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A machine learning approach to outlier detection 
and imputation of missing data 

Nicola Benatti 

In the era of ready-to-go analysis of high-dimensional datasets, data quality is 
essential for economists to guarantee robust results. Traditional techniques for 
outlier detection tend to exclude the tails of distributions and ignore the data 
generation processes of specific datasets. At the same time, multiple imputation of 
missing values is traditionally an iterative process based on linear estimations, 
implying the use of simplified data generation models. In this paper I propose the 
use of common machine learning algorithms (i.e. boosted trees, cross validation and 
cluster analysis) to determine the data generation models of a firm-level dataset in 
order to detect outliers and impute missing values. 
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Introduction 

In a world made of data, different outlier detection techniques have been applied to 
different types of data. From the most standard techniques such as the deletion of 
observations in the tails of the distributions, to more tailor made variable-specific 
threshold-setting methods, data analysts always find difficulties in identifying a 
general framework for outlier detection which can be easily applied to a whole 
dataset without compromising its integrity. Such analysis tended to become even 
more difficult in the recent years with the increase in availability of very large 
datasets. These contain large numbers of variables for which it becomes tedious to 
set variable-specific thresholds while their distributions are linked to each other by 
construction. 

An outlier is generally considered as an observation which is significantly 
distant from the other considered observations. Since in a dataset variables are 
often partially related with each other, we can consider an outlier a data entry which 
is lying far from the others on a n-dimensional space, where n is the number of 
variables in the dataset. 

It is important to clarify that an outlier is not necessarily a mistake. A simple 
example could be a sport champion who excels in her discipline. She is an outlier 
and she is definitely not a mistake. All we can do then, is to rank observations by 
their likelihood of being anomalies and start analysing, knowing both which are 
their expected values and how the reported values have been generated. If 
necessary we have to look for information which is not contained in our dataset in 
order to confirm or reject an observation.   

The literature tends to distinguish between three dimensions according to 
which to define an observation as outlying.  

The first one is the distribution of a specific variable under observation. In 
economics literature in particular, data cleaning processes often consist in dropping 
the lowest and highest percentiles of each considered variable, leading in this way 
to the deletion of a fixed percentage of information, part of which may not only be 
correct, but also might have major economic meaning.  

A less drastic approach is the one of eliminating observations which exceed a 
certain number of standard deviations from the mean, assuming in this way that the 
data is following a symmetric distribution. Since this is often not the case, the mean 
can also be substituted by the median to account for the skewness of the 
distribution. 

Single variable distribution-based techniques are quite simple to implement 
but will only allow spotting extremely high or extremely low observations, excluding 
the potential outliers within the distribution. 

For this reason distance based techniques started being applied to large 
datasets, such as k-nearest neighbourhood which clusters observations into groups 
and flags as outlying observations which lay the furthest away from any recognised 
group. These techniques can be completely data driven (unsupervised machine 
learning) but, by themselves, do not exploit the fact that having available the whole 
dataset we want to find outliers in, this machine learning algorithm can be 
implemented instead in a supervised fashion and provide information on the data 
generating model behind it.  
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There is then another way of detecting outliers which I am going to present in 
this paper. The idea of this technique is, like in cluster analysis, to look at joint 
distributions but, additionally, to exploit the information available in a supervised 
way and estimate the data generation model of a specific variable. The model will 
then provide the data analyst with a set of suggested features (i.e. which features 
are driving the determination process of a specific variable), their importance, the 
fitted values for the estimated variables (i.e. to be used for data imputation) and 
ranks the observations by their likelihood of being mistakes. Once the data analyst 
has these pieces of information, she can use them to prioritise the analysis of 
potential errors.  

This framework combines the supervised and unsupervised frameworks under a 
probabilistic model and reduces assumptions on the data structure to its minimum 
allowing also for the estimation of the expected values which can be furthermore 
used to impute missing observations.  

Construction of the dataset and data description 

In order to show an application of the technique described in this paper, I use the 
iBACH dataset of non-financial corporations’ balance sheet data. The dataset has 
been collected on a stable form since December 2017 by the Working Group Bank 
for the Accounts of Companies Harmonized (WG BACH), under the mandate of the 
European Committee of Central Balance Sheet Data Offices (ECCBSO).  

The Working Group BACH is active since 1987 in the collection and analysis of 
aggregated balance sheet data of non-financial corporations and its members are 
the Central Balance Sheet Data Offices of European countries. While the collection, 
the analysis and the dissemination of these data has always been carried on at an 
aggregate or meso level (i.e. information has always been aggregated by country, 
industry, year, size class and quartile), in June 2017 the working group BACH 
received the mandate to create a task-force for the collection of individual company 
data (iBACH) that can be shared among researchers of the participating institutions. 

Since February 2018 this dataset was disseminated by the European Central 
Bank (ECB), which functions as a hub for the data collection, to its internal users and 
to the WG BACH representative members who are in charge of disseminating and 
promoting the dataset in their countries. The iBACH dataset contains yearly balance 
sheet, financial and demographic variables of non-financial corporations. It currently 
covers six EU countries (Belgium, Spain, France, Italy, Portugal and Slovakia). 

It has to be mentioned that this type of data surely helps my analysis since, by 
construction, data generation models (i.e. joint distributions) of several balance-
sheet variables are the same (or very similar) across countries and years; which 
means that accounting rules generally hold. 

It is also important to mention that, both before and after reaching the ECB, the 
quality of these data is checked extensively by applying a set of accounting 
validation rules which highlight a first set of reported mistakes. The data is then 
corrected and resubmitted to the ECB iteratively until the number of spotted 
accounting mistakes is minimised. 
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The dataset contains the following 66 variables: 

 

 

 

  

Demographics: Income statement:
 Address  Operating revenue
 Address 2  Financial expenses
 Firm's status of activity  Net turnover
 City  Financial income
 Consolidation code  Extraordinary income
 Country  Costs of goods sold
 Identification number  Labour costs
 Legal form  Depreciation and amortization
 Name  Interests on financial debt
 Legal form in the national codification  Tax on profit
 Number of employees  EBIT, net operating profit
 Number of months for the account exercise  EBITDA
 Localisation information  Profit and loss
 Sector of activity (NACE code)  Profit and loss before taxation
 Year  Cash flow
 Year of incorportation  Value added
 Year of liquidation of the firm
 Zipcode

Liabilities: Assets:
 Shareholders funds  Total assets
 Capital, reserves, earnings and other equity instruments  Total current assets
 Total liabilities  Total fixed assets
 Short-term debt  Intangible fixed assets
 Other current liabilities  Tangible fixed assets
 Total current liabilities  Financial fixed assets
 Long-term debt  Total inventories
 Total non-current liabilities  Trade receivables
 Short-term debt owed to credit institutions  Other receivables
 Long-term debt owed to credit institutions  Other current receivables
 Trade credit  Deferred assets
 Payments received on account of orders, current  Deferred current assets
 Deferred liabilities, current  Other financial assets, current
 Deferred liabilities, non current  Cash and bank
 Provisions

Investment accounts:
 Acquisition less sales and disposals of intangible assets
 Acquisition less sales and disposals of tangible fixed assets
 Acquisition less sales and disposals of financial fixed assets
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The panel structure of the dataset is as follow: 

 

Number of firms reporting 

 

 

In spite of the data quality checks mentioned above, several data quality issues 
remain, both in terms of non-plausible values reported and values which are not 
reported at all. 

For these reasons I follow the most recent literature on data science techniques 
for estimation in order to determine at first the data-generation model and its 
features for each numeric variable reported, later the expected value of each 
observation in the dataset and finally which observations have are most likely to be 
errors. 

Given the high computational power needed to run the algorithms described in 
the next chapter, the original dataset was filtered to select a random sample of 10% 
of the overall observations. This subsample consists of 2,345,338 observations on 
which the proposed model is trained and subsequently tested.  

Since not all countries report demographic variables and not all these would 
add information but rather slow down the process, I removed part of the 
demographic columns from the analysis. On the other hand, I define the set of 
variables that have to be considered as categorical (e.g. sector, country and legal 
form). 

Last but not least, in order to train and test the models that I am estimating for 
each variable, I create a training sample picking up randomly 2/3 of the 
observations. The remaining 1/3 of observations is kept as testing sample. In this 
way I will be able to calibrate the algorithm on 2/3 of the data and test the results 
on the remaining 1/3. 

Empirical strategy 

While in the pages above I describe the general principles that I apply in my 
methodology, it is now time to go more in details on the various steps of the 
detection process. 

In the paragraphs below I will first briefly described how I use well-known 
algorithms in a combination and with a scope not yet covered by the literature. I will 
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first outline the XGBoost algorithm by T Chen, C Guestrin (2016) used to determine 
the data-generation model, producing the sets of features and their importance for 
each estimated variable and the fitted values of the observations. I will then use the 
GridSearch algorithm to select the models’ hyper-parameters that minimize my 
objective function. Following I propose using the DBSCAN algorithm (density based 
clustering algorithm) for flagging outlying observations. Last but not least I 
introduce the concept of feature additive ranking (FAR) to determine the reported 
cells which are most likely to be reported wrongly. 

Extreme Gradient Boosting 

In order to estimate the data-generating model, the importance of its features and 
to predict the response variable ݕ	given the set of explanatory variables	࢞ =ሼݔଵ, … ,  ሽ, I use the Extreme Gradient Boosting (XGBoost) technique developed byݔ
Chen and Guestrin. 

The objective of the algorithm is, given the training data, to find the best 

parameters to minimize the expected value of an objective function ܨሺߠሻ which is 

composed by a training loss ܮሺߠሻ and a regularization part ߗሺߠሻ: 

ሻߠሺܨ  = ሻߠሺܮ   ሻߠሺߗ
 
Xgboost is based on tree-ensembles technique. The concept behind it is that ݕ	is classified into different leaves of a tree given the values of ࢞ . These trees are 

weak learners and normally have a very few splits. Since a single tree would not be 
strong enough to properly estimate	ݕ , the prediction of different trees are summed 
up together into a tree ensemble model. 

The authors of XGBoost developed it as an additive learning algorithm which 
means that one tree is added at every iteration of the algorithm, the principle being 
that each new tree predicts the residuals of errors of the (sum of) the previous trees: 

 

 

 

At this stage, the algorithm adds the best tree available at each iteration, but in 
order to improve the performance, the authors of XGBoost added a regularization 
term which penalises complexity.   

Moreover, Chen and Guestrin prune trees so that a tree will not be added to 
the model if the gain is smaller than gamma, preventing overfitting. 
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Last but not least, once the algorithm has successfully run on the data, it 
provides the contribution (importance) of independent variables on the 
determination of the dependent variable, which turns out being extremely useful for 
the user to understand the data generating model. 

Xgboost is available as a ready-to-run Python package (xgboost) which 
includes a wide set of hyper-parameters including the type of model that one wants 
to specify (classification, linear, logit, poisson), the subsample on which to train the 
model, the number of estimators, the maximum depth of a tree and many others. 

More information regarding the methodology and the package can be found 
on the Xgboost website (http://xgboost.readthedocs.io/en/latest/tutorials/model.html). 

Hyperparameter optimisation 

One of the usual criticisms to machine learning techniques is that the researcher 
biases the algorithm by imputing his personal judgment when choosing its 
hyperparameters. Recent literature investigates the possibility of setting the 
hyperparameters of a machine learning algorithm by testing on the data which one 
is the optimal set of hyperparameters for the model. 

 

 

 

Gridsearch, the algorithm available within the python scikit-learn python 
package, exhaustively searches through a subset of specified hyperparameters. The 
algorithm trains the machine learning algorithm with each set of possible 
combination (Cartesian product) of hyperparameters and evaluates the performance 
on the testing set by picking the tuple that goes in the estimation model with the 
highest explanatory power.  

The hyperparameters of XGBoost estimated by the Gridserach algorithm here 
are: 

 Max_depth: maximum depth of a tree, increase this value will make the model 
more complex / likely to be overfitting.  

 Eta: step size shrinkage used in update to prevents overfitting. After each 
boosting step, we can directly get the weights of new features and eta actually 
shrinks the feature weights to make the boosting process more conservative. 
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 Subsample: subsample ratio of the training instance. Setting it to 0.5 means 
that XGBoost randomly collected half of the data instances to grow trees and 
this will prevent overfitting. 

 N_estimators: Number of boosted trees to fit.  

 

Two main issues need to be raised here. The first is that XGBoost presents a 
much wider set of hyperparameters which I set as default due to the fact it would be 
too computationally intense to specify them all. The second issue is that Gridsearch 
is looking for the best solution among the combinations of parameters in the 
portfolio I chose based on common practice but it is not sure that the minimisation 
process yields a global minimum. A better but more computational demanding 
approach would be to use a random search algorithm or a Bayesan search 
algorithm, increasing however significantly the time to run the process.  

The medians of the parameters chosen by Gridsearch for all variables estimated 
are the following: 

 

max_depth=5,  

learning_rate=0.1,  

subsample=0.7,  

n_estimators=1500 

Flagging outlying observations 

In the two paragraphs above I described two processes relatively easy to find in the 
literature, even in combination with each other. What instead was not widely 
investigated yet is how by using XGBoost and Gridsearch algorithms a data analyst 
can detect outliers.  

Having estimated the data generating model behind each ݕ	 of our set, I 
estimate the fitted values for each observation and compute the estimation 
residuals.  

At this stage I apply a specific cluster analysis algorithm called Density-based 
spatial clustering of applications with noise (DBSCAN by Ester, Kriegel, Sander and 
Xu 1996) on the vectors of residuals and relative residuals (i.e. the residuals as 
percentage of the reported value) of each model and flag as outlier the 
observations which are the most distant from their nearby neighbours. 

This award-winning algorithm has the great advantage of isolating on the set of 
absolute and relative residuals those in a low density area. Compared to KNN 
techniques, in particular, it allows not to set the number of clusters to find and to 
flag as outliers the datapoints that lay in low-density areas , while the parameters to 
be specified are the physical distance ε (which is variable-specific), and minPts which 
is the desired minimum cluster size which I set to 3. 
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Feature-additive ranking 

While the technique above is widely used to spot outliers in distributions, I now 
apply it to the residuals of a regression problem. In this way I will be able to spot 
observations which do not fit into my data generation model. However, what might 
happen is that a value spotted as outlier is not an actual reporting error while one 
of its determining features is instead reported erroneously (i.e. one of the 
independent variables that feed the model). In other words, when spotting an 
outlying observation, we cannot assume that it is an actual mistake until we check if 
any of the other variables that generate it are wrongly reported or not. 

For example, if the identity A=B+C+D identified by the XGBoost algorithm is 
not respected, it could be because of a mistake in reporting any of the variables 
among A, B, C or D. 

In order improve the ranking of potential errors in the data, I introduce the 
feature-additive ranking technique (FAR) which sums up the contribution of any 
variable by unit of observation (in my case entity-year) each time (in each model) 
this is flagged as an outlier. 

 

ܣܨ ௩ܹ,,௬ =  ݂,௬, ∗	
ୀ ݅௩,,௬, ∗  ݓ

where: 

v=variable 

j=firm 

y=year 

k=outlier model 

FAW=feature additive weight 

f=outlier flag 

i=importance 

w=model weight 

 

Using the FAW score, I then rank the information per unit of observation by the 
highest sum of FAW scores, highlighting the cell (variable-firm-year) supposed to be 
the most important in determining an outlying observation. This technique allows 
data analysts to prioritise their investigation on the “most-likely-to-be wrong” 
variable, cutting drastically investigation times. 

Results 

Having such a large dataset of balance sheet data and such computationally 
expensive algorithms, the procedures to flag outliers for each single variable runs 
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on a standard laptop for more than a week before providing the final calibrated 
models. 

For each variable analysed we now know the importance of each other variable 
(feature) in its determination and we store the calibrated data generation model to 
be used for further estimations of fitted values.  

The overall performance of XGboost is extremely high and the median R-
squared when fitting the calibrated models on the test dataset has a median of 
0.8757. Given such a high performance, the system can be used for data imputation 
when missing values are reported. 

For example, the importances of the first eleven variables estimating total 
assets of firms rank as follows: 

 

 

 

When looking at the results of the estimation of total assets on the test sample, 
which, just to remind the reader is not the dataset on which the algorithm was 
calibrated, the algorithm predicts perfectly each reported value and the 
observations all lay on the bisector: 

 

In the case of total assets, the variable is usually extensively checked by a set of 
validation rules before the data arrives at the ECB which make sure no observation 
is indeed reported erroneously. 

Total assets
Importance Variable

Total liabilities
Shareholder funds
Total fixed assets
Total current assets
Year of incorporation
Lag 1y of total assets
Financial fixed assets
 Capital, reserves, earnings and other equity instruments
Other receivables
Acquisition less sales and disposals of financial fixed assets
Number of employees
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When estimating of the number of employees, instead, the ten most important 
variables are the following: 

 

 

 

In this case it is easy to spot that certain actual values are far from the bisector 
line, given that the number of employees is not a balance sheet variable and does 
not have validation rules run a-priori on the data.  

 

At this stage, the residuals of each variable estimation model are taken 
separately and analysed using the DBSCAN algorithm in order to flag anomalies in 
how the dataset fits the model. 

In the figure below the black dots represent observations which both in 
absolute and relative terms lay distant from the value suggested by the data 
generation model. The red dots instead, represent observations whose residuals 
from the model are similar with each other and, given the accuracy of XGboost in 
prediction, are very close to zero. 

  

Number of employees
Importance Variable

Labour costs
Year of incorporation
Lag 1y Number of employees
Nace rev2 4 digit
Trade receviables
Tangible fixed assets
Value added
Costs of goods sold
Total assets
Lag 1y Labour costs



 

 

12 A machine learning approach to outlier detection and imputation of missing data
 

Number of employees flagged observations 

 

As explained by the methodology above, we do not stop at here. In fact, it 
could be that the number of employees reported by the firm x is flagged as an 
outlier but when looking at the time series of the entity, the number reported seems 
to be perfectly plausible. In fact, it could still be that while the number of employees 
seems plausible, the labour costs reported by the firm dropped drastically 
compared to the previous years. For this reason, we check if either of the variables is 
significantly important in the contribution to the estimation of any other outlying 
observation by using the FAR technique described above. Once the FAW scores are 
created, they are inserted in a heat-map which eases the work of the data analyst. 

 

 

 

 

In this way the person analysing the data can not only focus on the outlying 
variables but also on the subcomponents that are most likely to affect that specific 
observation. 

A great value added of this methodology, moreover, is that once the XGBoost 
algorithm is trained, the estimated model for each variable can be stored and does 
not need to be re-calibrated every time new data comes in. When new data comes 
into the system, it can then be evaluated in few seconds by using the rules 
established in the past. 

This characteristic will boost the performance of those investigating these data. 

Variables

En
tit

y 
/ Y
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r 
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A further empirical application: employment missing data 
imputation 

In order to provide some more taste of what this procedure is capable of, I tested 
the XGboost model to be used for data imputation of the “number of employees” 
variable. The “number of employees” is a variable which is often not available in 
non-financial corporations’ datasets because it is not part of the information which 
has to be reported in a balance-sheet. As we could see above, using the procedures 
proposed in this paper we can easily and very well estimate this information when 
the variable “Labour Costs” is available. However it can be that the whole 
information on employment (both number of employees and labour costs) is 
missing. We want then to test the estimation of the number of employees without 
using the information on labour costs. The results that we get are the following: 

 

 

 

 

 

Although the estimation is not as precise as the estimation proposed when 
including the Labour cost variable, XGBoost seems to be an extremely adaptive 
method for estimating missing values, also when some main components are 
missing. In fact, this methodology improves further the performance of the 
methodologies previously used based on LASSO algorithm (Novello 2017). 

Two general applications of this technique could be, as shown, the imputation 
missing values (or confirmed mistakes that were removed) but also the creation of a 
synthetic anonymised datasets for research purposes. 

 

 

 

Number of employees:
Importance Variable

Value added
Lag 1y number of employees
Year of incorporation
Nace rev2 4 digit
EBITDA
Lag 1y Value added
Trade receviables
Tangible fixed assets
Intangible fixed assets
Acquisitions less sales and disposals of intangible assets
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Conclusions 

This paper presents an application of a combination of supervised and unsupervised 
machine learning with a final feature-additive ranking technique in order to spot 
mistakes in outlying datapoints. The model provides the data analysts with 
guidance on which variables to prioritise when controlling an outlying observation 
and which is their expected value given the data generation model identified by the 
algorithm. Moreover, the methodology described seems to be useful also for 
additional steps of data quality improvement such as data imputation. 

This technique also provides guidance for the construction of new data quality 
checks that could prevent the submissions of mistakes.  

Further improvements to this process are already in the pipeline. In particular, 
the increase in the sample size as soon as the full deployment of the big-data 
environment will be finalised at the ECB. Moreover, the comparison of the results 
obtained with those obtained by using neural networks and multi-target regressions 
which from the recent literature seem to be even more powerful estimation tools.  

Last but not least, the part of the tool which is now based on cluster analysis 
could become a usupervised classification problem if we could get from the data 
owners confirmation on whether a spotted potential mistake is actually an error or 
not. If we could have that information available the problem we are analysing would 
fundamentally change and we could develop an algorithm which would learn how 
to classify mistakes instead of outliers. 
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Annex 

I – Description of variables 

Variable: Description: 

A0000  Total assets 

A0001  Total current assets 

A1000  Total fixed assets 

A1100  Intangible fixed assets 

A1200  Tangible fixed assets 

A1300  Financial fixed assets 

A2000  Total inventories 

A3000  Trade receivables 

A4000  Other receivables 

A4100  Other current receivables 

A5000  Deferred assets 

A5100  Deferred current assets 

A6000  Other financial assets, current 

A7000  Cash and bank 

DADDRESS1  Address 

DADDRESS2  Address 2 

DCEASE  Firm's status of activity 

DCITY  City 

DCONSO  Consolidation code 

DCOUNTRY  Country 

DID  Identification number 

DLEGAL  Legal form 

DNAME  Name 

DNLEGAL  Legal form in the national codification 

DNUMBEREMPL  Number of employees 

DNUMBERMTH  Number of months for the account exercise 

DREGIO  Localisation information 

DSECTOR  Sector of activity (NACE code) 

DYEAR  Year 

DYINCORP  Year of incorportation 

DYLIQUID  Year of liquidation of the firm 

DZIPCODE  Zipcode 

E0000  Shareholders funds 

E1000  Capital, reserves, earnings and other equity instruments 

I0001  Operating revenue 

I0002  Financial expenses 

I0100  Net turnover 

I0420  Financial income 

I0430  Extraordinary income 

I0500  Costs of goods sold 
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I0700  Labour costs 

I0900  Depreciation and amortization 

I1000  Interests on financial debt 

I1100  Tax on profit 

IT001  EBIT, net operating profit 

IT002  EBITDA 

IT003  Profit and loss 

IT004  Profit and loss before taxation 

IT005  Cash flow 

IT006  Value added 

L0000  Total liabilities 

L0001  Short-term debt 

L0002  Other current liabilities 

L0003  Total current liabilities 

L0004  Long-term debt 

L0006  Total non-current liabilities 

L2100  Short-term debt owed to credit institutions 

L2200  Long-term debt owed to credit institutions 

L4000  Trade credit 

L5000  Payments received on account of orders, current 

L6100  Deferred liabilities, current 

L6200  Deferred liabilities, non current 

LP000  Provisions 

N1000  Acquisition less sales and disposals of intangible assets 

N2000  Acquisition less sales and disposals of tangible fixed assets 

N3000  Acquisition less sales and disposals of financial fixed assets 
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II- Results of the estimation. 

The blue line is the bisector. 
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What is an outlier? 

3 

 
• An outlier is an observation which is significantly distant from the other 

considered observations. 
 

• Often outliers are identified by assuming the true 
distribution of each variable separately to be a 
known one. 

 
• Alternatively, distributional methods are used 
but they do not suggest the true values of the  
Observation. 

 
• It is very important that outliers are not automatically considered as errors since 

extreme cases can still be justified. 
 

• The aim of this analysis is to rank observations that  
need to be assessed by their likelihood of being errors. 
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The iBACH dataset 

4 

• Balance sheet and profit and loss data of firms collected by the European 
Committee of Central Balance Sheet Data Offices (ECCBSO) within its WG on 
Bank for the Accounts of Companies Harmonized  (BACH). 
 

• Aggregate database available since several years but firm level data (iBACH) 
available to participating countries since February 2018. 
 

• 66 numeric variables taken into consideration in the analysis I carry out 
 
 
 
 

https://www.eccbso.org/wba/default.asp
https://www.eccbso.org/wba/pubblica/wgdetails.asp?id=2
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Estimation: XGBoost, Gridsearch 

5 

• The estimation technique used is extreme gradient boosting (Chen 2016, in the 
python package xgboost) 
 
 
 
 
 
 
 
 
 
 
 

• The hyperparameters are set using a Gridsearch algorithm (M. Claesen, B. De 
Moor 2015, in the python package Gridsearch) which iterates over a tuple of 
values and choses the optimal set for the following hyperparameters of 
xgboost: max depth, eta, subsample, number of estimators 

 

https://xgboost.readthedocs.io/en/latest/
http://scikit-learn.org/stable/modules/grid_search.html
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Detection: Distance measures and importance 
averaging 

6 

• Outlier flagging methods using estimation residuals: 
 

• K-nearest neighbour on absolute and relative distance from true value 
 

• Distribution based on both absolute and relative distance from true value 
 

 
• Importance averaging: 

 
• While causality is confirmed, it might not be clear where the error comes from 
 

A=B-(C*D) is false 
Which variable among A, B, C and D is wrong? 

 
• For each firm/year I sum the contribution of each variable to the model of detected 

outliers and create a ranking of “most-likely-to be wrong”. 
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Results 

7 

 
 

Importance Variable
Total liabilities
Shareholders funds
Number of employees
Total fixed assets
Total current assets
Financial fixed assets
Capital, reserves, ernings and other equity instruments
Intangible fixed assets
Deferred assets
Tangible fixed assets

Importance Variable
Labour costs
Nace rev2 4 digit
Intangible fixed assets
Value added
Trade receivables
Tangible fixed assets
Other receivables
Financial fixed assets
Total assets
Costs of good sold

The algorithm allows to accurately estimate all variables analysed.  

The outliers detected re sent to the NCBs to be investigated, ranked by likelihood of being errors.  
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Imputation 

8 

 
 

Importance Variable
Value added
Nace rev2 4 digits
Intangible fixed assets
Trade receivables
EBITDA
Tangible fixed assets
Depreciation and amortization
Costs of good sold
Total assets
Cash and bank

The same methodology can be used to estimate the missing values in the 
dataset. As an exercise, when estimating employment, forcing out the labour 
costs variable, the estimation still over-performs the methodology used previously 
internally. 
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Conclusions 

9 

 
 

• This paper presents an application of a combination of supervised and 
unsupervised machine learning with a final feature-additive ranking technique 
in order to spot mistakes in outlying datapoints.  

• The methodology described seems to be useful also for additional steps of data 
quality improvement such as data imputation. 

• This technique also provides guidance for the construction of new data quality 
checks that could prevent the submissions of mistakes.  
 

Further improvements:  
 
• The increase in the sample size.  
• The inclusion of lagged variables would allow for using long-term-short-term 

memory frameworks.  
• The comparison of the results with neural networks and multi-target 

regressions. 
• Inclusion of the confirmation on whether a spotted potential mistake is actually 

an error or not to transform the distance measure into a classification problem.  


	A machine learning approach to outlier detection and imputation of missing data
	Paper
	Presentation
	A machine learning approach to outlier detection and imputation of missing data
	Overview
	What is an outlier?
	The iBACH dataset
	Estimation: XGBoost, Gridsearch
	Detection: Distance measures and importance averaging
	Results
	Imputation
	Conclusions



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /PageByPage
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.6
  /CompressObjects /Tags
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.1000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo false
  /PreserveCopyPage false
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Remove
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /SymbolMT
    /Wingdings-Regular
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 150
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.00000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 150
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 150
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.00000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.00000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<


    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200036002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200036002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /CZE <>
    /DAN <>
    /DEU <>
    /ESP <>
    /ETI <>
    /FRA <>



    /HUN <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 6.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200036002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /LTH <>
    /LVI <>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 6.0 en hoger.)
    /NOR <>
    /POL <>
    /PTB <>


    /SKY <>

    /SUO <>
    /SVE <>
    /TUR <>

    /ENU (Use these settings to create Adobe PDF documents suitable for reliable viewing and printing of business documents.  Created PDF documents can be opened with Acrobat and Adobe Reader 6.0 and later.)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [595.276 841.890]
>> setpagedevice



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /PageByPage
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.6
  /CompressObjects /Tags
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.1000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo false
  /PreserveCopyPage false
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Remove
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /SymbolMT
    /Wingdings-Regular
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 150
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.00000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 150
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 150
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.00000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.00000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<


    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200036002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200036002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /CZE <>
    /DAN <>
    /DEU <>
    /ESP <>
    /ETI <>
    /FRA <>



    /HUN <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 6.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200036002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /LTH <>
    /LVI <>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 6.0 en hoger.)
    /NOR <>
    /POL <>
    /PTB <>


    /SKY <>

    /SUO <>
    /SVE <>
    /TUR <>

    /ENU (Use these settings to create Adobe PDF documents suitable for reliable viewing and printing of business documents.  Created PDF documents can be opened with Acrobat and Adobe Reader 6.0 and later.)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [595.276 841.890]
>> setpagedevice



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /PageByPage
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.6
  /CompressObjects /Tags
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.1000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo false
  /PreserveCopyPage false
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Remove
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /SymbolMT
    /Wingdings-Regular
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 150
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.00000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 150
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 150
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.00000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.00000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<


    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200036002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200036002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /CZE <>
    /DAN <>
    /DEU <>
    /ESP <>
    /ETI <>
    /FRA <>



    /HUN <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 6.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200036002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /LTH <>
    /LVI <>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 6.0 en hoger.)
    /NOR <>
    /POL <>
    /PTB <>


    /SKY <>

    /SUO <>
    /SVE <>
    /TUR <>

    /ENU (Use these settings to create Adobe PDF documents suitable for reliable viewing and printing of business documents.  Created PDF documents can be opened with Acrobat and Adobe Reader 6.0 and later.)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [595.276 841.890]
>> setpagedevice


