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-Purpose of the visit
The original objective of this research project was to identify markers associated with cattle adaptation to extreme environments exploiting the availability of 54K SNPs data on a number of cattle breeds and using the Spatial Analysis Method (SAM) developed by Joost et al. (2007) to identify markers associated to environmental variables. For the reasons described below the target species in which investigating adaptation was changed from cattle to sheep, in agreement with the tutor, the host and the coordinator of the ESF project. 

Reason 1: small number of breeds/animals available after dataset cleaning

· Data on 54K SNPs set were available for 22 of 30 bovine breeds part of the HapMap project. Some breeds had to be further excluded from the analysis:

· Two breeds (Gelbvieh and Simmental) due to limited number of animals per breed (3animals/breed).
· Two breeds because they were Bos Taurus x Bos Indicus crosses (Santa Gertrudis and Beef Master) and likely would have produced biased results.. 
· After this filtering 17 breeds were available for the analysis: 14 Bos taurus breeds (with 430 animals) and 3 Bos indicus breeds (73 animals). Because of the different origin (independent domestication) and at the same different geographic and environmental distribution B. indicus and B. taurus were to be analyzed independently not to confound markers associated to origin with those associated to adaptation. However in this case the number of B indicus breeds and animals was too low for running a SAM analysis. Therefore Bos indicus breeds were excluded from the analysis as well. 
· Finally, we had only 14 Bos Taurus breeds available for our research work. 
Reason 2: failure of retrieving sufficiently precise geographic coordinates of animals and breeds
In step 1 in the project proposal, it was planned to assign the geographic coordinate to the individual animal included in the project. Information were planned to be collected from samples providers. We contacted the persons in charge of the bovine HapMap project. Despite we obtained the authorization for collecting these information, we did not received any information from HapMap coordinators about the sampling location of each animal Assigning the geographic coordinates to the origin of the breed instead of the precise sampling location may be acceptable in the case of having data on a large number of breeds and/or animals per breed, to avoid spurious association. 
Reason 3: we faced some problems in creating SNPs input file, probably due to the structure or of errors in the file we received. This problem could not be solved in due time. 
For these reasons, we agreed to use sheep HapMap SNPs data (www.sheephapmap.org) instead of bovine 54K.
- Description of the work carried out during the visit. 
Using the sheep HapMap SNPs data gave us the opportunity of comparing the results obtained with SAM with those produced on the same dataset by another ESF grant project, won by Dr. Meng-Hua Li (Exchange grant number 3259), to identify the candidate loci for selection using the classic FST method with Lositan software (Antao et al, 2008). The SAM approach (Joost et al, 2007) employs the geographic information system (GIS), environmental variables and genetic data with the multiple univariate logistic regression analysis for identifying markers associated with specific environmental variables. Although FST and SAM methods are both used for detecting outlier loci, SAM approach has the advantage to be based on individual analysis and on association with specific environmental variables while FST approaches are based on populations and on the identification of selection signatures. In many plant and animal species FST and SAM methods were used for cross-validating results and identifying loci under natural selection with different types of molecular markers (Joost et al, 2007 and Pariset et al, 2009). The advantage of using both FST and SAM methods is to reduce the probability of getting false positives.
The Sheep HapMap project has been established by the International Sheep Genomics Consortium (ISGC). The project developed the ovine SNP50 BeadChip which were used to genotype different sheep breeds. In this project, samples were collected from 71 domestic sheep breeds from Africa, Asia, South America, Europe, the Middle East, Australia, USA and Caribbean and have been genotyped for a large number of Single Nucleotide Polymorphisms (SNPs) (50k SNPs).
Research activities
Step 1 Assigning geographic coordinates to sheep HapMap individuals
Thirty seven breeds from sheep HapMap projects were geographically assigned using sampling information collected from sample providers (Table 1). In case providers sent sampling coordinates of individual animals, these coordinates of animals for each breed are grouped together to attribute one coordinate to the breed. Some breeds were geographically assigned to the area of origin due to difficulties in retrieving the sampling location. The total number of animals was 1483 for all breeds. The number of animals per breed is shown in Table 1.
Table 1 Geographic coordinates of the Sheep HapMap breeds and number of animals per breed
	Breed Name
	Location/Origin
	No. of animals
	Longitude
	Latitude

	Afshari
	Afshar, Iran
	37
	45.82
	38.85

	Altamurana
	Foggia, Puglia, Italy
	24
	15.57
	41.45

	Barbados BlackBelly
	St. Augustine, Trinidad
	24
	-61.4
	10.65

	BorderLeicester
	Northumberland
	48
	-2.24
	55.24

	Boreray
	St. Kilda, England
	17
	-8.59
	57.79

	Bündner Oberländer 
	Graubunden, Switzerland
	24
	9.58
	46.85

	Churra
	Province of Zamora, Spain
	120
	-6
	41.75

	Comisana
	Campobasso, Italy
	24
	14.67
	41.55

	Cyprus Fat Tail
	Lemesos, Cyprus
	30
	33.07
	34.69

	Dorset Horn
	New Zealand
	21
	171.95
	-42.86

	Engadine Red Sheep
	St. Moritz, Switzerland
	24
	9.89
	46.45

	Finnsheep
	Kuopio, Finland
	99
	27.68
	62.89

	German Texel
	Germany
	46
	10.48
	51.24

	Gulf Coast Native
	Memphis, USA
	94
	-89.75
	35.09

	Indian Garole
	West Bengal, India
	26
	88.08
	22.9

	Indonesian Thin Tail Garut
	Western Java, Indonesia
	22
	107.35
	-6.39

	Irish Suffolk
	Ireland
	55
	-7.06
	53.64

	Karakas
	Diyarbakir, Turkey
	18
	40.28
	37.94

	Lacaune
	Mont-de-Marsan, Aquitaine, France
	185
	0.19
	44.2

	Leccese
	Pulia, Italy
	24
	17.2
	40.77

	Merinolandschaf
	Germany
	24
	8.9
	50.05

	Moghani
	North-Western Iran
	34
	47.3
	37.53

	Norduz
	Lake Van, Turkey
	20
	43.4
	38.49

	Ojalada
	Soria province, Spain
	24
	-3.52
	42.25

	Old Norwegian spælsau
	Central Norway
	15
	13.61
	65.63

	Qezel
	North-East Turkey
	35
	42.12
	40.32

	Red Maasai
	Kenya
	45
	39.15
	-0.21

	Ronderib Afrikaner
	Western South Africa, SA
	17
	20.21
	-30.22

	Scottish Blackface
	Scotland
	56
	-3.94
	56.47

	Soay
	Soay Island, Scotland
	110
	-6.23
	57.14

	Spael-coloured
	Central Norway
	3
	13.61
	65.63

	Spael-white
	Central Norway
	32
	13.61
	65.63

	St Elizabeth
	Jamaica
	10
	-77.45
	18.21

	Sumatran
	Sumatra, Indonesia
	24
	101.66
	-0.72

	Swiss Black-Brown Mountain Sheep
	Bern, Switzerland
	24
	7.46
	46.95

	Swiss Mirror Sheep
	Central Switzerland
	24
	8.41
	46.74

	Valais Blacknose Sheep
	Valais, Switzerland
	24
	7.58
	46.2



 A total of 105 environmental variables, categorized in 9 groups, have been assigned to each breed (Table 2) using Manifold 8 system http://www.manifold.net/. Environmental variables are provided by Climatic Research Unit, http://www.cru.uea.ac.uk  and the SRTM digital elevation data, produced by NASA http://srtm.csi.cgiar.org. The location of each breed on the map is shown in Figure 1.
Table 2 Environmental variables 
	Name
	Environmental variable

	DTR
	Mean diurnal temperature range in deg C, January to December

	FRS
	Number of days with ground-frost, January to December

	PR
	Precipitations in mm/month,  January to December

	PRCV
	Coefficient of variation of monthly precipitation in percent, January to December

	TMP
	Mean temperature in deg C, January to December

	RDO
	Wet-days - number of days with >0.1mm rain per month - January to December

	REH
	Relative humidity in percent , January to December

	SUN
	Percent of maximum possible sunshine (percent of day length), January to December

	Altitude
	Altitude  
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Figure 1 Geographic location of breeds for the assignment of environmental variables using Manifold system. 
Step 2 Principal Component Analysis (PCA)
PCA analysis was carried out to cluster the breeds according to environmental variables in order to choose groups to be contrasted with the FST approach. Two groups, located at the opposite extremes of the PCA plot, were for the FST selection signature test carried out by Meng-Hua Li in Piacenza, Italy. The first and the second eigenvalues represent about 70% of the total variance in the population (Figure 2), therefore breeds were chosen according to their location on the plot of the first two principal components. PCA map shows the cluster of the breeds based on the environmental variables (Figure 3). PCA shows the mapping of both the environmental variables and breeds (Figure 4).
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Figure 2. PCA eigenvalues and percent of variance explained.
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Figure 3. PCA plot of 37 ovine breeds based on environmental variables.
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Figure 4. PCA bi-plot of 37 breeds and 105 environmental variables 

In contrast to the Fst approach that used extreme breeds, in the SAM analysis all 37 breeds were used for marker-environmental variable associations.
Step 3 Using of the MatSAM software to analysis the genetic and environmental data to identify markers associated with environmental variables.

MatSAM uses the multiple univariate logistic regression to detect the association between allele frequency at marker loci and environmental variables (Joost et al, 2008). MatSAM needs 2 types of data:

1.  Molecular genetic data

MatSAM input file should contain the data in a matrix with columns corresponding to individuals and rows corresponding to genetic marker alleles. The matrix contains data of (0), indicates the absence of the marker allele, and (1) which indicates the presence of the marker allele (Table 3). SNPs were artificially named using alleles and SNPs names in order to compare each possible combination to environmental variables (e.g. GG-s40706.1). Total number of marker alleles in the data set was 147102.

2. Environmental variables

A total of 105 Environmental variables was used in the analysis. These were added in the first 105 columns of the input file of MatSAM (Table 3).
Table 3 Input file of MatSAM software

	Altitude
	DTR_Yearly_Mean
	FRS_Yearly_Mean
	PRCV_Yearly_Mean
	
	TMP-December
	CC_s40706.1
	GG_s61348.1
	GA_s61348.1
	AA_s61348.1
	AA_s61859.1
	GA_s61859.1
	GG_s61859.1
	GG_s64072.1
	GA_s64072.1
	AA_s64072.1

	1216
	11.52
	9.71
	74.03
	…..
	0.26
	0
	1
	0
	0
	1
	0
	0
	1
	0
	0

	1216
	11.52
	9.71
	74.03
	…..
	0.26
	0
	0
	1
	0
	0
	1
	0
	1
	0
	0

	1216
	11.52
	9.71
	74.03
	…..
	0.26
	0
	0
	0
	1
	1
	0
	0
	1
	0
	0

	1216
	11.52
	9.71
	74.03
	…..
	0.26
	0
	0
	1
	0
	0
	1
	0
	1
	0
	0

	1216
	11.52
	9.71
	74.03
	…..
	0.26
	1
	0
	1
	0
	0
	1
	0
	1
	0
	0

	1216
	11.52
	9.71
	74.03
	…..
	0.26
	0
	0
	1
	0
	1
	0
	0
	1
	0
	0

	1216
	11.52
	9.71
	74.03
	…..
	0.26
	1
	0
	1
	0
	1
	0
	0
	1
	0
	0

	1216
	11.52
	9.71
	74.03
	…..
	0.26
	1
	0
	1
	0
	1
	0
	0
	0
	1
	0

	1216
	11.52
	9.71
	74.03
	…..
	0.26
	1
	0
	0
	1
	1
	0
	0
	1
	0
	0


-Description of the main results obtained

Results of MatSAM are grouped in 15 different groups. Log Likelyhood2, Log Likelyhood1, Degrees of freedom, G value, P value for G, Null hypothesis rejected for G (default confidence level = 99%), Wald for Beta 0, Wald for Beta 1, P value for Wald Beta 0, P value for Wald Beta1, Null hypothesis rejected for Wald Beta 0 (default confidence level = 99%) and Null hypothesis rejected for Wald Beta 1 (default confidence level = 99%). In order to account for multiple testing in accepting or rejecting the null hypothesis, Bonferroni correction was used. Bonferroni correction was calculated by dividing the confidence level by the total number of models tested. The P value of the Wald test is compared with Bonferroni correction using the formula, =if(P value< Bonferroni value; 1;0). If the cells display a “1” , the marker is significantly associated to the variable and the null hypothesis is rejected at this confidence level. On the other hand, if the cell diplays “0”, that indicates that the marker is not significant. Table 4 shows a part of the output table.  In the ourput file, we have 15,445,710 models (147102 marker x 105 environmental variables). With this high number of simultaneous association model, it was the first attempt to identify loci potentially under selection using such large number of models. It was a challenge to find a way to sort out these models to identfy the most signficant ones. It was not possible to sort out the models using Wald P-Value due to a limit in the number of decimals of Wald P-Value. Therfore Wald value has been used to sort the significant markers (Table 5). Wald value is the maximum likelihood estimate for a parameter devided by its standerad error. The null hypothesis of the Wald test is that the model containing the tested variable does not explain the observed distribution better than a model with a contsant only. The model is significant if the null hypothesis is rejected (Joost et al, 2007). 
Table 4 Example of the output file of MatSAM software.
	Environmental variables/Marker
	GG_OARX_63233390_X.1
	GG_OARX_63571789.1
	AA_OARX_59578440.1
	AA_OARX_63571789.1
	GG_OAR26_16139285.1
	GG_s27938.1

	Altitude
	0
	1
	1
	1
	1
	1

	DTR_Yearly_Mean
	1
	1
	1
	1
	1
	1

	FRS_Yearly_Mean
	1
	1
	1
	1
	1
	1

	PRCV_Yearly_Mean
	1
	1
	1
	1
	1
	1

	PR_Yearly_Mean
	1
	1
	1
	1
	1
	1

	RDO_Yearly_Mean
	1
	1
	1
	1
	1
	1

	REH_Yearly_Mean
	1
	1
	1
	1
	1
	1

	SUN_Yearly_Mean
	1
	1
	1
	1
	1
	1

	TMP_Yearly_Mean
	1
	1
	1
	1
	1
	1

	PRCV-jan
	1
	1
	1
	1
	1
	1

	PRCV-February
	0
	0
	1
	0
	0
	1

	PRCV-march
	0
	1
	1
	1
	1
	1

	Total number of significant models
	101
	101
	100
	100
	99
	98

	Confidence threshold with Bonferroni correction
	 
	 
	 
	 
	 
	 

	6.47429E-10
	 
	 
	 
	 
	 
	 

	Probability
	0.01
	 
	 
	 
	 
	 

	Number of environmental variables
	105
	 
	 
	 
	 
	 

	Number of molecular markers
	147102
	 
	 
	 
	 
	 

	Total number of models
	15445710
	 
	 
	 
	 
	 


Table 5 Sorting of significant markers by Wald value
	Marker
	Wald value
	P value
	Environmental variable

	GG_OARX_63571789.1
	21.780509
	0.00E+00
	SUN-September

	AA_OARX_63571789.1
	21.414892
	0.00E+00
	SUN-August

	AA_OARX_63571789.1
	21.40739
	0.00E+00
	RDO-August

	AA_OARX_63571789.1
	21.335262
	0.00E+00
	SUN-July

	GG_OARX_63571789.1
	21.281148
	0.00E+00
	SUN-July

	GG_OARX_63571789.1
	21.193486
	0.00E+00
	SUN-August

	GG_OARX_63571789.1
	21.145359
	0.00E+00
	DTR-September

	AA_OARX_63571789.1
	21.077013
	0.00E+00
	SUN-September

	AA_OARX_63571789.1
	20.976158
	0.00E+00
	RDO-July

	GG_OARX_63571789.1
	20.966808
	0.00E+00
	RDO-August

	GG_OARX_63571789.1
	20.954634
	0.00E+00
	SUN_Yearly_Mean

	AA_OARX_63571789.1
	20.913082
	0.00E+00
	DTR-September

	GG_OARX_63571789.1
	20.632986
	0.00E+00
	RDO-July

	GG_OARX_63571789.1
	20.58692
	0.00E+00
	SUN-June


Step 4 Detecting of selection signatures and association between markers and environmental variables

Significant markers with SAM approache were compared with those significant with the FST approach run by Menghua-Li. We used the most significant 10,000 markers (about 15% of the total number of markers) to compare with significant markers in FST method (probability > 0.95). We found 1433 markers significant in both methods (Table 6). Figure 5 shows the most significant markers with both methods. The most significant markers in both FST and SAM methods are located in the top right in figure 5.  
Table 6 Some of the significant markers with both MatSAM and FST approaches  associated with environmental (sorted by Wald value).

	Marker
	Chromosome
	Wald value (MatSAM)
	P(Simul) (FST)
	Environmental variable

	GG_OARX_63571789.1
	27
	21.780509
	0.995558
	SUN-September

	AA_OARX_63571789.1
	27
	21.414892
	0.995558
	SUN-August

	AA_OARX_63571789.1
	27
	21.40739
	0.995558
	RDO-August

	AA_OARX_63571789.1
	27
	21.335262
	0.995558
	SUN-July

	GG_OARX_63571789.1
	27
	21.281148
	0.995558
	SUN-July

	GG_OARX_63571789.1
	27
	21.193486
	0.995558
	SUN-August

	GG_OARX_63571789.1
	27
	21.145359
	0.995558
	DTR-September

	AA_OARX_63571789.1
	27
	21.077013
	0.995558
	SUN-September

	AA_OARX_63571789.1
	27
	20.976158
	0.995558
	RDO-July

	GG_OARX_63571789.1
	27
	20.966808
	0.995558
	RDO-August

	GG_OARX_63571789.1
	27
	20.954634
	0.995558
	SUN_Yearly_Mean

	AA_OARX_63571789.1
	27
	20.913082
	0.995558
	DTR-September

	GG_OARX_63571789.1
	27
	20.632986
	0.995558
	RDO-July

	GG_OARX_63571789.1
	27
	20.58692
	0.995558
	SUN-June

	GG_OARX_63571789.1
	27
	20.531709
	0.995558
	SUN-October

	AA_OARX_63571789.1
	27
	20.494855
	0.995558
	SUN-June

	GG_OARX_63571789.1
	27
	20.299203
	0.995558
	DTR-August

	GG_OARX_63571789.1
	27
	20.106082
	0.995558
	PRCV-October

	GG_OARX_63571789.1
	27
	20.084229
	0.995558
	RDO-September

	AA_OARX_63571789.1
	27
	20.05128
	0.995558
	DTR-August

	AA_s43015.1
	24
	20.047622
	0.994685
	SUN-October

	AA_OARX_59578440.1
	27
	19.937714
	0.999846
	RDO-August

	GG_OARX_63571789.1
	27
	19.913172
	0.995558
	DTR_Yearly_Mean

	GG_OARX_63571789.1
	27
	19.909583
	0.995558
	DTR-October

	AA_OARX_63571789.1
	27
	19.899321
	0.995558
	DTR-July

	AA_s43015.1
	24
	19.750839
	0.994685
	RDO-January

	AA_OARX_59578440.1
	27
	19.632918
	0.999846
	RDO-July

	AA_OARX_63571789.1
	27
	19.626116
	0.995558
	DTR-June

	GG_OARX_63571789.1
	27
	19.622494
	0.995558
	DTR-July
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Figure 5 Distribution of the most significant markers in both FST and SAM methods. Most significant 10,000 markers with MatSAM and markers with probability (P simul) > 0.95 in FST method are represented on this figure. The circle is showing the most significant marker using both tests.
The use of both FST and SAM methods succesfully detected markers under selection associated with environmental variables. A bioinformatic analysis is in progress to identify chromosome segments showing the strongest associations and look for candidate genes in the region. This may help in understanding the mechanism of adaptation of sheep breeds to different environmental conditions. Moreover, knowledge obtained from such studies could be used in conservation and utilization of animal genetic resources and in breeding programs. 
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Future collaboration with host institution (if applicable)
Through this ESF grant, I have created a new network with professors, researchers and students from host institute for future collaboration. We are planning to extend our research work to involve my country of origin (Egypt) to the network that already established between Italy and Switzerland. 
- Projected publications/articles resulting or to result from your grant
During my stay in EPFL, I presented a seminar for the researchers and students of LASIG department explaining the methodologies and the results of our study.  Based on our interesting results, we are planning to submit a poster/paper in a scientific conference related to animal genetics. Meanwhile, we are preparing 1 to 2 manuscripts  to be published in international scientific journals. 

- Other comments (if any)

Before I obtained this ESF grant and work in LASIG department in EPFL, Switzerland, I did not have much information about the landscape genomics and using of the GIScience, environmental data and genetic data in association between genetics and environment. Now I am able to create a data set, analyze it and handling problems related to this data and also extracting and understanding the output files. Moreover, I can work now with Manifold system, Principle component analysis, MATLAB and MatSAM programs which I was not able to work with before my research grant period. For that, I consider ESF grant is a step forward in my career work. I really appreciate ESF for funding me during my research project. I want to thank Dr. Stephane Joost for hosting me during my research work and for helping me in increasing my knowledge and skills during my research project. Without the help and guidance of Dr. Stephane this project would not have been completed. I wish to thank Prof. Paolo Ajmone Marsan, Università Cattolica Del Sacro Cuore, Italy, for his tremendous contribution during this project. I am grateful to Mrs. Sylvie Stucki and Mr. Kevin Leempoel for helping me in data analysis. I want to thank all the members of LASIG department and the head of the department, Prof. Francois Golay for accepting me in their group. 

In my point of view, this kind of grants increases the networking, research cooperation and knowledge exchange between researchers in Europe. It will be even more useful if this kind of grant projects become available for not only Europe but also for the entire world. 
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