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ABSTRACT

 “Eurostat’s mission is to provide the European Union with a high-quality 
 statistical information service.” 

Data validation is an essential part of statistics which contributes to the assurance of high 
quality data and reinforces their reliability and validity.  

The present paper presents an automated method for data validation in agricultural 
statistics designed by the AGRIS team in Eurostat Unit E-2 “Agricultural Produce 
Statistics” The method is based on statistical quality control tests as well as on 
consistency checks. All steps are fully automated in an MS-Excel/VBA program which 
was created for that purpose and which is very user-friendly. The method was originally 
applied on meat statistics but can be easily extended to other agricultural statistics and 
other areas of interest.  

The theoretical background, applications of software and a large number of examples are 
presented explicitly. 
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1. INTRODUCTION

Outliers (problematic values) in a data set can arise for different reasons. We can 

distinguish between two types of anomalies, referred to in the literature as (true) outliers 

and gross errors. True outliers are, however, mostly due to natural phenomena and 

random sampling situations. These are real and correct values of the data, but in some

way suspicious or surprising.  Gross errors are faulty observations, such as measurement, 

recording and typing errors. These anomalies affect negatively the quality of the data and 

should be identified and corrected whenever possible. Hampel, Ronchetti, Rousseeuw 

and Stahel (1986) estimated that the frequency of gross errors in a set of data varies from

1% to as high as 10%, where in “High Quality data” there are virtually no errors of this 

kind. 

The aim of the project is to develop methods that detect efficiently all the gross errors in 

order to have high quality data.  Validation of meat statistics serves as a pilot for the 

validation of other domains of Eurostat’s agricultural statistics. The work is carried out in 

the framework of the project Agricultural Information System (AGRIS), which is 

designed for presenting and analyzing annual information on the agricultural sector. 

This document gives an overview on the achievements. It presents the methodology that 

was implemented, shows some exemplary findings, and discusses some conclusions on 

the methodology and practical use of the validation software in the domain. Finally, the 

document presents perspectives for the next working steps in the framework of the 

validation of meat statistics. 

2. BACKGROUND

2.1. The role of data validation 

Validation of data is an essential part of statistical work and should be carried out 

regularly using well-defined methods. Data validation in Eurostat can be implemented at 

various steps of the statistical production chain. It should at least be done at the starting 

point of the statistical production chain in Eurostat and on its main final product: i.e. 

during data transmission from the data suppliers (mostly the National Statistical 

Institutes (NSIs) or Ministries of Agriculture) to Eurostat and on the basis of the free 
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dissemination database1. A third step of data validation is recommendable in between 

these two points and should be carried out on the production database. 

When data are validated in the transmission process we speak about the “pre-validation” 

of data. Pre-validation will be established within the project “Collection and pre-

validation of statistical data”2. With this project Eurostat’s Unit E-2 develops a web-

based system for the transmission of data from the data suppliers to Eurostat. The system

will contain a rule generator for the pre-validation of the transmitted data covering, for 

example, information on the type of data, allowable ranges of data values and the validity 

of aggregated figures. Eurostat’s Unit E-2 also plans to intensify the automated 

validation of data in its production database for agricultural statistics.  

Despite these promising projects and approaches regular validation of the data in the free 

dissemination database is indispensable, since this database is the principal means of 

publishing Eurostat’s agricultural data. The free dissemination database is becoming the 

most important end-user product of Eurostat and therefore quality control at this stage 

must be obligatory. 

The AGRIS team has taken over the shared responsibility with the different production 

domains in Unit E-2 to develop data validation routines, which are easy to use and 

transparent and operate on the free dissemination database. The AGRIS team will 

develop such routines firstly for meat statistics and later also for other domains of 

agricultural statistics such as, for example, crop production statistics, milk and milk 

products statistics, supply-balance-sheets for agricultural and food products, and 

agricultural price statistics. The validation routines will be implemented in the relevant 

statistical production domains of Unit E-2 and used there regularly in order to improve 

the statistical products. Continued feedback between the AGRIS team and the production 

domains is necessary to ensure that the validation routines are well adapted to the needs. 

1 Since October 2004 Eurostat’s statistical data can be downloaded free-of-charge from the Eurostat
homepage on the Europa server: www.europa.eu.int/comm/eurostat

2 Eurostat, Unité E-2: Solution de collecte et de pré validation des données de statistiques produits
agricoles : énonce de projet, annexe technique, Luxembourg, 04/03/2005.  
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2.2. The road map for the validation of Eurostat’s meat statistics 

At the beginning of April 2005, the AGRIS team started with the realization of a road 

map for the validation of meat statistics3. Data validation is not easily achieved by a 

single method and there is no single method that can detect all errors. The data set is a 

large data base with various problems that can be difficult to find. This is the reason why 

a set of methods is used  in order to reach the best result possible.  

The road map identified three principal areas of validation: (1) checking individual time 

series, (2) analysing the consistency of various data aggregations and (3) analysing the 

coherence between various domains of agricultural statistics. In the period up to mid July 

2005 two of the three areas of validation, i.e. the checking of individual time series and 

consistency were developed and implemented. In the present paper, methods for the two 

main parts are presented.  

Figure 1: Steps of data validation 

Time Aggregation  
Country Aggregation  
Element Aggregation  
Item Aggregation  

Outliers on average 
weight 

Outliers in data in heads
Outliers in data in tonnes 

Checking 
coherence  

Time Series 

Checking  
Data 

Validation 

3 Eurostat, Unit E-2: Road Map for the Validation of Eurostat’s Meat Statistics using AGRIS. Presentation
for the Working Party on Animal Production Statistics, Luxembourg, 21-22/03/2005. 
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2.3. Data coverage 

The methods were originally applied on the meat statistics but can be easily extended to 

more categories of agricultural statistics and also to other areas. Data validated refer to 

slaughterings, imports and exports of live animals for all species in thousands of tons and 

in thousands of heads.  

2.4. Software 

The whole methodology has been automatized in MS Excel/VBA. Before continuing 

with the methods and applications it would be useful to have a brief introduction to the 

software. Figure 2a and 2b present the “homepage” of the validation software. From

there the language can be selected as well as the validation method.   

Figure 2a: The “homepage” of the data validation software 

Categories

Choose the 
language  

Eurostat’s website 

Select the 
validation

method

Legislation in
the selected 

language 

Items 
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Figure 2b: The “homepage” of the data validation software 

Check all the data 
for slaughterings, 
imports or exports

Check data for the 
selected item and the 

selected category for all 
countries and years

Check data for the 
selected item for all 
countries and years 

The software is designed in a way that can be easily understood by all users and at the 

same time it is quick, very flexible and reliable. It is available in all of the 20 official 

languages of the European Union. 

The “homepage” shows all options for the checking of meat statistics available in the 

validation software. The table column headers group the data by categories. Selection of 

a column will perform data validation on all items shown in the row headers, all 

countries and all years for the selected category (e.g. slaughterings in 1000 tonnes). The 

table row headers group the data by item (animal type). Selection of a row performs data 

validation on all categories shown in the column headers, all countries and all years for 

the selected item (e.g. bovines). The options “?” inside the table provide data on all 

countries and years for the combination of the selected item and category (e.g. bovine 

slaughterings in 1000 tonnes). 
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The “homepage” of the validation software also presents a link to the metadata of the 

meat statistics, which give detailed information on the statistical methodology and the 

corresponding legislative texts. In addition, it also contains the link to Eurostat’s website.  

The functionality of the software will become more understandable when the 

applications are described in more detail (see, for example, chapter 3.4.).  

3. Checking individual time series with the box-plot method 

The first development step of the validation software was concentrated on the checking 

of individual time series. The purpose is to check each time series in order to find any 

problematic observations. This check is based on the use of a statistical model capable of 

detecting outliers. The decision on the choice of the appropriate model is not easy as a 

large number of data with several peculiarities have to be checked.  

Finding an appropriate method for detecting outliers and statistical breaks is non-trivial. 

In general we might distinguish graphical methods and statistical methods. There are 

simple methods like charts and more sophisticated outlier detection methods for example 

those based on ARIMA models. Some of the different methods are presented in annex 1 

of this document.  

We argue that the outlier detection tool needed in Unit E-2 should be easy to use, 

transparent and be based on relatively simple methods. It is more urgent to really apply 

simple data validation methods than to try to implement sophisticated methods that 

finally will not be used. 

In the literature, many different methods for outlier detection were found. Several 

methods (all the methods are presented in detail in annex 1) were examined and after a 

number of applications it was decided that the method which suits best in this case is the 

box-plot for the following reasons: 

x It is easy to use. 

x It is simple to understand. 

x It is quite transparent.  
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x It does not demand any assumptions about the distribution of the data or the number 

of observations. 

x The outliers do not take part in the calculation of the control limits (as it happens in 

other methods e.g. X -chart). 

x It detects more than one outlier each time. 

x It easily handles large data sets. 

With the box-plot method the observations of a time series are rearranged into quartiles. 

Based on the 1st and 3rd quartile lower and upper fences are determined. Observations 

beyond the fences are potential outliers or statistical breaks.  A more detailed description 

of the method follows in the next chapter.  

3.1. The methodological approach of the box–plot method  

Box-plot is a simple technique for the detection of outliers. The Lower and Upper Inner 

Fences (LIF and UIF, respectively) are determined by the 1st and 3rd quartiles:  
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Observations that lie outside of the above limits are marked as potential outliers. The 

parameter-value k=1.5 has been determined empirically and there is no strong theoretical 

background for this choice4.

Lower and Upper Outer Fences (LOF and UOF, respectively) with k=3 are also 
calculated:  
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Any observation outside of the outer fences is marked as problematic outlier.

4 John Tukey, who invented the box plot, is cited to have answered when he was asked about this:
“Because 1 is too small and 2 too large.” (http://exploringdata.cqu.edu.au/box_norm.htm)
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Although the above mentioned advantages of the box-plot method could be confirmed 

during many test applications of the software, the method has also some disadvantages: 

x It is too sensitive (especially when the data show a strong trend). 

x It does not work sufficiently when there are many missing values and many zero 
values (e.g. imports and exports of live animals). 

In an attempt to diminish these disadvantages several efforts were made:  

x Apply the test on the first differences (in order to eliminate trend) and compare with 
the results obtained from the original data.  

x Apply the test on the averages weights (kg/head) and compare with the results taken 
from the original data.  

x Increase the parameter k of the box-plot test (for more details see below). 

3.2. The parameter k 

In order to improve the sufficiency of the box-plot test and reduce excess of sensitivity, 

we can change the value of the k-parameter without perturbing the background theory of 

the method. The parameter can take values between 1 and 3.  

It was not easy to find out which value best suits to the data set.  Several values were 

examined with a large number of data in order to select the “best one”. These empirical 

tests showed that the value for k which best satisfies the requirements in each category 

for the concrete data set is the following:  

x k=2.5 for original data of slaughterings (data in heads and data in tonnes) 

x k= 2.5 for average weight of slaughterings 

x k= 3 for the first differences of slaughterings  

x k= 3 for imports and exports of live animals (for all categories)5

5 Due to a large number of missing values and small values of data in the category of exports and 
imports of live animals, the method was too sensitive and unworkable with low values for the k-
parameter, therefore  the largest possible value (k=3) was chosen.  
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The choice of these parameter-values was “moderate”, which means that the test is still 

rather sensitive. It is preferable to flag a value as an outlier even if it is not, rather than 

not to detect a real outlier.   

The user is free to choose the value of parameter according to his/her experience, the 

distinctiveness of the data and the sensitivity of the check.  

3.3. Quartiles 

The calculation of quartiles seems easy and simple. In practice data are sorted and then 

the median is calculated. After that the data are grouped into two groups and the median 

of each group is calculated. The median of the first group is denoted as theQ , and the 

median of the second group is denoted as theQ .

1

3

But there have been many discussions about the exact calculation of quartiles and several 

computational programs disagree on the way they calculate them. Traditional methods of 

calculation of quartiles for ungrouped data are based on interpolation. In the literature, 

several methods have been proposed.  The disagreement is over the way to find exactly 

the number that corresponds to the quartile if this is not an integer number: “Is the 

original median included in the groups that are used to calculate the quartiles or not?” 

Tukey (1983) proposed that if the number of observations is odd the median be excluded 

from the second phase but if the number of observations is even then the median be 

included. As that was not a well-documented approach, several methods were proposed, 

in order to find a better approach of the problem and also to introduce an easier 

calculation method for computational programs and statistical packages. The following 

table summarizes a number of common methods for computing the position of the first 

and third quartiles from a sample size n.
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Table1: Overview on methods for the interpolation of quartiles 

method 1st quartile 1st quartile 3rd quartile 3rd quartile 

n odd n even n odd n even  

Tukey,Hoaglin, 

Mosteller (1983) 4
3�n

4
2�n

4
13 �n

4
23 �n

Moore and

McCabe (2002) 4
1�n

4
2�n

4
33 �n

4
23 �n

Mendenhall and 

Sincich (1995) 4
1�n

4
1�n

4
33 �n

4
33 �n

Freud and Perles  

(1987) 
4

3�n
4

3�n
4

13 �n
4

13 �n

The quartiles are calculated by using exact interpolation. If the number is not an integer 

then the difference of the two numbers that the result is between is multiplied by the 

exceed percentage and this is added to the smaller number of the two. For example, the 

series {8, 15, 7, 3, 12, 20} in ascending order is {3, 7, 8, 12, 15, 20}. Using the method 

of Freud and Perles (1987) we calculate for the first quartile (Q1) the following position: 

Q1: 25.2
4
9

4
36

4
3

  
�

 
�n

Q1 is between the 2nd and the 3rd observation {7, 8}. To find the Q1 we interpolate: 

Q1 = 7 + (8-7)*0.25 = 7 + 0.25 = 7.25 

In this project we use the method of Freud and Perles (1987) to calculate quartiles. MS-

Excel provides functions which are based on this method. It must be noted that the 

numerical differences between results produced by the different methods are not 

necessarily large; they may be very small and sometimes even zero. We cannot be sure 

which of the methods is better or worse compared to the others. In order to evaluate 
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different methods for the calculation of quartiles some criteria have been established 

(Freud and Perles 1987):  

x Criterion A: Q is exceeded by three times as many values as it exceeds;  is 
exceeded by as many value as it exceeds and  exceeds three times as many values 
as it exceed it.  

1 2Q

3Q

x Criterion B: There are as many values less than Q as there are between  andQ ,
between  and , and greater than Q .

1 1Q 2

2Q 3Q 3

x Criterion C: Half of the values should fall between Q and Q .1 3

The pre-mentioned methods satisfy some of the above criteria but not all and not for 

sample sizes n. This makes it difficult to decide which method is better. Therefore, we 

can accept the method of Freud and Perles without omitting efforts to improve the 

results.  

3.4. Software application 

All the checks are made automatically by the software developed in MS-EXCEL/VBA.  

Figure 3: Selection of the method for quality control: time series 

Select the
method
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First of all, we select “Time Series” as method of Quality Control. Then, the series to be 

checked are selected. For example, if we want to check the slaughterings of bovines in 

1000 tons the option ? is selected. This opens a screen with a “Data”-sheet showing all 

data for the selection (figure 4). 

Figure 4: Example of a data selection for the outlier detection in time series 

In order to perform the data check the button  must be selected. This will open a 
“check options” window:  

After selecting the proper option all problematic cases are summarized in the “Errors”-
sheet (see figure 5):  
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Figure 5: Summary of problematic outliers, example for slaughtering in 1000t 

In our example, two time-series are detected as problematic: slaughterings of bovines in 

Germany and in Latvia. Now, if we click on ?, the whole series appears in the sheet 

“Analysis_1” and the problem is marked. In addition a chart of the series is constructed 

for a better view of the data. Let us choose Latvia, the result is given below in figure 6:  

Figure 6: Listings and charts of time series with outliers, example for slaughtering 
in 1000 heads 

Outlier detected by
box plot method 

K=2.5

Lower and Upper 
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To make the software user-friendly some useful hyperlink-symbols are shown on the left 
top of the screen (see also figure 6): 

 : Return to the home page  

: Show all data series (in that case shows bovines slaughterings in data in 1000 tons 
for all countries). 

: Return to the previous page with the problematic cases  

: Show the next problematic series 

: Save the whole page 

In the same way, data in 1000 heads can be checked.  For example, if we want to check 

all slaughterings data in heads, we click on the column header “sl” in the second column

of the table on the “homepage”. After a click on the button  the check option for 

“Outliers on Data in Heads” has to be chosen: 

Then the screen shows an “”Errors” sheet with all problematic time-series (figure 7). 

Probably some of them do not have a real problem: As it was already discussed above, 

the box-plot test is a sensitive check which becomes even more sensitive if there is a time 

trend in the data or if there are many zeros or missing values in the series. Thus, detected 

outliers should in some cases be cautiously interpreted as “potentially problematic”. The 

box-plot implemented in the validation software is a filter to detect defect data, but it 

cannot substitute for expert knowledge of the subject studied. 
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Figure 7: Summary of problematic outliers, example: slaughtering in 1000 heads 

3.5. Further examples of defects filtered by the outlier detection tool 

Some interesting examples of findings of the outlier detection tool are presented below 

without further comments.  

Figure 7: Example 1 of filtered defects 

Small value 
out of the LIF

Big value, out
of the UIF 

Parameter k is chosen 
by the user 
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Figure 8: Example 2 of filtered defects 

Outlier detected
maybe is due to
trend 

Figure 9: Example 3 of filtered defects 
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4. Checks on average weights 

The box-plot method test described above is applied on single time series for single 

countries and detects the breaks diachronically. But, if - for a country – not single years 

in the time series but the whole time series is problematic, the box–plot method cannot 

detect the problem.  

Calculating kilo-per-head values has proved in this case a very useful way to detect 

“problematic data”.  By calculating average weights from the data in 1000 tons and 1000 

heads and applying the box-plot methods on them, a more complete check is achieved. 

The results are very striking. However, important changes should be made to the box-

plot method:  

x Calculate the fences of the box–plot method by using the whole data set, or  

x set the limits empirically based on the expert knowledge of the user of the validation 

software.  

Finally, after some research it was decided that it is more efficient and flexible to set the 

limits empirically. Table 1 of the annex present the limits used in our pilot study. As can 

be seen in this table the ranges established by these limits are fairly large. However, the 

user of the software has the opportunity to set the limits depending on the data category, 

the country according to his/her experience and expert knowledge.  

In parallel the LIF and UIF are also calculated in order to have more information about 

the series. Below some examples of problematic cases which were detected after the 

calculation of average weights are presented. Most of the cases were not visible 

otherwise.  
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Figure 11: Example 2 on average weight analysis  

Poultry with
average weight
1667.82kg?

Sheep with 
average weight 
131.82 kg?
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5. Consistency checks 

Consistency checks on aggregations are also very important in the context of data 

validation. These tests described below are simple, evident and transparent. They can be 

easily used and understood. Perhaps these tests are those which must be done in any case 

in order to avoid gross errors due to human intervention.  

In this project we present four different consistency checks which cover all possible 

cases. These checks are rather general and can be easily adapted to other sets of data than 

meat statistics.  

The four sub categories of tests are: 

x Item Aggregation 

x Element Aggregation  

x Country aggregation  

x Time Aggregation 

5.1. Item aggregation  

Meat statistics consist of 22 items which correspond to different animal types or groups 

of animal types. Some of these items are individual items (e.g. bulls), whereas other 

items are aggregates of individual items (e.g. bullocks and bulls, adult cattle, bovines). 

The purpose of the test on item aggregation is to check whether the sum of individual 

items forming a certain aggregation corresponds to the value presented for the 

corresponding aggregate item in the dissemination database.  

The check is applied to the following aggregates of items: 

x Bovines = Bullocks + Bulls + Cows + Heifers + Calves 

x Adult cattle = Bullocks + Bulls + Cows + Heifers 

x Bullocks & Bulls = Bullocks + Bulls 

x Sheep = Sheep + Goats 

x Poultry = Broilers + Boiling Hens + Turkeys + Ducks + Geese + Guinea–fowl 
+Rabbits + Other  

23 



On the “homepage” of the software we choose the option “Item Aggregation” as Quality 

Control method and then the time series we want to check (see figure 12).  

Figure 12: Selection of the method for quality control: item aggregation 

For example, in order to check if the aggregation of bovines “agrees” with the sum of its 

sub–categories we select slaughterings bovine data in tonnes. The whole data set appears 

in the “Data” sheet (see figure 13).  
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Figure 13: Example of a data selection for aggregation control 

We select  to run the test. The results of the test (the series with errors) are shown on 

the sheet “Errors” (see figure 14). In this example only one series was detected with an 

error. 

Figure 14: The “Errors” sheet after aggregation control 

One problematic
series has detected 

By clicking on ? the whole series appear and the results of the consistency check are 

presented in detail in the sheet “Analysis_2” (see figure 15): 

x All values of sub-items categories are added and kept in the column “SUM”. 

x The absolute difference between the aggregate item (bovines) and the sum of the sub-

items is calculated and shown in the column “Differences”. 
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x The values in the last column “Relative differences” present the ratios of the absolute 

differences to the values for the aggregate item in percentage terms 

( 100*DifferenceRe
categorymajor

Differencelative  ).

x If the relative difference is bigger than a defined critical percentage the error is 

marked with colour. 

The critical percentage in our example is set to 5%. However, the critical percentage is 

not fixed. The user of the software can increase or decrease the critical percentage 

according to the data set and her/his experience. Theoretically the differences should be 

zero (no differences between sum of sub-items and the aggregate value), but as there are 

some minor differences due to data truncations, a value higher than zero can be plausible.  

Figure 15: Detailed analysis of aggregation errors 

The relative percentage 
is 22.4% bigger than
the value in the major
category 

A pie chart also appears for each year, which shows the share of the sub-item in the 

aggregate item. The chart changes according to the selection of the year in the left 

margin of the table. In this example the year 2004 is selected.  
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5.2. Other aggregation checks 

The data can be checked on element aggregation, country aggregation and monthly 

aggregation in a similar way.   

The test on element aggregation checks the validity of the equation: Gross Indigenous 

production = Slaughterings + Exports of live animals – Imports of live animals.    

The test on country aggregation checks the sum of individual countries with the EU-15, 

EU-25 or EU-12, respectively.  

The test on time aggregation checks if the sum of the values for each month of a year is 

the same as the value for annual data.  

6. Conclusions 

The application of the described methods above on a sample of data (meat statistics) 

demonstrated that a systematic and regular validation on the free dissemination database 

is more than necessary.  

The priority was given to easy to use and transparent, but at the same time efficient 

methods for the detection of gross errors in the time series. The methods proposed are 

relatively simple: box plot method, tests on average weights, aggregation tests. We do 

not recommend – for the moment - more sophisticated methods. Already these simple 

methods can and will be applied in order to improve the data quality efficiently.6

A weakness of the box-plot method for outlier detection is that is too sensitive. It detects 

more anomalies than the real errors and it cannot discriminate between data errors and 

justified outliers that might be due to real phenomena. The expert user of the validation 

software, however, can decide if a marked error is a real error.  Any outlier detection tool 

will not be a substitute for expert knowledge; it only can assist in quality control. And 

also it is preferable to detect a value as an outlier even if it is not an error, rather than do 

not detect a real error.  

6 Also in quality control the “law of diminishing return increases” can be prevalent: applying simple 
control methods can strongly improve awareness of quality problems, whereas the additional gains of 
applying more sophisticated methods might be smaller. 
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Annexes  

Annex 1: Overview on methods for outlier detection 

no TEST ADVANTAGES  DISADVANTAGES  

1. X – Chart  

LCL: n
s3�&

UCL: n
s3�&

where:  

X : average  
s: standard deviation  
n: number of observations 

Any observations out of the 
above limits are marked as 
outliers.  

x Easy to apply 

x Easy to understand 

x Detects more than one 
outlier each time.  

x Limits strongly affected by 
outliers (outliers take part in 
the calculation X and s) 

x Too sensitive 

x Data should be normally 
distributed 

x Low efficiency with small 
number of observations or 
large percentage of missing 
values  

2. Method of � �211X

calculate the moving average 
for every 5 observations as 
well as the standard 
deviation 

V5.2!�mIt

where: 

tI : the tested value 
m: moving average 

: standard deviation 

If the above relation is true 
then  is marked as outlier. tI

x Designed for time
series data 

x Efficient 

x Not affected by time 
trends 

x Designed for monthly data.  

x Applicable only on ARIMA 
data series 

x Assumption of normality 

x Complicated  
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3. Grubb’ s Test 

s
YY

G t � 
max

WHERE: 

tY : THE VALUE WITH 
THE MAX DIFFERENCE 
WITH MEAN 

Y : MEAN 

S: STANDARD 
DEVIATION 

COMPARES G STATISTIC 
WITH THE CRITICAL 
VALUE OF T-STUDENT 
WITH N-2 DEGREES OF 
FREEDOM AND A 
SIGNIFICANCE LEVEL 

/N.  

IF G>T, THEN Y IS AN 
OUTLIER. 

t

x SIMPLE TO
UNDERSTAND 

x DETECTS ONLY ONE 
OUTLIER EACH TIME 

x MULTIPLE ITERATIONS 
CHANGE THE 
PROBABILITIES AND 
AFFECT THE TEST 
EFFICIENCY 

x CANNOT BE USED FOR 
DATA SIZES OF SIX OR 
LESS 

x OUTLIERS TAKE PART 
IN THE CALCULATION 
X AND S  

x DATA SHOULD BE 
NORMALLY 
DISTRIBUTED 

x COMPLICATED IN 
APPLICATION 

x SENSITIVE  

4. ROSNER’S TEST  

s
XX

R i
i

�
 �1

where: 

Xi: the observation that is 
farthest from the mean  
X : average  
s: standard deviation  

The mean and standard 
deviation are calculated 
without the “candidate 

x Outlier does not take 
part in the calculation 
of statistic value. 

x Easy to understand 

x Can be used when the 
number of observations is at 
least 25. 

x Normality is required 

x Detects only one outlier 
each time 

x Complicated in application, 
especially for large data 
base 

30 



outlier”. 

If Ri+1>t-statistic then Xi is 
marked as outlier. 

5.  Q-Test  

R
XX

Q ba � 

WHERE: 

aX : THE SUSPECTED 
OUTLIER  

bX : THE DATA POINT 
CLOSEST TO aX

R: RANGE OF THE DATA 

THE Q TEST STATISTIC IS 
COMPARED WITH THE 
CRITICAL VALUES. IF 
Q>CRITICAL VALUE THEN 

IS MARKED AS OUTLIER. aX

x NO ASSUMPTION
NEEDED FOR THE 
DATA 
DISTRIBUTION 

x SIMPLE TO
UNDERSTAND 

x DETECTS ONLY 
ONE OUTLIER 
EACH TIME 

x CANNOT BE 
REPEATED 

x DIFFICULT TO USE 
AUTOMATICALLY 
FOR A LARGE 
DATA SET 

6. BOX – PLOT TEST 

)(5.1Q:

)(5.1:

133

131

QQUIL

QQQLIF

��

��

where  

Q1: First quartile 

Q3: Third quartile 

Any observation out of the limits 
is marked as a potential outlier.  

x Easy to use 

x Easy to understand 

x No assumptions
needed about the data 
distribution  

x Detects more than one 
outlier each time 

x Outliers do not take 
part in the calculation 
of limits 

x Sensitive  

x Affected by trend 

x Low efficiency with 
small number of 
observations or large 
percentage of missing 
values.  

7.  GRAPHICAL TECHNIQUES x Visually strong x Practical difficulties 
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- Histogram

- Scatter plot 

- Sequence plot 

x Easy to read 

x Easy to understand 

x No assumptions about 
the distribution of the 
data 

x (Cannot be used for so 
many cases). 

x Time consuming in 
this case. 

Annex 2: Lower and upper fences for checking average slaughter weights 

No CATEGORIES Limits (in kg per head) 

1. Bovines 50-500

2. Adult cattle 50-500

3. Bullocks and Bulls 50-500 

4. Bullocks 50-500

5. Bulls 50-500

6. Cows 50-500

7. Heifers 50-500

8. Calves 20-130

9. Pigs 4-40

10. Sheep and goats 4-40 

11. Sheep 4-40

12. Goat 3-30

13. Equidae 70-700

14. Poultry 1-4

15. Broilers 1-4

16. Boiling hens 1-4

17. Turkeys 3-15

18. Ducks 1-4

19. Geese 1-6

20. Guinea fowl 0.5-4

21. Rabbits 0.5-4

22. Other
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