event were experimented: with asso-
ciated probability, with the same probability, with probability proportional
to the frequency in the training sample (approximately 0.01-0.99), and with
customized probability (it was chosen 0.1-0.9).
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Prediction/Occurrence 0 1
0 0(true positive) 5(true negative)
1 1(false positive) 0(false negative)

Table 2: Cost matrix.

Firstly, the elected methods were applied individually and afterwards, ac-
cording to the results obtained, some methods were combined. The model
evaluation and therefore the performance of the experiments were done em-
ploying ROC analysis.
The use of cost matrix and probabilities of occurrence had considerable im-
provements. Oversampling technique showed some good results although
they did not appear to be consistent when varying neither learning mod-
els nor multiplication factor. However, undersampling demonstrated to be
an excellent technique, due to the excellent results independently from the
learning method applied (Figure 3).
The combination of techniques did not seamed to have much impact. When
using oversampling and costs the models didn’t behaved coherently, but
deciding for undersampling and cost the results continued to outperform.
All the investigations were carried out for data of January 1998, February
1998, separately and conjointly, and the results behaved similarly.

6 Conclusion

It was proposed, in the current work, to employ outliers detection tech-
niques to INE problem in the errors identification. The goal was, improving
the ROC curve when applying those techniques comparing to the results
obtained when using only the same supervised methods. Furthermore, the
aim was to use SAS tools, specially SAS Enterprise Miner.
Among the studied solutions to handle outliers detection, it was opted to
manipulate samples, with oversampling and undersampling, to manage costs
in the decision making along the learning process and to utilize ROC analysis
to assess the models performance.
The results were significantly improved, the use of undersampling and costs
in decision making, either separately or conjointly, showed a very good per-
formance. In spite of that, the oversampling technique did not tend always
to an improvement.
The accomplishment of such results would confirm the suitableness of out-
liers detection techniques to INE’s errors identification problem. Thus, with
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Figure 3: ROC curves using undersampling.
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the described approach, INE experts could have a good error prediction and
consequently would reduce their effort and time spent with the identification
task.
It would be interesting to reproduce in SAS the use of hierarchical clustering,
as suggested in [2]. Moreover, to address the model assessment in an agile
way it could be determined automatically the AUC, that would work as a
performance indicator.
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