
An integrated environment for geneti
evaluation: databases, varian
e
omponent estimation and geneti
evaluationEildert GroeneveldInstitute for Animal S
ien
eFederal Agri
ultural Resear
h CenterMariensee, GermanyMultivariate geneti
 evaluation 
onsiders jointly many di�erent traits fromdi�erent sour
es on 
urrent and past animals. As a routine operation, in-vestment in a 
entral data repository or an integrated database 
reates a�exible, safe and e�
ient environment for multi trait BLUP. With a 
entraldatabase all data editing 
an be re
orded in s
ripts thereby do
umenting thedata editing pro
ess. An open sour
e approa
h is presented using the APIISframework. Generi
 pro
edures and programs are presented, whi
h allowsthe 
reation of integrated databases, supports the pre-BLUP and post-BLUPdata pro
essing steps, whi
h are all 
entered around the integrated database.An automated evaluation of BLUE and BLUP is presented.1 Introdu
tionAll modern breeding programs use three 
onstituent 
omponents data 
olle
tion, analysisof data, geneti
 evaluation of data and �nally sele
tion based on results from the geneti
evaluation.2 Creating an integrated databaseGeneti
 evaluation of animals has always been a heavily data based te
hnique. As su
h,animal breeders are used to working with 
omputers on a large s
ale, to implementstatisti
al pro
edures in program 
ode and push the limits of what 
an be done with
1




omputers ever further. Parti
ularly, with the introdu
tion in BLUP (best linear unbi-ased predi
tion), histori
al data obtained a whole new value, as they were to be in
ludedin every geneti
 evaluation. With the advent of animal models, the 
omputational de-mands in
reased even further. When multivariate geneti
 evaluations be
ame a feasibleproposition, the demand and ne
essity to manage more and diverse data be
ame evenmore obvious. While large s
ale 
omputing 
enters tended to be su�
iently sta�ed todeal with this situation, smaller organizational units found and still �nd it rather di�-
ult to meet the demand for properly organized data repositories. As a result, these areoften insu�
ient, 
ontaining data with limited a

ura
y, thereby making proper geneti
evaluation di�
ult and 
umbersome. To address this situation the initiative for an opensour
e framework [7℄ for data management for individual animal re
ords was laun
hedand is proving its �rst utility [4, 3℄.So far most of the data used in geneti
 evaluations have been generated in traditionalperforman
e re
ording s
hemes as are produ
ed from milk re
ording programs in 
attleor litter re
ording s
hemes in pigs and other spe
ies. Some of the data used also originatein laboratories whi
h are an integral part of the re
ording s
heme infrastru
ture like milkre
ording labs, whi
h produ
e fat and protein 
ontents of samples and values like somati

ell 
ounts.With the advent of genotyping information generated in mole
ular geneti
 labs, a wholenew 
lass of data is generated and needs to be managed. Here, we have a number ofoptions: �rstly, mole
ular geneti
 data may get handled only as results 
oming from thelabs where we are not 
on
erned with the data management in the labs themselves. Thus,for animals investigated the labs will supply only a number of genotypes for ea
h animalinvestigated. Alternatively, we in
lude the data management in the labs themselvesinto our 
onsideration. Operationally, the two setups 
an be viewed as one: the datamanagement support 
ould be omitted where not appropriate, while it would be in
luded,where labs be
ome a 
onstituent 
omponent of the 
omplete operation. It is this setupthat Groeneveld et al. fo
used on in their MoLabIS proje
t [4℄.The adaptable platform independent information system (APIIS) was developed asa framework of pro
edures and software to support the rapid 
reation of integrateddatabases built on individual animal re
ords [3℄. With its generi
 design it allows tohandle all animal identi�
ation systems be they based on unique lifetime numbers orre
urring animal identi�
ations that may be repeated over time. With this setup itis possible to handle all spe
ies with di�erent identi�
ations like 
attle using the EUunique identi�
ation and the re
urring numbering systems with renumbering at sometime during the life span of pigs and sheep.The basi
 prin
iple of APIIS allows the 
reation information derived from individualanimal re
ords, be they daily gain, milk yield or type 
lassi�
ations. The generi
 stru
tureof this setup is given in �gure 1.Depending on the data 
olle
ted, the resulting database stru
ture may be more or less
ompli
ated. However, for many situations a standard setup will be su�
ient. This isbased on generi
 stru
ture of any APIIS implementation. For ea
h individual animaldatabase a large portion of the database 
an be 
onsidered �xed. These are, for instan
e,the blo
ks that 
enter around address handling. Also the animal numbering s
heme as2



Figure 1: Generi
 Stru
ture of APIIS
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represented by the tables TRANSFER and ANIMAL 
an be 
onsidered �xed. Nearly allre
ording s
hemes of individual animal re
ords have a blo
k that deals with SERVICE -be it AI or natural servi
e � and the reprodu
tion area.Many of the other performan
e data re
orded 
an be grouped into �single animalre
ords� and �multiple animal re
ords�. The former is a one to one relation with theanimals: there is only one measurement on an animal. An example might be the genotypefor a 
ertain mi
ro satellite. �Multiple animal re
ords� are usually re
orded through thelife of the animal. Therefore, all re
ords are dis
riminated from one another through theanimal identi�
ation (whi
h must always and under all 
ir
umstan
es be unique) andthe date at whi
h the measurement was taken. Typi
al examples are weights and layingre
ords. If this setup is used then the pro
edures developed in APIIS allows rapid designand implementation of any testing s
heme. Support for this pro
ess is provided in theRapidAPIIS framework that is 
urrently under development to allow non IT spe
ializedpersons to setup up 
ustomized databases. As an out
ome a standalone database will be
reated that allows data entry through GUI (graphi
al user interfa
e) forms under the
ontrol of a 
omplete set of business rules.As APIIS is developed using solely Open Sour
e software, the 
reation of a databaseunder its umbrella does not in
ur any li
ensing 
osts. While this may not be an issue forlarge 
omputing 
enters, it does present a problem for many organizations whi
h do nothave the �nan
ial power to a�ord 
ommer
ial produ
ts like database systems.
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3 Integrating geneti
 evaluationAs will have be
ome 
lear from the above, all data used for breeding an populationmanagement should be 
ontained in that one and only database for general use. Thisimplies that no other data �les exist anywhere on the 
omputer that are being used unlessthey are derived from the 
entral database.Clearly, for many purposes not all data (whi
h in
ludes histori
al data on animals thathave long 
eased to exist) are needed for some evaluation or data pro
essing. There maybe an investigation on one line only, or only 
ertain years may be of interest. The pro
essof 
reating these subsets always implies a sele
tion or editing pro
edure. Often this isdone manually by � for instan
e � starting from a spreadsheet, then manually some rowsare 
hosen and others deleted. The resultant spreadsheet is then saved under a newname. The more often this pro
edure is repeated the more di�
ult it be
omes the keeptra
k of the editing or sele
tion / modi�
ation a
tions. Also, it gets in
reasingly di�
ultto keep tra
k of whi
h �le means what and even what the original may be.With an integrated database a simpler mode of operation is possible. Firstly, it is
lear that only the integrated database is the �original�. This implies that - by de�nition- all other �les that may exist have to be 
opies or derived form the original. If now,additionally, all extra
tions and editing for further investigations that require separate�les as input are done through s
ripts or little programs, then the editing logi
 is fully
ontained in this extra
tion s
ript. As a result, the extra
ted �les 
an be deleted at anytime and re
reated by simply rerunning the extra
tion s
ript. While this does requireknowledge about how to write these s
ripts, the resulting operation stru
ture is simple,
onsistent and straight forward. One other result from this setup is that a pro
edure
an be repeated qui
kly, as no human intervention is required to exe
ute the individualsteps. Thus, whole series of steps 
an be exe
uted automati
ally. In routine operationsthis s
ript based automation of perhaps long and involved pro
esses, like the extra
tionof data, the 
omputation of BLUP and their further pro
essing, this is a large advantagefor e�e
tive data pro
essing. It 
ontrasts to manual point and 
li
k operations. This isonly fast for the �rst time, but if to be repeated it be
omes very ine�
ient 
ompared tos
ript based operations.3.1 Model de�nition and varian
e 
omponent estimationA �rst step for Animal model geneti
 evaluation is the development of the statisti
almodel followed by the estimation of the required 
ovarian
e matri
es. While this is aninvolved pro
ess, it does not have to be done regularly. Software pa
kages are availableto a
tually perform the 
ovarian
e 
omponent estimation like VCE [6, 5℄or ASREML[1℄ and others. As the pro
edures involved are identi
al to those required for geneti
evaluation, everything there applies to the data preparation steps required for 
ovarian
e
omponent estimation.
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3.2 Computation of BLUPs for sele
tionOn
e all data on a breeding program are stored in a normalized database, extra
tion ofany subset is usually straight forward. In animal breeding we need normally a data anda pedigree �le. These two �les are not independent, as the pedigree �le to be used ingeneti
 evaluation should be derived from that a
tual data used in the analysis. Thus,for a data re
ord only those pedigree re
ords should be used, that are genealogi
ally
onne
ted to it. This 
an be done by a re
ursive pro
edure starting from the animal inthe data re
ord 
olle
tion all its an
estors through ba
kward re
ursion.Furthermore, some 
olumns of the data �les may need to be modi�ed depending onthe statisti
al model 
hosen for the analysis. For instan
e, if seasons are used insteadof months, these need to be 
reated during the extra
tion pro
ess. Creation of geneti
groups is also often required depending perhaps on birth years of animals.All these editings have one 
ommon aspe
t: the 
hanges that are made from theoriginal data in the database to the �le that is used for geneti
 evaluation is rule basedand these rules 
an be 
onveniently be put into the extra
tion program.As part of APIIS there are two programs that are grouped around the geneti
 evalua-tion. The �rst one supports the extra
tion pro
ess from the database to 
reate input forthe BLUP software (here PEST [2℄), while the se
ond loads all solutions for �xed andrandom e�e
ts ba
k into the database and performs a post BLUP data analysis. Thelatter is set up in a way that 
onse
utive sets of solutions are stored in the database. Inthis way the 
hanges in BLUP (and of 
ourse also BLUE) 
an be followed up using thedatabase a

ess me
hanisms.The ever growing amount of data that goes into BLUP runs results in proofs beingrepeatedly re
omputed. With in
reasing information, the BLUPs will tend to get morea

urate. However, this also means that they will 
hange. As a result of this � inparti
ular if the BLUPs go down with time � one will want to investigate how they andthe BLUEs have developed over time. With all solutions from ea
h run to be loaded intothe database, this pro
edure has all the information at hand to answer questions.3.2.1 pre BLUP pro
essingAs mentioned above, a generalized program is available whi
h supports the 
reated ofBLUP input �les. Its main features are:
• a simple SQL 
ommand per trait and e�e
t
• only internal database numbers are being used for animal ID and also for 
odes.Thus, by virtue of APIIS these are always unique even if external 
odes and animalIDs get reused
• 
onsistent pedigrees are generated on the basis of the data set extra
ted
• allows the de�nition of geneti
 groups
• as an option re
oded data and pedigree �les 
an be 
reated as are required by somepa
kages like VCE for REML varian
e 
omponent estimation5



3.2.2 Storing BLUEs and BLUPs in the databaseIn BLUP geneti
 evaluation only a small fra
tion of the solutions are indeed requiredfor sele
tion. These may indeed be only a hand full of animals from tens of thousendsthat were in
luded in the BLUP run. Thus, in postpro
essing other information like testdates are required to print the meaningful lists for sele
tion. This is best done withinthe database, requiring solutions from the mixed models to be loaded ba
k into thedatabase. Also, if for 
onsisten
y reasons, internal database 
odes are used throughoutthe BLUP 
omputations, for use in the �eld the external 
odes have to be available. Forthis pro
ess, again, the database is required. Thus, after BLUEs and BLUPs have been
omputed from the Mixed Model Equations these will be loaded into the database in auniform format. This is then the basis for further analyses in the post pro
essing step.3.2.3 post BLUP pro
essingBoth, the extra
tion s
ript and the model de�nition for the 
omputations of the BLUPs
ontain all information required to perform a widely automated post pro
essing. Itsobje
tive is the generation of statisti
s whi
h allows a qui
k assessment of the a
tualdata stru
ture used in the geneti
 evaluation. One of the problems in using mixed modelmethodology lies in the fa
t, that the a
tual solutions of interest, mostly the BLUPs saylittle about the data stru
ture used for its 
omputation. If, for instan
e, many �xed e�e
t
lass have only very few levels like 1 or 2, BLUPs will be 
omputed even though they maynot be useful, be
ause the model used is not appropriate relative to the underlying datastru
ture. Thus, if the a
tual datastru
ture is not observed and 
he
ked, meaninglessBLUPs may be 
omputed but this fa
t may go undete
ted.Here, the post pro
essing 
an help to generate a number of statisti
s that may givea qui
k overview about the underlying data stru
ture and thus help to pinpoint weakspots. The beauty of the pro
edure lies in the fa
t that no expli
it spe
i�
ation aboutthe traits and e�e
ts used has to be made.The following gives some parameters estimated automati
ally from the informationstored thus far:
• biggest di�eren
es in BLUPs together with stru
tural information like number ofhalf sibs, animals own performan
e, number of o�spring and its average perfor-man
e
• statisti
s on �xed e�e
ts like minimum and maximum number of re
ords per level
• 
ovariables plotted as histograms
• information spe
i�ed per breeder
• the genti
 trend plotted for animals with a birthdate
• trends in �xed e�e
ts (BLUE) in 
omparison to the population
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The statisti
s are generated as high quality pdf do
uments, some samples of whi
h aregiven in the appendix. The �rst examples gives an ex
erpt from a set of statisti
sdes
ribing the data stru
ture used in the geneti
 evaluation. Here, for all the e�e
tstheir number of levels are reported. As 
an be seen, for ea
h e�e
t the average numberof levels together with their minimum and maximum 
ount are given, followed by a listof e�e
t 
odes that have less than three observations. The next table gives informationon how mu
h BLUPs 
hange from one geneti
 evaluation to the next. This may be the
hange from one week to the following. The di�eren
es in BLUP together with stru
turalinformation on the sour
es of information, i.e. number of full and half sibs along withan
estor re
ords are given. This will give some insight into what 
an be reasonablyexpe
ted in terms of 
hange of BLUPs.The following tables give a graphi
al representation of 
ovariables and some plotsderived from the solutions to the mixed model solutions. The latter may be given asthe di�eren
e between a subse
tion of the population, i.e. a herd relative to the averageof the population. For BLUE, this 
an be used as a management support to the herd:the di�eren
e to population average indi
ates what management 
hanges may be ableto a
hieve. On the other hand, the plots of BLUP over time give an indi
ation of thegeneti
 trend in the population.4 Con
lusionMu
h of the data pro
essing has to be done on a regular s
hedule be it for data entry oralso for geneti
 evaluation. In an integrated system these a
tivities 
an be automated andbe based on s
ripts. This 
ontrast to a mode of operation whi
h does the steps requiredmanually, possibly through a seemingly easy point and 
li
k graphi
al user interfa
e.While this may give a qui
k start it is e�
ient in regular and repeated operations.A
knowledgementRalf Fis
her has written mu
h of the pre and postpro
essing software and supplied theexamples in the appendix whi
h is gratefully a
knowledged.
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Appendix
breeding value estimation from 23rd September 2005

Analysis of breeding value estimation from 23rd September 2005

1 E�ects

1.1 Breeding value estimation tbv1

1.1.1 E�ect: b nr

count min avg max

b nr 62 1 40.03 431

classes 1 � 5 � 10 � 20 > 20

number of e�ects in this class 11 20 6 7 18

The following e�ects have less than 3 members:

'168' '290' '230' '384' '145' '262' '199' '193' '167' '215' '218' '149' '123' '295' '29' '202' '133' '256' '227' '198'

1.1.2 E�ect: sjm

count min avg max

sjm 35 14 43.60 74

classes 1 � 5 � 10 � 20 > 20

number of e�ects in this class 0 0 0 3 32

The following e�ects have less than 3 members:

1.1.3 E�ect: bjq

count min avg max

bjq 449 1 14.68 174

classes 1 � 5 � 10 � 20 > 20

number of e�ects in this class 46 162 73 59 109

The following e�ects have less than 3 members:

'382|1998|1' '396|1995|3' '461|2003|3' '410|2002|4' '452|2003|1' '461|1995|2' '461|2002|2'

'396|1998|2' '435|2003|2' '452|2002|2' '460|1999|4' '441|1995|2' '396|1997|3' '402|2002|1'

'468|1996|2' '460|1997|1' '394|2003|3' '468|1995|2' '439|2002|2' '385|2002|1' '460|1998|4'

'460|1997|2' '394|2002|3' '448|1999|2' '443|2003|4' '452|2000|2' '454|2002|1' '468|1995|1'

'448|2002|1' '435|2003|4' '452|2003|2' '432|2003|1' '435|1997|2' '434|1999|2' '468|1997|3'

'402|1998|1' '461|1996|3' '452|2001|1' '441|1996|2' '452|2002|1' '382|1997|4' '452|2003|3'

'439|1995|1' '454|2003|4' '435|1995|4' '452|1999|3' '394|2002|4' '402|2003|1' '432|1998|2'

'402|1999|4' '461|1999|4' '434|1995|2' '402|2000|3' '394|1997|2' '461|2000|2' '441|1996|4'

'393|2004|1' '468|1996|3' '440|1995|1' '410|1996|3' '431|1995|2' '461|1997|3' '460|1998|1'

'448|1996|4' '452|2001|4' '461|1997|2' '452|2003|4' '402|1998|3' '402|1995|2' '460|1995|1'

'434|2000|4' '435|1995|1' '435|1996|4' '394|1996|4' '435|2000|3' '452|2000|1' '402|1995|1'

'448|2000|2' '439|2001|4' '402|1997|4' '432|2002|4' '435|1999|2' '442|1998|2' '425|2000|1'

'441|1995|4' '400|1995|2' '393|1995|1' '435|2001|1' '448|2000|4' '402|2002|2' '432|1996|4'

'441|1998|4' '431|1995|1' '440|1997|2' '402|1995|4' '439|2002|1' '448|1998|3' '410|2000|4'

'461|2003|1' '461|1997|4' '402|2001|4' '393|1996|3' '402|1995|3' '435|2001|4' '460|2000|3'

1

breeding value estimation from 23rd September 2005

Analysis of breeding value estimation from 23rd September 2005

1 Maximum change in breeding values

1.1 Breeding value estimation tbv1

1.1.1 Trait: rm


BLUP EL ancestors pat. half sibs mat. half sibs

animal new old di� n/o new old new old new old

1j33j50454 14.32 2.78 11.54 -/- 0 ( 0 ) 0 ( 0 ) 0 ( 0 ) 0 ( 0 ) 0 ( 0 ) 0 ( 0 )

1j33j55733j6 13.86 2.53 11.33 -/- 0 ( 0 ) 0 ( 0 ) 0 ( 0 ) 0 ( 0 ) 1 ( 62.03 ) 1 ( 62.03 )

1j33j55397j4 14.44 3.60 10.84 -/- 0 ( 0 ) 0 ( 0 ) 0 ( 0 ) 0 ( 0 ) 0 ( 0 ) 0 ( 0 )

1j33j55608j17 13.82 3.25 10.57 -/- 0 ( 0 ) 0 ( 0 ) 0 ( 0 ) 0 ( 0 ) 0 ( 0 ) 0 ( 0 )

1j33j50512 13.85 3.60 10.26 -/- 0 ( 0 ) 0 ( 0 ) 11 ( 60.08 ) 10 ( 59.51 ) 0 ( 0 ) 0 ( 0 )

1j32j500975j10 10.22 .65 9.57 -/- 0 ( 0 ) 0 ( 0 ) 1 ( 64.40 ) 0 ( 0 ) 1 ( 64.40 ) 0 ( 0 )

1j33j51140j61 13.37 3.89 9.49 -/- 0 ( 0 ) 0 ( 0 ) 0 ( 0 ) 0 ( 0 ) 0 ( 0 ) 0 ( 0 )

1j32j500224j43 10.81 1.33 9.49 -/- 0 ( 0 ) 0 ( 0 ) 14 ( 60.23 ) 8 ( 59.39 ) 3 ( 63.88 ) 1 ( 60.48 )

1j33j50601 12.27 3.09 9.18 -/- 0 ( 0 ) 0 ( 0 ) 11 ( 60.08 ) 10 ( 59.51 ) 1 ( 53.33 ) 1 ( 53.33 )

1j33j55732j22 12.20 3.34 8.87 -/- 0 ( 0 ) 0 ( 0 ) 11 ( 60.08 ) 10 ( 59.51 ) 0 ( 0 ) 0 ( 0 )

1j33j50564 -7.67 -.61 -7.05 -/- 0 ( 0 ) 0 ( 0 ) 1 ( 55.59 ) 1 ( 55.59 ) 0 ( 0 ) 0 ( 0 )

1j33j50693 -3.68 2.91 -6.58 -/- 0 ( 0 ) 0 ( 0 ) 9 ( 59.05 ) 8 ( 59.08 ) 2 ( 63.33 ) 2 ( 63.33 )

1j33j50471 -3.02 2.34 -5.35 -/- 0 ( 0 ) 0 ( 0 ) 0 ( 0 ) 0 ( 0 ) 0 ( 0 ) 0 ( 0 )

1j33j55620j10 -1.81 3.01 -4.82 -/- 0 ( 0 ) 0 ( 0 ) 0 ( 0 ) 0 ( 0 ) 0 ( 0 ) 0 ( 0 )

1j33j50606 -1.24 3.09 -4.33 -/- 0 ( 0 ) 0 ( 0 ) 11 ( 60.08 ) 10 ( 59.51 ) 1 ( 53.33 ) 1 ( 53.33 )

1j33j55732j23 -.91 3.34 -4.25 -/- 0 ( 0 ) 0 ( 0 ) 11 ( 60.08 ) 10 ( 59.51 ) 0 ( 0 ) 0 ( 0 )

1j33j50453 -.83 2.43 -3.26 -/- 0 ( 0 ) 0 ( 0 ) 0 ( 0 ) 0 ( 0 ) 0 ( 0 ) 0 ( 0 )

1j33j55733j4 -.63 2.54 -3.17 -/- 0 ( 0 ) 0 ( 0 ) 0 ( 0 ) 0 ( 0 ) 1 ( 62.03 ) 1 ( 62.03 )

1j33j50513 .48 3.52 -3.04 -/- 0 ( 0 ) 0 ( 0 ) 11 ( 60.08 ) 10 ( 59.51 ) 0 ( 0 ) 0 ( 0 )

1j33j55397j1 .55 3.52 -2.97 -/- 0 ( 0 ) 0 ( 0 ) 0 ( 0 ) 0 ( 0 ) 0 ( 0 ) 0 ( 0 )

each entry represent the count of observations ( average )

1.1.2 Trait: ltz

BLUP EL ancestors pat. half sibs mat. half sibs

animal new old di� n/o new old new old new old

1j33j560235j78 35.10 10.69 24.40 -/- 0 ( 0 ) 0 ( 0 ) 107 ( 618.49 ) 72 ( 616.08 ) 4 ( 636.50 ) 1 ( 562.00 )

2j34j30972 -42.26 -65.08 22.82 -/- 0 ( 0 ) 0 ( 0 ) 117 ( 574.73 ) 95 ( 573.68 ) 0 ( 0 ) 0 ( 0 )

2j32j2503 -48.50 -68.39 19.88 -/- 0 ( 0 ) 0 ( 0 ) 0 ( 0 ) 0 ( 0 ) 0 ( 0 ) 0 ( 0 )

1j33j50423 29.12 10.63 18.49 -/- 1 ( 611.00 ) 1 ( 611.00 ) 2 ( 619.00 ) 1 ( 537.00 ) 1 ( 701.00 ) 0 ( 0 )

2j33j55839 -2.51 -19.33 16.81 -/- 0 ( 0 ) 0 ( 0 ) 4 ( 565.00 ) 2 ( 470.50 ) 8 ( 585.88 ) 5 ( 549.40 )

1j33j50682 24.91 8.17 16.74 -/- 0 ( 0 ) 0 ( 0 ) 59 ( 630.42 ) 42 ( 633.33 ) 8 ( 622.50 ) 5 ( 594.20 )

1j32j500675 58.12 41.53 16.59 -/- 0 ( 0 ) 0 ( 0 ) 2 ( 701.00 ) 0 ( 0 ) 34 ( 685.50 ) 23 ( 682.48 )

1j33j55731j4 37.65 21.44 16.21 -/- 0 ( 0 ) 0 ( 0 ) 115 ( 617.17 ) 79 ( 612.23 ) 4 ( 634.75 ) 2 ( 580.50 )

1j32j500301 22.84 6.64 16.20 -/- 0 ( 0 ) 0 ( 0 ) 14 ( 540.29 ) 11 ( 534.91 ) 7 ( 547.57 ) 4 ( 537.75 )

1j33j55608j1 35.11 19.29 15.82 -/- 0 ( 0 ) 0 ( 0 ) 40 ( 605.02 ) 30 ( 601.30 ) 11 ( 643.55 ) 8 ( 633.50 )

1j32j501615j5 -46.10 -5.85 -40.25 -/- 0 ( 0 ) 0 ( 0 ) 37 ( 608.92 ) 29 ( 615.24 ) 7 ( 577.29 ) 5 ( 604.40 )

1j20j31550 39.06 71.45 -32.39 -/- 0 ( 0 ) 0 ( 0 ) 0 ( 0 ) 0 ( 0 ) 0 ( 0 ) 0 ( 0 )

2j32j501828j9 -17.84 13.96 -31.80 -/- 0 ( 0 ) 0 ( 0 ) 18 ( 594.39 ) 12 ( 620.75 ) 6 ( 592.33 ) 4 ( 613.50 )

2j32j501210j10 -15.22 16.51 -31.73 -/- 0 ( 0 ) 0 ( 0 ) 15 ( 568.20 ) 11 ( 590.91 ) 29 ( 616.17 ) 17 ( 599.59 )

1j21j60510 41.28 72.62 -31.34 -/- 0 ( 0 ) 0 ( 0 ) 0 ( 0 ) 0 ( 0 ) 0 ( 0 ) 0 ( 0 )

2j21j62481 36.28 67.56 -31.29 -/- 0 ( 0 ) 0 ( 0 ) 0 ( 0 ) 0 ( 0 ) 0 ( 0 ) 0 ( 0 )

1j21j60810 48.15 79.43 -31.28 -/- 0 ( 0 ) 0 ( 0 ) 0 ( 0 ) 0 ( 0 ) 0 ( 0 ) 0 ( 0 )

1j21j60469 40.70 71.47 -30.77 -/- 0 ( 0 ) 0 ( 0 ) 0 ( 0 ) 0 ( 0 ) 0 ( 0 ) 0 ( 0 )

1j33j560310j35 -33.14 -2.38 -30.77 -/- 0 ( 0 ) 0 ( 0 ) 53 ( 606.08 ) 34 ( 611.53 ) 20 ( 569.00 ) 12 ( 572.92 )

1j33j560375j1 -21.37 7.11 -28.48 -/- 0 ( 0 ) 0 ( 0 ) 53 ( 606.08 ) 34 ( 611.53 ) 3 ( 556.67 ) 0 ( 0 )

each entry represent the count of observations ( average )

1
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