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SARANGANI 5.72 DAVAO DEL NORTE 12.38 METRO MANILA (DISTRICT 1) 22.02 METRO MANILA (DISTRICT 2) 13.15 MASBATE 6.93 MAGUINDANAO 1.71 CAMIGUIN 8.06 AGUSAN DEL NORTE 2.01

DAVAO ORIENTAL 5.24 COMPOSTELA VALLEY 10.75 METRO MANILA (DISTRICT 3) 13.40 METRO MANILA (DISTRICT 1) 11.88 ISABELA 6.58 NORTHERN SAMAR 1.70 BASILAN 2.34 MISAMIS ORIENTAL 1.78

LANAO DEL SUR 4.73 CATANDUANES 6.22 METRO MANILA (DISTRICT 2) 13.25 METRO MANILA (DISTRICT 3) 6.52 PANGASINAN 5.10 EASTERN SAMAR 1.66 MISAMIS ORIENTAL 2.19 BOHOL 1.72

CEBU 4.49 GUIMARAS 5.23 METRO MANILA (DISTRICT 4) 9.84 LAGUNA 4.88 CAVITE 4.43 ALBAY 1.65 CAVITE 1.96 MASBATE 1.69

CATANDUANES 3.67 DAVAO DEL SUR 5.17 CAVITE 3.00 METRO MANILA (DISTRICT 4) 4.49 CAGAYAN 3.91 SORSOGON 1.64 SIQUIJOR 1.81 EASTERN SAMAR 1.69

SORSOGON 3.61 AGUSAN DEL SUR 4.73 LAGUNA 2.90 RIZAL 4.40 LAGUNA 3.86 WESTERN SAMAR 1.64 LA UNION 1.71 WESTERN SAMAR 1.68

ALBAY 3.08 SURIGAO DEL SUR 4.44 BATANGAS 1.71 BULACAN 4.05 GUIMARAS 3.63 CATANDUANES 1.63 ZAMBOANGA DEL SUR 1.69 NORTHERN SAMAR 1.63

BASILAN 3.07 DAVAO ORIENTAL 3.69 RIZAL 1.67 BATANGAS 3.82 ALBAY 3.50 LEYTE 1.61 SURIGAO DEL NORTE 1.69 AGUSAN DEL SUR 1.61

SURIGAO DEL SUR 2.40 ALBAY 2.95 BULACAN 1.51 CAVITE 3.70 BATANGAS 3.46 SOUTHERN LEYTE 1.57 MISAMIS OCCIDENTAL 1.68 SURIGAO DEL SUR 1.57

DAVAO DEL NORTE 2.30 AGUSAN DEL NORTE 2.32 PAMPANGA 1.43 PAMPANGA 3.05 SORSOGON 3.06 BOHOL 1.56 LANAO DEL NORTE 1.63 LEYTE 1.48

DAVAO DEL SUR 2.26 SOUTH COTABATO 2.18 BATAAN 1.19 BATAAN 2.79 TARLAC 2.81 BASILAN 1.55 LAGUNA 1.63 SOUTHERN LEYTE 1.48

SOUTHERN LEYTE 2.22 SORSOGON 2.16 NUEVA ECIJA 0.78 MARINDUQUE 2.54 ILOCOS NORTE 2.46 SARANGANI 1.55 BATANGAS 1.59 ZAMBOANGA DEL NORTE 1.47

LEYTE 2.21 SARANGANI 1.67 GUIMARAS 0.76 TARLAC 1.78 CAMARINES SUR 2.38 CAMIGUIN 1.55 CEBU 1.52 ILOCOS SUR 1.47

COMPOSTELA VALLEY 1.78 NORTH COTABATO 1.57 TARLAC 0.67 GUIMARAS 1.23 ILOILO 2.06 SURIGAO DEL SUR 1.52 AGUSAN DEL NORTE 1.40 NEGROS ORIENTAL 1.46

WESTERN SAMAR 1.56 SOUTHERN LEYTE 1.55 ALBAY 0.58 NUEVA ECIJA 1.09 ILOCOS SUR 2.06 SULU 1.50 PANGASINAN 1.40 SIQUIJOR 1.42

SURIGAO DEL NORTE 1.55 BUKIDNON 1.48 PANGASINAN 0.57 ILOILO 1.08 NUEVA ECIJA 2.03 GUIMARAS 1.50 ILOILO 1.38 NEGROS OCCIDENTAL 1.41

MAGUINDANAO 1.52 CAMARINES SUR 1.37 LA UNION 0.46 ALBAY 1.04 PAMPANGA 1.88 CAPIZ 1.48 SURIGAO DEL SUR 1.36 ZAMBOANGA DEL SUR 1.40

BILIRAN 1.49 LEYTE 1.03 SORSOGON 0.46 MASBATE 0.89 LA UNION 1.79 NORTH COTABATO 1.46 ZAMBOANGA DEL NORTE 1.34 CAMIGUIN 1.39

NORTH COTABATO 1.48 SURIGAO DEL NORTE 0.96 CAMARINES SUR 0.41 CEBU 0.85 QUIRINO 1.61 MASBATE 1.46 NEGROS ORIENTAL 1.30 SORSOGON 1.37

EASTERN SAMAR 1.45 LANAO DEL SUR 0.96 QUEZON 0.36 PANGASINAN 0.77 BULACAN 1.52 TAWI-TAWI 1.44 CAPIZ 1.25 CAVITE 1.36

LANAO DEL NORTE 1.44 NORTHERN SAMAR 0.88 ISABELA 0.32 QUEZON 0.74 NUEVA VIZCAYA 1.38 CAMARINES SUR 1.44 GUIMARAS 1.23 CEBU 1.36

SULTAN KUDARAT 1.28 LANAO DEL NORTE 0.83 MASBATE 0.28 BOHOL 0.63 NEGROS OCCIDENTAL 1.16 SIQUIJOR 1.44 LEYTE 1.19 BASILAN 1.34

BOHOL 1.28 WESTERN SAMAR 0.77 ZAMBALES 0.27 ISABELA 0.59 BATAAN 1.16 ZAMBOANGA DEL NORTE 1.43 ILOCOS SUR 1.17 LANAO DEL NORTE 1.32

CAMIGUIN 1.27 EASTERN SAMAR 0.74 ILOCOS NORTE 0.26 LA UNION 0.55 SOUTH COTABATO 1.15 LAKE 1.42 ANTIQUE 1.13 CATANDUANES 1.31

NORTHERN SAMAR 1.25 AKLAN 0.70 BENGUET 0.26 NEGROS OCCIDENTAL 0.49 CAMARINES NORTE 1.15 AGUSAN DEL NORTE 1.39 BOHOL 1.08 TAWI-TAWI 1.28

SOUTH COTABATO 1.23 SULTAN KUDARAT 0.63 ILOCOS SUR 0.25 CAMARINES SUR 0.45 ANTIQUE 1.12 SURIGAO DEL NORTE 1.34 BATAAN 1.07 LA UNION 1.24

CAMARINES SUR 1.20 BILIRAN 0.57 CAMARINES NORTE 0.25 MISAMIS ORIENTAL 0.40 KALINGA 1.10 AGUSAN DEL SUR 1.34 TARLAC 1.07 BUKIDNON 1.24

AKLAN 1.07 MASBATE 0.54 MISAMIS ORIENTAL 0.24 ILOCOS NORTE 0.39 RIZAL 1.07 ILOCOS SUR 1.33 RIZAL 1.05 ILOCOS NORTE 1.23

AGUSAN DEL SUR 1.06 ZAMBOANGA SIBUGAY 0.53 SOUTHERN LEYTE 0.22 CAPIZ 0.34 QUEZON 1.06 ILOILO 1.32 BUKIDNON 1.03 ISABELA 1.22

MISAMIS ORIENTAL 1.05 MAGUINDANAO 0.52 NUEVA VIZCAYA 0.22 SIQUIJOR 0.34 ABRA 1.04 NEGROS ORIENTAL 1.31 PAMPANGA 1.03 ABRA 1.22

BUKIDNON 1.00 BOHOL 0.48 MISAMIS OCCIDENTAL 0.18 ILOCOS SUR 0.33 OCCIDENTAL MINDORO 0.88 LA UNION 1.29 SULU 1.02 BATANGAS 1.21

ZAMBOANGA DEL SUR 0.98 ZAMBOANGA DEL NORTE 0.47 SOUTH COTABATO 0.18 CAGAYAN 0.31 CATANDUANES 0.84 ZAMBOANGA DEL SUR 1.24 NEGROS OCCIDENTAL 1.01 MISAMIS OCCIDENTAL 1.21

CAPIZ 0.97 ILOILO 0.35 CAGAYAN 0.17 NEGROS ORIENTAL 0.31 SARANGANI 0.69 ANTIQUE 1.23 BULACAN 1.00 SURIGAO DEL NORTE 1.18

SIQUIJOR 0.95 CEBU 0.33 DAVAO DEL SUR 0.16 NUEVA VIZCAYA 0.29 IFUGAO 0.65 SULTAN KUDARAT 1.22 SORSOGON 0.99 ALBAY 1.16

PALAWAN 0.92 ZAMBOANGA DEL SUR 0.26 DAVAO DEL NORTE 0.16 SORSOGON 0.29 DAVAO DEL SUR 0.59 SOUTH COTABATO 1.21 ILOCOS NORTE 0.99 ORIENTAL MINDORO 1.15

ILOILO 0.89 TAWI-TAWI 0.25 CATANDUANES 0.16 MISAMIS OCCIDENTAL 0.28 MOUNTAIN PROVINCE 0.58 ZAMBOANGA SIBUGAY 1.21 AKLAN 0.97 LAGUNA 1.10

ZAMBOANGA SIBUGAY 0.89 MISAMIS OCCIDENTAL 0.23 ILOILO 0.15 SOUTH COTABATO 0.26 ORIENTAL MINDORO 0.57 NEGROS OCCIDENTAL 1.12 DAVAO DEL SUR 0.93 PANGASINAN 1.10

AGUSAN DEL NORTE 0.76 CAMARINES NORTE 0.20 ZAMBOANGA DEL SUR 0.14 ZAMBALES 0.24 BENGUET 0.53 LANAO DEL NORTE 1.11 ZAMBOANGA SIBUGAY 0.90 IFUGAO 1.10

ZAMBOANGA DEL NORTE 0.75 MISAMIS ORIENTAL 0.18 LEYTE 0.13 DAVAO DEL NORTE 0.20 ZAMBALES 0.50 DAVAO DEL SUR 1.06 ALBAY 0.90 ROMBLON 1.10

MISAMIS OCCIDENTAL 0.75 PAMPANGA 0.18 LANAO DEL NORTE 0.13 AGUSAN DEL NORTE 0.19 SULTAN KUDARAT 0.31 CAMARINES NORTE 1.06 ISABELA 0.88 TARLAC 1.09

NEGROS ORIENTAL 0.61 NEGROS ORIENTAL 0.17 BUKIDNON 0.12 ZAMBOANGA DEL SUR 0.18 APAYAO 0.29 CEBU 1.01 DAVAO DEL NORTE 0.88 PALAWAN 1.09

CAMARINES NORTE 0.57 CAPIZ 0.15 BILIRAN 0.12 LEYTE 0.17 NEGROS ORIENTAL 0.24 MISAMIS ORIENTAL 1.01 DAVAO ORIENTAL 0.86 PAMPANGA 1.06

ROMBLON 0.57 BATANES 0.14 KALINGA 0.11 LANAO DEL NORTE 0.16 PALAWAN 0.22 PANGASINAN 0.97 CAMARINES NORTE 0.83 CAGAYAN 1.05

BATANES 0.37 LA UNION 0.12 AGUSAN DEL NORTE 0.11 QUIRINO 0.16 AURORA 0.18 BENGUET 0.97 SOUTHERN LEYTE 0.81 BENGUET 1.05

NEGROS OCCIDENTAL 0.36 NEGROS OCCIDENTAL 0.12 QUIRINO 0.11 AKLAN 0.14 ROMBLON 0.14 AKLAN 0.96 QUEZON 0.81 ZAMBALES 1.02

MARINDUQUE 0.32 BATANGAS 0.08 ZAMBOANGA DEL NORTE 0.10 BENGUET 0.12 MAGUINDANAO 0.08 LANAO DEL SUR 0.89 NUEVA ECIJA 0.80 DAVAO DEL NORTE 0.99

QUEZON 0.31 PALAWAN 0.07 CEBU 0.10 CAMARINES NORTE 0.12 NORTH COTABATO 0.08 MARINDUQUE 0.88 COMPOSTELA VALLEY 0.79 CAMARINES SUR 0.97

LAGUNA 0.31 ILOCOS SUR 0.07 NEGROS ORIENTAL 0.10 ORIENTAL MINDORO 0.10 METRO MANILA (DISTRICT 4) 0.05 MISAMIS OCCIDENTAL 0.87 SULTAN KUDARAT 0.78 ZAMBOANGA SIBUGAY 0.97

NUEVA ECIJA 0.31 NUEVA ECIJA 0.07 IFUGAO 0.09 ZAMBOANGA SIBUGAY 0.10 BATANES 0.04 ABRA 0.87 MASBATE 0.78 DAVAO DEL SUR 0.96

ANTIQUE 0.28 PANGASINAN 0.06 CAPIZ 0.09 IFUGAO 0.10 AKLAN 0.03 CAVITE 0.85 TAWI-TAWI 0.76 SOUTH COTABATO 0.94

MASBATE 0.26 CAVITE 0.06 NORTH COTABATO 0.09 ZAMBOANGA DEL NORTE 0.09 METRO MANILA (DISTRICT 3) 0.02 MOUNTAIN PROVINCE 0.83 ABRA 0.74 MOUNTAIN PROVINCE 0.93

LA UNION 0.23 KALINGA 0.05 MARINDUQUE 0.09 DAVAO DEL SUR 0.09 TAWI-TAWI 0.02 LAGUNA 0.82 CAMARINES SUR 0.72 AKLAN 0.91

PANGASINAN 0.22 OCCIDENTAL MINDORO 0.04 ZAMBOANGA SIBUGAY 0.08 ANTIQUE 0.09 DAVAO ORIENTAL 0.01 PAMPANGA 0.82 MARINDUQUE 0.72 NUEVA VIZCAYA 0.91

ILOCOS SUR 0.17 QUEZON 0.04 SURIGAO DEL SUR 0.08 CATANDUANES 0.08 CAPIZ 0.00 BILIRAN 0.82 NORTHERN SAMAR 0.68 SULU 0.90

OCCIDENTAL MINDORO 0.17 BULACAN 0.04 ABRA 0.08 ABRA 0.08 BATANGAS 0.81 ZAMBALES 0.67 RIZAL 0.89

ILOCOS NORTE 0.16 BATAAN 0.04 NORTHERN SAMAR 0.07 MOUNTAIN PROVINCE 0.07 RIZAL 0.81 AGUSAN DEL SUR 0.65 BATAAN 0.84

AURORA 0.14 LAGUNA 0.03 MOUNTAIN PROVINCE 0.07 BUKIDNON 0.05 BATANES 0.80 CAGAYAN 0.64 COMPOSTELA VALLEY 0.84

TARLAC 0.14 TARLAC 0.03 BASILAN 0.07 KALINGA 0.05 DAVAO ORIENTAL 0.77 SOUTH COTABATO 0.63 KALINGA 0.83

MOUNTAIN PROVINCE 0.13 ANTIQUE 0.02 AKLAN 0.07 OCCIDENTAL MINDORO 0.04 BATAAN 0.74 NUEVA VIZCAYA 0.62 CAMARINES NORTE 0.82

PAMPANGA 0.12 RIZAL 0.02 BATANES 0.07 BILIRAN 0.03 DAVAO DEL NORTE 0.70 BILIRAN 0.60 BILIRAN 0.75

BATANGAS 0.12 AURORA 0.02 COMPOSTELA VALLEY 0.07 NORTH COTABATO 0.03 NUEVA VIZCAYA 0.70 MAGUINDANAO 0.59 CAPIZ 0.73

BULACAN 0.11 NUEVA VIZCAYA 0.02 SULTAN KUDARAT 0.07 ROMBLON 0.03 ZAMBALES 0.69 EASTERN SAMAR 0.57 ANTIQUE 0.71

ORIENTAL MINDORO 0.11 MOUNTAIN PROVINCE 0.02 SURIGAO DEL NORTE 0.07 COMPOSTELA VALLEY 0.03 IFUGAO 0.69 WESTERN SAMAR 0.57 DAVAO ORIENTAL 0.68

ZAMBALES 0.10 ILOCOS NORTE 0.01 ORIENTAL MINDORO 0.07 NORTHERN SAMAR 0.03 NUEVA ECIJA 0.69 SARANGANI 0.57 NUEVA ECIJA 0.67

BATAAN 0.10 ORIENTAL MINDORO 0.01 SIQUIJOR 0.06 SULTAN KUDARAT 0.03 BUKIDNON 0.67 ORIENTAL MINDORO 0.56 BULACAN 0.64

ISABELA 0.10 ISABELA 0.01 ROMBLON 0.06 BASILAN 0.03 ILOCOS NORTE 0.66 LANAO DEL SUR 0.55 NORTH COTABATO 0.63

CAGAYAN 0.09 MARINDUQUE 0.01 LANAO DEL SUR 0.05 SURIGAO DEL NORTE 0.03 QUEZON 0.65 CATANDUANES 0.55 APAYAO 0.62

RIZAL 0.08 ABRA 0.01 AURORA 0.05 SURIGAO DEL SUR 0.02 COMPOSTELA VALLEY 0.59 NORTH COTABATO 0.55 QUEZON 0.60

QUIRINO 0.08 BASILAN 0.01 NEGROS OCCIDENTAL 0.05 SOUTHERN LEYTE 0.02 BULACAN 0.58 QUIRINO 0.53 SARANGANI 0.58

NUEVA VIZCAYA 0.07 CAGAYAN 0.01 BOHOL 0.04 SARANGANI 0.02 KALINGA 0.57 ROMBLON 0.51 QUIRINO 0.54

KALINGA 0.07 BENGUET 0.01 DAVAO ORIENTAL 0.04 AURORA 0.01 TARLAC 0.56 KALINGA 0.51 SULTAN KUDARAT 0.49

APAYAO 0.07 SIQUIJOR 0.00 WESTERN SAMAR 0.04 LANAO DEL SUR 0.01 ORIENTAL MINDORO 0.43 IFUGAO 0.49 LANAO DEL SUR 0.46

IFUGAO 0.07 QUIRINO 0.00 MAGUINDANAO 0.04 DAVAO ORIENTAL 0.01 ISABELA 0.41 BENGUET 0.49 BATANES 0.42

ABRA 0.06 CAMIGUIN 0.00 ANTIQUE 0.04 APAYAO 0.01 CAGAYAN 0.39 PALAWAN 0.48 MAGUINDANAO 0.41

CAVITE 0.06 ZAMBALES 0.00 SARANGANI 0.04 MAGUINDANAO 0.01 AURORA 0.38 MOUNTAIN PROVINCE 0.41 ILOILO 0.37

BENGUET 0.05 APAYAO 0.00 CAMIGUIN 0.04 WESTERN SAMAR 0.01 APAYAO 0.33 METRO MANILA (DISTRICT 4) 0.37 MARINDUQUE 0.30

METRO MANILA (DISTRICT 4) 0.02 IFUGAO 0.00 AGUSAN DEL SUR 0.04 EASTERN SAMAR 0.01 OCCIDENTAL MINDORO 0.31 OCCIDENTAL MINDORO 0.36 GUIMARAS 0.28

METRO MANILA (DISTRICT 3) 0.01 ROMBLON 0.00 EASTERN SAMAR 0.04 CAMIGUIN 0.01 QUIRINO 0.21 AURORA 0.30 METRO MANILA (DISTRICT 4) 0.20

METRO MANILA (DISTRICT 4) 0.00 OCCIDENTAL MINDORO 0.04 AGUSAN DEL SUR 0.01 ROMBLON 0.12 BATANES 0.30 OCCIDENTAL MINDORO 0.18

METRO MANILA (DISTRICT 3) 0.00 SULU 0.03 TAWI-TAWI 0.01 METRO MANILA (DISTRICT 4) 0.08 APAYAO 0.26 CORAL REEF 0.17

METRO MANILA (DISTRICT 1) 0.00 APAYAO 0.03 SULU 0.00 METRO MANILA (DISTRICT 3) 0.05 METRO MANILA (DISTRICT 3) 0.08 AURORA 0.16

TAWI-TAWI 0.03 PALAWAN 0.00 PALAWAN 0.01 METRO MANILA (DISTRICT 3) 0.04

PALAWAN 0.02 BATANES 0.00 METRO MANILA (DISTRICT 1) 0.00 METRO MANILA (DISTRICT 1) 0.00
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SUMMARY AND CONCLUSIONS

The long term development goal of the Environmental Animal Health Management Initiative (EAHMI) is to promote sustainable agriculture and rural development, through environmental animal health management for enhanced smallholder livestock production in the Philippines. Three sets of objectives and corresponding activities have been identified to achieve this goal: strengthen institutional capacity; formulate strategies for enhanced smallholder production, and integrate the principles of environmental animal health management into national policy and planning objectives.

Strengthening capacity for environmental animal health management involves a variety of inter-related activities, including: the establishment of an animal disease and livestock oriented Geographical Information System (GIS); acquisition and processing of standard, remotely-sensed, environmental parameters; spatial analysis; and the generation of various novel outputs to provide more detailed assessments of animal and disease distributions than currently available.
This report follows on from recommendations of two previous reports and documents the third in a series of steps necessary to implement the required analyses.
At first sight, three features of the available information might be considered prejudicial to successful mathematical modelling: the comparative homogeneity of the Philippine environment, in terms of climate, temperature and vegetation; the pervasive influence of human impacts that tend to reduce land cover variability; and the fact that three of the four diseases to be modelled (FMD, fascioliasis and haemorrhagic septicaemia) have never before been subject to this form of analysis.

Despite this unpromising prospect, effective and statistically significant, mathematical models have been produced for all four livestock species, and for two variants of each target disease, at least one of which is a standardised density related parameter. 

Substantial potential, however, remains for further exploration and development of modelling techniques and GIS applications. Dissemination and feedback are essential to validate the models and demonstrate their applicability. Opportunities for further training and replication in other countries in the region are also highlighted.
All the data used in the analyses and all the model distributions produced are catalogued and provided in digital GIS format with this report, together with displays of the results in both ArcGIS document and PowerPoint presentation files.

Cover illustration is a collage of study outputs presented at training seminars on disease distribution modelling at the University of the Philippines Los Baños in October 2007.
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1. Introduction and Overview

The long term development goal of the Environmental Animal Health Management Initiative (EAHMI) is to promote sustainable agriculture and rural development, through environmental animal health management for enhanced smallholder livestock production in the Philippines. Three sets of objectives and corresponding activities have been identified to achieve this goal: strengthen institutional capacity; formulate strategies for enhanced smallholder production, and integrate the principles of environmental animal health management into national policy and planning objectives.

Strengthening capacity for environmental animal health management involves a variety of inter-related activities, including: assessing training needs; arranging appropriate training courses; compiling and reviewing available information; identifying gaps and alternative sources; networking and commissioning complimentary studies; and developing a geographical information system (GIS) for the livestock sector.
Establishing a livestock GIS is a prerequisite for creating a credible suite of spatial analyses envisaged by EAHMI, which depends on access to more detailed assessments of livestock and disease distributions than the provincial level data currently available. The achievement of this objective entails multivariate analysis, mathematical modelling and the generation of predictive maps of enhanced animal and disease distributions. 
This report documents the third in a series of actions identified as necessary to implement the analyses required, and follows on from recommendations of two previous consultancies. The first reviewed remote sensing options and image processing requirements for spatial analysis and set out recommendations for data provision and animal disease risk modelling in the Philippines. The second described the production of a set of environmental datasets derived from MODerate-resolution Imaging Spectroradiometer (MODIS) imagery from the NASA Terra satellite. Whilst the focus of this study is on the Philippines, the extraction and production of the data required was conducted in collaboration with an ongoing project that is acquiring and compiling a global dataset of MODIS imagery. The Philippine study has benefited substantially for this collaboration and the database generated is substantially more reliable and robust than would otherwise have been the case.
The second Consultancy also identified additional data needed and processing steps required to support the recommended distribution modelling approaches, which have two major functions: to fill gaps in known data - thereby providing complete coverage of the target area; and to enhance the level detail of existing information, usually by deriving medium resolution (1-5 kilometre) maps from coarser (e.g. provincial, or municipal) distributions.  This was broadly similar for all the methods used to model distributions, and essentially involved first gathering and standardizing the known information about the target variables (the Training Data, Section 2); and then establishing statistical relationships between these known target animal, or disease population (training data sets of either presence/absence, or incidence/density) and a range of predictor variables, including the imagery for a series of sample locations. These relationships were then applied to all locations (pixels) to generate predicted distributions for the entire study area.
Substantial preparatory work was required before the modelling process could begin including: data cleaning and manipulation, where required; suitability masking for diseases and animals (Section 3); and predictor archive construction with standardised raster output (Section 4.1). As much of this work as possible has been carried out in the Philippines to ensure maximum use of local knowledge and expert opinion and minimise cost. 
Details of the various stages of the analysis and modelling process are given in the following sections, together with descriptions of final outputs. All relevant data have been provided to EAHMI in digital form and are catalogued in the Appendix to this report . “Modelling Slide” illustrations are taken from presentations to staff of the Bureau of Animal Industry in Quezon City and participants of a remote sensing and Geographical Information System training course at the University of the Philippines in Los Baños. Additional presentations are included in Part II of this report to maintain their integrity for ease of reference and wider dissemination.

1.1. Selection of Diseases and Livestock Species to be mapped

The Philippines has a wealth of information about animal and disease distributions, which has been acquired and collated by BAI/EAHMI, and provided to the consultant for evaluation, processing and analysis, details of which have been set out in previous reports. 

With so much information available, the first question to arise was which livestock species and animal diseases to select for modelling. This was determined by four criteria: prioritisation by EAHMI; reliability and consistency of the data; the resources available to implement the models; and the timely supply of cleaned and verified data for modelling, so that further processing and analyses could be completed within project defined deadlines. 

The additional processing needed for layers supplied was fairly wide ranging: the data layers were mostly supplied in vector format, which needed to be combined, indexed and rasterised, prior to modelling; agricultural and disease layers required suitability correction, to be modelled effectively, especially the livestock population data and cultivation layers; and various feature layers, such as roads, built-up areas, rivers and lakes, required “distance to” conversion prior to inclusion within the continuous value predictor suite.

Four livestock species were selected for distribution modelling – carabao, cattle, horses and pigs, and four animal diseases: Fascioliasis, Foot and Mouth Disease (FMD), Haemorrhagic Septicaemia and Surra.  FMD and Surra data were more precisely geo-referenced to Barangay level than data for Fascioliasis and Haemorrhagic Septicaemia, which were located by municipality and province, respectively. The provincial distributions of the animals and the four diseases are shown in Modelling Slide 2, with animals shown as number per square kilometre and diseases as total occurrences per 1,000 square kilometres.
This is the first time such analyses have been attempted in the Philippines, - indeed no evidence could be found for any previous similar work wherein these diseases have been modelled using environmental predictors especially within the humid tropics; for an environment that has been so radically affected by human activities; and for such a variety of disease types rather than the more usual targets – namely disease vectors. 

This work has thus been an exploration of the feasibility of adapting the conventional approaches for use with these diseases in this context. As a result the number of disease parameters evaluated, the range of modelling techniques used, as well as the format and number of models produced, has been substantially greater that would normally be the case for standard modelling exercises of established parameter types in more conventional habitats. 

Details of the various stages of the analysis and modelling process are given in the following sections, together with descriptions of final outputs. All relevant data have been provided to EAHMI in digital form and are catalogued in this report. “Modelling Slide” illustrations are taken from presentations to staff of the Bureau of Animal Industry in Quezon City and participants of a remote sensing and Geographical Information System training course at the University of the Philippines in Los Baños. Additional presentations are included in Part II of this report to maintain their integrity for ease of reference and wider dissemination.
2. Training Data

The first step of the modelling process is to select and prepare training data for the target variables – in the present context this means livestock densities and disease occurrence. As well as defining the primary outputs for the entire exercise, this choice will largely determine the variables identified as potential predictors. If there are a number of possible targets, then those with the most consistent and high resolution observations are likely to provide the best outputs. If possible, some index of occurrence should be used that controls for as many factors as possible (e.g. land area for polygon based data, and susceptible animal numbers), though if this is difficult there is always the fall back of simple presence and absence, which allows cumulative data of varying units to be converted into a single variable. 

Both disease and livestock data are available at several resolutions in the Philippine datasets – Provincial, Municipal and Barangay though not necessarily with complete national coverage for each variable. Livestock populations for 2006, for example, are available nationally at Provincial level from the Bureau of Agricultural Statistics (BAS), and partially at Municipal level from the Department of Agriculture Regional Field Units (RFU) as illustrated in Modelling Slide 3. Provincial figures are also available nationally from the 2002 Agricultural Census. The most recent livestock recent data are thus at two resolutions, which require combining into a single vector layer for each species, as shown in Modelling Slide 4. 

The animal disease data are substantially more complex, both in the variety of resolutions, but also in the range of data type available as summarised in Table 1. 

Table 1: Disease Training Data Types

	Disease
	Data Values
	Resolution
	Derived Variables for Modelling

	Hem Sep
	Cases
	Provincial
	Cases per Bovine

Cases per km2

	Fascioliasis
	Positive Cases
	Municipal
	% Positive

Positive per km2

	FMD
	Cases
	Point Locations
	Cumulative per Admin Unit

Cumulative cases per sq.km

	Surra
	Card Agglutination Test +ve. 

Direct Microscope Examination
	Barangay, Municipality
	% CATT Positives

Positive per km2


There are several possibilities for the final format of these disease training data, which depend on the degree to which combinations and amalgamations of the various scales of data are successful. At the least, values can be converted to presence and absence, which can then be modelled using logistic regression based techniques (see Section 4). It would be preferable, however, to have some continuous variable as these units are likely to provide a better basis for risk modelling, and can be used with multivariate stepwise regression to model incidence rather than merely probability of presence. 

The original training data for FMD and HS have been provided as the cumulative number of cases per administrative area. Whilst cumulative case numbers help to define the potential maximum range of a disease, these figures are affected by the size of the administrative unit, and when disaggregated by the modelling process are difficult to interpret in any quantitative manner, and are thus, at best, an index of disease presence, It is advisable therefore to correct for this by deriving density (cases/km2) or some index of incidence (e.g. cases per susceptible animal). Such indices can also be calculated for the other two diseases (as positives per unit area), thereby introducing some further element of consistency and comparability. As a result, where possible, cases data has been converted to an incidence, or density, index for modelling in addition to the raw units provided by BAI/EAHMI, as indicated in Table 1. 

The effects of changing units or resolution on the apparent distribution of a particular disease is illustrated for surra in Modelling Slide 7, especially when, as is the case for these data, no data is missing or unknown rather than zero. The graphic illustrates contrasts the same data for % positive CATT shown at Barangay and Municipality levels – with the former seeming much less’ widespread than the coarser data. The density index also shows a very different relative distribution to the % positives. Differences of this sort may well affect both the degree to which target variables are amenable to modelling, and the interpretation of the ‘severity’ of a disease problem. In addition, care needs be taken when interpreting measures of sero-prevalence as indicated by the CATT data for surra, which reflects recent disease history, as distinct from other measures more closely related to actual disease occurrence.

3. Suitability Mapping and Correction

Suitability masking – using land identified as unsuitable for disease, vector and host animal to delineate areas where a disease or animal can be defined as absent – is a critical component of distribution modelling. Though there is likely to be considerable overlap, different diseases and animals will have different suitability masks, which should be defined separately. 

It is important that the threshold values set for each component variable to define unsuitable land are conservative – to minimise the areas wrongly identified as unsuitable. Once defined, the unsuitability layers can be used in three ways: a) to mask the model outputs with known zeros, and help identify false positive predictions; b) to correct input training data that is in the form of densities per unit area within a series of polygons to be densities per square kilometre of suitable land; and c) to help select target variables that are less amenable to risk modelling because suitability masks cannot be satisfactorily defined for them.

Suitability thresholds for the four selected diseases, and indeed the livestock species, should not be set independently of each other and should be defined for the whole country rather than for specific parts of the Philippines alone. Similarly the mask produced should be for year round occupancy, rather than seasonal minima or maxima, as the distribution modelling, at least in the first instance, addresses annual data rather than intra-annual variation. 

As a result, a series of meetings were held in the Philippines, at which discussions between all interested parties, including IT specialists, epidemiologists and veterinarians took place, so that the many overlaps between the environmental constraints to diseases and animal species could be rationalized effectively

The choice of criteria by which to define suitability depended not only on the target variables, but also on the parameters available within the EAHMI archive. Examples of the sort of agro-climatic parameters used by FAO for its global suitability product were given in the Step One report of this series, and a number of others, including wetlands, distance to built-up areas, water or roads or markets, were discussed within EAHMI as being potentially useful.  The final criteria selected and thresholds identified were taken from the land cover layer held in the EAHMI archive, as well as slope and elevation, human population, and protected area status, as defined in the data catalogues supplied in the Step Two report. These are illustrated in Modelling Slide 8, with the thresholds and specific details set out in Modelling Slide 9 and Modelling Slide 10.  The resulting suitability masks for modelled diseases and livestock types are shown in Modelling Slide 11 and Modelling Slide 12, respectively. 

It was also decided to produce suitability masks for both intensive and backyard livestock systems, as they may well differ substantially. It is, for example, likely that intensively reared animals are less likely to be found in areas with low human population density, far from markets and built-up areas, than are back yard animals. It is also possible that there is a degree of similarity between the suitability thresholds for all intensively reared livestock species, as the influence of anthropogenic factors is likely to outweigh environmental characteristics. These additional masks have not yet been used, as resources were not available to model these animal categories. 

A special case was also defined for surra because its Tabanid vector was reputed to be rarely found above an altitude of 300-400m. When this threshold was overlain on the Barangay level disease distributions provided, there were some potential overlaps suggesting that a higher elevation would be a more appropriate cut off point. This was tentatively set at 700m (shown in Modelling Slide 12), so that all areas with reported disease were included as ‘suitable’.
3.1. Suitability correction

The consensus suitability masks produced for each livestock species and animal disease provide the basis for corrected the raw training data to values per area of suitable land within each training data polygon (Province, Municipality and Barangay). These in turn allow for the proportion of suitable land within each polygon to be calculated, which is applied to the raw training data to provide corrected densities or numbers per square kilometre, as illustrated in Modelling Slide 13. 

The original and derived variables are set out in Table 2, below. Though some types of raw training data are not corrected for area– notably percentage of positives, and numbers of cases per animal or administrative unit – all are masked with the binary suitability overlays to set unsuitable areas to zero values. The resulting maps are shown in Modelling Slide 14 to Modelling Slide 18
Table 2: Suitability Corrected Variables

	
	Original Variable
	Resolution
	Suitability Corrected Variable

	All Diseases
	Density/km
	Admin Unit
	Density /suitable km2

	FMD
	Cases
	Admin Centroid
	NA, masked

	
	Cumulative Cases 
	Admin Unit
	Cumulative Cases /suitable km2 

	Fascioliasis
	Cumulative Positives 
	Admin Unit
	Cumulative Cases /suitable km2 

	
	% Positive CATT Cases
	Admin Unit
	N/A

	Surra
	Cumulative Positive CATT Cases
	Admin Unit
	Positive Cases /suitable km2

	
	% Positive CATT Cases
	Admin Unit
	NA

	H Sep
	Cumulative Cases
	Admin Unit
	Cumulative Cases /suitable km2

	
	Cumulative cases per Bovine
	Admin Unit
	NA


This suitability correction procedure could also have been applied to cultivation and cropping, given an appropriate mask, but would have been very difficult to produce, given the very wide range of possible crop types. Permanent and temporary cropping percentages extracted from the 2002 Agricultural Census data were used instead, and the area within each province calculated. These were then divided by the area within each province defined as annual or perennial crops within the Land Cover map for 2003 in the EAHMI data archive. This gave rise to quite high values – well over 100% in some cases – where the area cultivated was well above the area defined as cropped by the land cover map. This may represent multiple cropping of some sort, and the value produced is, thus, best interpreted as a Cropping Index rather than an absolute value. The process is illustrated in Modelling Slide 19.
4. Distribution Models

The underlying processes of distribution modelling have been covered extensively in previous reports of this series, and so are only very briefly summarised in this document. Statistical relationships are identified between values of suitability corrected training dataset and a series of predictors, both extracted from a large number of sample point locations. These relationships are then applied to all pixels of the rasterised predictor variable images to provide distribution models – or maps of predicted distributions. 

4.1. Predictor Archive

Following the compilation of the appropriate training data and its suitability correction, the next important step in the modelling process was to compile a standardised predictor archive in raster image format from which values could be extracted for each analysis location. It was also important to establish the precise sample points to be used for disease and predictor value extraction. Sample locations can be defined in various ways: a) the disease monitoring sample points; b) a regularly spaced lattice of points extending over the area for which disease data are available; or c) the centre points of regions or polygons (such as administrative areas) for which disease data are available. However, providing the sample point frequency is comparatively high, it is usually preferable to extract point data from polygons, as otherwise the predictor raster data must be averaged for each polygon, which may result in substantial loss of predictive power. Only if there are multiple sample points per polygon will the statistical modelling process be able to take into account any variation in resolution between different predictors. Accordingly, the sample point lattice used for the Philippines consisted of points spaced at 5km across the extent of the standard image EAHMI archive coordinates, of which approximately 11,000 were located on land. With each sample point representing one square kilometre in a 5x5 kilometre grid, the sample intensity was four percent.
The final form of the extracted archive is a ‘flat file’ consisting of: ‘point id, point x, point y, disease status1, disease status 2, predictor 1, predictor 2, predictor 3, … predictor x’, which means that the input data may be either point attribute values for the sample locations, polygon values extracted using a spatial join tool (assign data by location), or values extracted for each point from raster imagery. The image archive should ideally be a standard resolution and projection to simplify the extraction procedure, or at the very least collected into groups with a common resolution and projection. The image archive can be derived from other raster images, or, in the case of polygon data, converted from polygon vector to raster imagery.

The potential predictors currently available in the EAHMI archive are detailed in Step One and Step Two reports.  Of these, about 100 have been selected as predictors. The majority are Fourier processed variables, derived from MODIS imagery for 2001/05, for Day and Night-time Land Surface Temperature, Middle Infra Red, Normalised Difference Vegetation Index, Enhanced Vegetation Index, and Potential Evapotranspiration (see Modelling Slide 22). 
The image set for each parameter includes the mean, two seasonality descriptors (Phase and Amplitude) for the first three Fourier components, as well as minima, maxima, range, and three estimates of variability. The Fourier process is also described in some detail in the earlier reports, and is illustrated in Modelling Slide 23, with examples shown in Modelling Slide 24. Further details technical details are provided in Appendix, Table 4 and Table 5
Additional variables taken directly or derived from the EAHMI archive have also been used as predictors, including: corrected permanent and temporary cultivation percentage described above; human population; elevation; slope; and proximity to roads, rivers and built up areas, details of which are provided in the Appendix, Table 3. Livestock are also included, where found to be appropriate, as discussed further in Appendix Section 7.4.

Two additional continuous variables have also been processed, using the standard distribution modelling techniques: Poverty incidence per 1,000 people, derived from data supplied by EAHMI (see Modelling Slide 25); and two measures of Length of Growing Period, one derived from a categorical Agro-Ecological Zone layer, and the other from a 20 kilometre resolution raster image estimate extracted from a global dataset provided by FAO and the International Institute for Applied Systems Analysis in Vienna. These are illustrated in Modelling Slide 26 and Modelling Slide 27.

4.2. Analysis Zones

Distribution modelling exercises conventionally not only produce models for an entire study area, but also for sub-regions, or zones, within it, on the assumption that relationships between training data and predictors variables are not consistent across the whole area, but may vary both qualitatively and quantitatively in different sectors. Dividing the analyses into zones provides the option to use completely different models in different areas, which are likely to be more locally appropriate.  

The usual zonations are based on ecozone, length of growing period or similar, usually defined to stratify environmental variability. The modelled agro-ecological zone (AEZ) layer described above was, thus, aggregated into its three original categories to provide some ecological zonation. A second environmental zoning layer was also generated from data interpolated from an Length of Growing Period (LGP) contour layer derived from FAO data by the Bureau of Soil and Water Management. These two layers purport to reflect the same data, but are in fact very different. In the absence of reliable ground truthing to choose between them, both zonations were used in all modelling analyses. See Modelling Slide 27.
Given this uncertainty over the ecological zonation, and because the Philippine archipelago is comparatively homogenous (compared to a continent with deserts and rain-forests), it may be that ecological zonation is not, in this case the most appropriate, and as a result, the separate island groups were also defined as distinct analysis zones (see Modelling Slide 29). 

4.3. Model Identification

The primary modelling process relies on multivariate analysis using stepwise multiple regression of continuous variables (density, percent etc). In exploratory studies, where there is initially no certainty that the techniques will prove effective, it is prudent to investigate alternative avenues as a backup. Accordingly, all disease inputs were also converted to presence and absence, and subjected to multivariate logistic regression, using subsets of the majority binary value data to ensure equal numbers of positive and negative values. 

Relationships between target and predictor variable may not be linear, and it is, therefore, advisable to test non linear relationships. This is readily achieved by numerically transforming the variable values prior to statistical analysis. Models were thus assessed with dependent and independent variables in both raw and natural logarithmic transformation – resulting in four possible combinations: raw, log dependent, log independent and log log transformation. 

4.4. Model selection and Evaluation

For each target variable, therefore, models were constructed for four transformations, each with sub models for three zonations with a total of 11 categories. This combination means that more than 40 models were produced for each of the livestock species, and because two regression techniques were used with the disease parameters of which there were several for each disease, over ninety for each of the four diseases. 

All models were initially evaluated by the simple R squared value – and discarded if the formal significance level (p) was less than 0.00001. Of the surviving models (which were the great majority), the zonation with the highest R2 was selected, within which the model for the transformation with the highest R2 for each sub-zone chosen. The final models were thus an overlain combination of sub-zonal models of varying transformations, with the most statistically significant overlain last. They were implemented by predictor image manipulations using custom written Visual Basic software, designed specifically to calculate zonal linear equations of raster image inputs.

4.5. Livestock Species Models

The final livestock distribution models are shown alongside their corresponding input training data in Modelling Slide 31 to Modelling Slide 34. All have been ‘totals corrected’ to conform to the standard FAO livestock map format, as provided by the Global Livestock of The World datasets
. This process modifies the original distribution models, so that the mean modelled densities for each input polygon (and so the total population calculated from them) match the input training data values. 
Table 3: Top 10 Predictors for Models of Livestock Densities 

	CATTLE
	Max

=10
	CARABAO
	Max

=9
	PIGS
	Max

=9
	HORSES
	Max

=8

	All Cult
	7
	All Cult
	7
	All Cult
	7
	Dist Provincial Roads
	6

	Temp Cult
	7
	Temp Cult
	7
	Temp Cult
	7
	LST Day Phase 1
	6

	Human Pop
	7
	Human Pop
	5
	Slope
	5
	Temp Cult
	6

	LST Day Amp2
	7
	LST Night Max
	4
	AEZ LGP
	4
	All Cult
	6

	LST Day Phase 1
	7
	EVI Tot Variance
	4
	Poverty Incidence
	4
	Dist National Roads
	4

	Poverty Incidence
	7
	Altitude
	4
	Dist National Roads
	4
	Altitude
	4

	Dist  National Roads
	7
	Poverty Incidence
	4
	Permanent Cult
	3
	Human Pop
	3

	FAO LGP
	7
	Dist Provincial Roads
	4
	LST Night Mean
	3
	LST Day Phase 2
	3

	Altitude
	7
	Dist  BuiltUp Areas
	3
	Human Pop
	3
	AEZ LGP
	3

	Dist Provincial Roads
	7
	LST Night Mean
	3
	LST Day Phase 1
	2
	Dist to Major Rivers
	2


Numbers refer to number of times predictors appear in first ten of zonal models. Number of zones used (i.e. max number of occurrences) shown at top of column. Abbreviations given in Data Catalogue Section
The model distributions fit the input training data well, both for abundant species (pigs, cattle, carabao) and less numerous horses. There is also substantial enhancement of detail in most polygons for all species. At national level, anthropogenic parameters are well represented in the first ten predictors, most notably poverty incidence, cropping level, and to a lesser extent distance to roads. The environmental variables most frequently represented relate to seasonality and timing of land surface temperature (Table 3). 

4.6. Disease Models

The final disease distribution models are shown alongside their corresponding input training data in Modelling Slide 35 to Modelling Slide 43. For each disease, two set of models are provided – one of which is of a density related value in contrast to the percent positive or cumulative case variables required by the Terms of Reference. For surra, an additional model incorporating Barangay level training data is also supplied for comparison with the models derived from the coarser Municipality data. The distribution models produced are best taken as risk rather than distribution maps, largely because there are either substantial areas where no disease data are available, or the available data are fairly coarse, and are thus substantially modified by the modelling process. 
With one exception, - haemorrhagic septicaemia per bovine – the multiple linear regressions performed well enough to provide models of the continuous variables, though in some, the quality of the relationships varied substantially within the different zonations and, so, the most significant had to be taken from each zonations to create a complete national coverage.  

FMD and Fascioliasis models produced the best fitting relationships – with R2 values of 0.75 - 0.9 and 0.55 - 0.75 respectively. As a result, the match between training and observed data for both diseases is very good, even for the isolated cases of FMD in northern Luzon. The distributions predicted for the locations for which no data were available are distinctly different for each disease – FMD risk is predicted to be largely confined to the areas where it has been recorded in the past, with a few medium to low risk patches further south. Fascioliasis risk is predicted to present in many areas for which data were not available, especially when expressed as percentage positive cases. 
Surra and HS/km models were often not quite such a good statistical fit to the training data provided, with the R2 values ranging from 0.4 to 0.7 depending on zone, though this in a context where the threshold level for significance is markedly less than 0.1, so even these models are statistically significant to p< 0.00000001 or better. Experience has shown that reduced fits reflect either a poor choice of predictors, or alternatively that the training data has not caught some major feature of the actual distributions within the modeled areas.
All surra models predict the centre of distribution to be Mindanao, with some risk in southern Luzon and Visaya region. Both northern Luzon and Palawan are predicted to be largely free of Surra risk (but see following section). A similar pattern is evident from the model incorporating Barangay data - even though there are far fewer locations with known data values, and thus a much greater degree of ‘interpolation’ involved in the modelling process. 
The HS density model fits the training distribution best in Luzon and Mindanao, where the range of data values is greatest and as a result the high density areas in north-west and central west Luzon, and in northern Mindanao are particularly well described. 
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Table 4: Ranked Indices of Provincial Disease Occurrence

Whilst relationships assessed and models of presence and absence were evaluated for all diseases, they were only implemented in those instances where models of continuous variables were not considered to meet acceptable standards in all parts of the Philippines. This was only the case for HS/per bovine – as shown in Modelling Slide 43, which shows the probability of presence modelled using logistic regression of the cases per bovine values converted to binary presence and absence. This measure need not reflect incidence or prevalence, but rather the likelihood of presence at some unspecified level. Differences in the relative distributions of training data and model output are, therefore, not surprising.

The model outputs are summarised in Table 4 which ranks an index of predicted disease occurrence for each Province. This index is calculated as the proportion of the mean predicted provincial value – and can be interpreted as relatively high risk being above 2 (i.e. double the mean value) and relatively low risk being below 0.5, or less than half the mean value. These values are therefore relative rather than absolute. Values have been calculated for models of density corrected parameters (cases/sq. km.) as well as the cumulative and %positive values supplied as training data.

4.7. The Disease Model Predictors

Regressions are often used to identify which predictor variables are most closely associated with a dependent target variable. If the modelled parameter is not a quantitative epidemiological indicator (such as cases per administrative unit of widely variable surface area) it may be actively misleading to infer causality from statistical association because the major correlation with high case numbers is likely to be polygon size. 

In addition, multivariate models of the sort used here may not be a reliable way of prioritising single predictors, because so many of the predictors are themselves correlated, and thus the order of appearance in a multiple regression is not a good indicator of predictive power. One way of assessing the relative importance of predictors in such circumstances , and only for the disease indicators that have been corrected for polygon size, is to look at a number of models (e.g. for different zones) and count the number of times each predictor appears in the first ten predictors of each models  

The most frequently appearing parameters relate to infrastructure and human activity, though the environmental factors, particularly Middle Infra-Red and Evapotranspiration, (see Table 5) are also important, primarily through their seasonality (as represented by the Fourier processed inputs). 
Table 5: Top 10 Predictors for Best Models of Density Corrected Disease Variables 

	FASCIOLIASIS

(includes livestock) 
	Max

=6
	FMD
	Max

=4
	SURRA
	Max

=9
	HSEP
	Max

=9

	Carabao Density
	6
	Temp Cult
	3
	Min Night LST
	6
	All Cult
	7

	Human Population
	6
	Evapotr Phase 1
	3
	All Cult
	4
	Temp Cult
	7

	Dist Provincial Roads
	4
	Pop Dens
	3
	MIR Phase 1
	4
	Pop Dens
	5

	Temp Cult
	4
	Poverty Incidence
	3
	MIR Variability P1
	3
	Dist National Roads
	5

	All Cult
	4
	All Cult
	2
	MIR Variability P2
	3
	MIR Mean
	3

	Evapotr Phase 2
	3
	AEZ LGP
	1
	MIR Min
	3
	MIR Variability P2
	3

	MIR Mean
	3
	Evapotr Amp 1
	1
	Dist National  Roads
	3
	MIR Variability All
	3

	EVI Variability P1
	3
	Evapotr Max
	1
	Dist Provincial Roads
	3
	MIR Minimum
	3

	EVI Tot Variance
	3
	Evapotr Phase 3
	1
	Dist Built up Areas
	2
	LST Day Phase 1
	3

	Permanent Cult
	2
	Mean MIR 
	1
	Temp Cult
	2
	NDVI Variability P1
	3


Numbers refer to number of times predictors appear in first ten of zonal models. Number of zones used (i.e. max number of occurrences) shown at top of column. Abbreviations given in Data Catalogue Section
If livestock are included, the correlation of animal densities and disease distribution - particularly of pigs for FMD and Surra, and bovines for Haemorrhagic Septicaemia and fascioliasis - is substantial, as is to be expected, since diseases will not be found where livestock exist. 
The question as to whether to include livestock densities within the predictor suite depends somewhat on the desired function of the model outputs. If animals are included, then there is the danger that models will tend to only show disease risk where there are significant animal populations.  Whilst a pragmatic approach might support this outcome on the assumption that there is no point expending resources to treat livestock diseases in areas with no livestock, there is a danger that reservoirs of disease outside livestock populations may be missed. For example, areas that might harbour vectors or alternative hosts could represent a danger to livestock spreading into them. In addition, disease models with livestock predictors may be dominated in statistical terms by the correlation of disease with livestock, especially if the training data are restricted within an analysis zone, so that the extrapolation to other areas would, in effect, produce a map of livestock densities rather than disease risk.

As a result it is probably most prudent to compare the statistical relationships with and without livestock, and to include them in the models produced only if a) they improve the strength of the relationships and b) the impact on predicted disease distribution is comparatively slight. Such an outcome is illustrated in Modelling Slide 46, which show that there is little difference between the model for cumulative cases numbers of FMD, derived from municipality data that includes livestock densities and the model that does not. 

By contrast, in the case of Surra, the suite of predictors included in the model has a major effect on the model outcome. If livestock densities are used, the density of pigs and carabao are the primary correlates of both percent positive, and positive case density, suggesting that the disease is more frequent where pig or carabao numbers are comparatively high, within the areas where disease data are available. Because the animal densities are very strong correlates, they dominate the modelled distribution, and when applied to the whole country suggest a widespread and significant risk of Surra throughout much of the country. 

This is illustrated in Modelling Slide 47, which shows that both models, with and without livestock predictors, for Municipality level % Positive CATT are reasonably similar for Mindanao, where the training data is quite extensive, but very different for the rest of the country, especially Luzon. This reflects the very small (and possibly unrepresentative) part of Luzon that contributed to training data for that sector, within which Surra is primarily associated with pig densities, though modified by other predictor parameters. The model has essentially extrapolated this pattern to the rest of Luzon, thereby showing increased risk where pig densities are high. 

In this case, therefore, it is probably wisest to choose the models that exclude livestock from the predictor suite as a basis for establishing the current distribution of the disease. This choice does, however assume that the data upon which the models were trained is, reasonably representative and does not fails to identify any major foci of disease occurrence. Should this assumption be completely untenable, then the risk map produced with livestock included in the predictor suite may indeed reflect a real possibility that surra is widespread. 
5.  Conclusions and Next Steps

Three features of the available information might be considered prejudicial to successful mathematical modelling: the comparative homogeneity of the Philippine environment, in terms of climate, temperature and vegetation; the pervasive influence of human impacts that tend to reduce land cover variability; and the fact that three of the four diseases to be modelled (FMD, fascioliasis and haemorrhagic septicaemia) have never before been subject to this form of analysis.

Despite these potentially unpromising circumstances, the techniques applied have been effective in generating mathematical models for all target variables, which include the four livestock species and at least two measures for each target disease. For some permutations, however, – notably number of haemorrhagic septicaemia cases per bovine – the method was only able to provide a satisfactory distribution model of presence and absence.

The technique has, thus, been demonstrated to work with previously untried diseases and environmental conditions, though it has proved necessary to use a wider range of zonation variables than has previously been necessary and considerable care was required to define workable disease variables and appropriate data resolutions from the original data supplied.  This is especially true of Surra and FMD for which the available data were most detailed, and therefore most amenable to further manipulation prior to modelling.

Despite the diversity of disease variables modelled, substantial opportunity remains for further exploration of additional disease variables, and scales of analyses, using finer spatial (and temporal) resolutions covering more restricted areas. It would also be desirable to investigate a wider variety of livestock types – specifically looking separately at backyard and commercial stock initially as target variables for modelling, and thereafter as potential predictor variables for the diseases.  In addition, given the success of the modelling on such a diversity of diseases, it may be feasible to use the approach on other animal diseases.

There is undoubtedly scope for improving and extending the predictor suite, most especially by incorporating a wider variety of infrastructural parameters, as suggested by the demonstrable importance of those that are already used in the models produced. Proximity to markets and slaughterhouses are factors that were identified by the consultations on suitability for disease and animal distributions, but not included for lack of information. Other indicators of animal husbandry, as well as of disease control management and capabilities might also be useful if available in sufficiently quantitative format. 

Given the importance of human activity in shaping so much of the Philippine environment, predictors of two further types are likely to improve the present exploratory outputs – notably in agricultural and socio-economic activity. More detailed descriptors of cropping levels and types- particularly the distinction of staple, cash and perennial crops are likely to be useful in any future refinement of these results, as are quantified parameters relating to poverty, demographic composition and the economic significance of agricultural trade. Refinement in this area may also help to improve the suitability masking process.

A final potential direction of improvement is to maintain the currency of the major environmental predictors –i.e. the MODIS imagery. Imagery continues to be produced, and the longer the time series, the better the potential for use in models, as the data produced are not only more representative when Fourier processed, but also provide a wider potential for trend analysis – a subject so far ignored by this work. 

The current analyses produce static models of disease and livestock distributions. The methods are capable of being used directly to project target distributions in the short term, and could quite possibly be used to inform spread modelling techniques, though the development of these depends heavily on identification of the location of any introduction of disease.

However effective the modelling process has been, it can only be proven to be practically reliable if the results are widely disseminated in order to solicit feedback from knowledgeable stakeholders. This should be further substantiated by formal validation procedures. 

Dissemination will also help to identify the most appropriate practical uses of these models – whether to help target surveillance, highlight gaps in current information, provide strategic guidance for planning disease control campaigns, or quantifying livestock production potential.

The wealth of information available in the Philippines, combined with the sophisticated skill base in data collection, collation and management, suggests that, provided these resources continue to be maintained with adequate technical IT support, relatively little additional training would be required to ensure that the modelling techniques could be implemented within national agencies. A formal training course might not be the best way to achieve this transfer, however, as the methods required are more a case of demonstrating the ‘tricks of the trade’ rather than learning completely new skills. A hands on supervision of one or two trainees is therefore more likely to achieve results than a structured set of demonstrations and lectures to a wider audience. 

Finally, the availability of required skills, data, and now experience of disease modelling within the Philippines could readily provide the basis for a regional programme, based on the four step process developed by EAHMI, and implemented with the assistance of the Philippine agencies that have contributed so substantially to the current work. 

6. Illustrations of Model Inputs and Outputs
In such a graphic intensive study, the report text can become fragmented and swamped by illustrations of the inputs and outputs. Accordingly these have all be concentrated into a single section, and conform to the format provided for presentations given at an EAHMI sponsored training course in UPLB Los Baños. Other presentations provided as part of the study are contained in a separate report section to facilitate digital distribution.
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Modelling Slide 37: Distribution Models – Surra %+ve Combined
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Modelling Slide 43: Distribution Models – H Sep Presence Absence
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Modelling Slide 47: The Predictors 2 - Surra
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APPENDIX I: Terms of Reference and Itinerary
Terms of Reference for an International Consultant in Remote Sensing, Image Processing, Multivariate Analysis and Predictive Mapping of Animal Resource and Disease Distributions in the Philippines:

As indicated in the project document and inception report, the Philippine Environmental Animal Health Management Initiative (EAHMI) (GCP/PHI/050/ITA) requires a sequential series of highly specialized, international consultancy inputs to: 

· Step One: Review remote sensing options and image processing requirements, and identify the most appropriate form(s) of remotely sensed imagery for spatial analysis of animal disease distribution and risk modelling in the Philippines; 

· Step Two: Acquire and process selected imagery, prepare a paper and poster on how the imagery was obtained and processed, and its potential uses for presentation at a remote sensing and geographical information system training workshop in the Philippines;

· Step Three: Multivariate spatial analysis and modelling of animal and disease distributions, and disease risk mapping;

· Step Four: Subject to obtaining meaningful results from the foregoing, model the potential spread of selected diseases under various scenarios.

Such specialized skills and expertise are not currently available in the Philippines. 

Terms of Reference for Step Three
Based on recommendations of step two, above, the consultant will:

· Extract data from geo-referenced databases provided by EAMHI and prepare the extracted data for multivariate analysis;

· Analyze the data and derive multivariate, mathematical models of the spatial distribution of four targeted livestock species: carabao, cattle, pigs and horses;

· Analyze the data and derive multivariate, mathematical models of the spatial distribution of four targeted diseases: trypanosomosis (surra); fasciolosis (liver-fluke); haemorrhagic septicemia; and foot and mouth disease;

· Visit the Philippines to: present findings; familiarize EAHMI staff/partners with analytical methods; update EAHMI databases and image archives; and participate in a remote sensing and geomatics training course at University of the Philippines Los Baños; 

· Prepare a detailed report of data processing, multivariate analysis and mapping procedures, with recommendations for further development and potential applications.

Outputs: 
· Enhanced distribution maps for targeted animal populations;

· Enhanced distribution maps for targeted animal diseases; 

· PowerPoint presentation(s) on methods and findings;

· Draft report; and 
· Final report.

Time Frame: Work to be completed by 31 December 2007, including visit to the Philippines for delivery, updating databases, dissemination and training, tentatively scheduled for 22-26 October 2007.

Terms of Reference for Previous Steps

Step One: Review remote sensing options and image processing requirements, and identify the most appropriate form(s) of remotely sensed imagery for spatial analysis of animal disease distribution and risk modelling in the Philippines;

Conduct a desk study of remote sensing options and image processing requirements for the determination of land cover, climatic, seasonality and other environmental variables suitable for spatial analysis of the Philippines, with particular reference to high frequency, moderate resolution imagery, such as MODIS and others. The desk study should include:

· Review of recent publications and study reports relating to spatial analysis of livestock resource distributions and animal disease risk assessments commissioned by FAO AGAH and other agencies; 

· Review and summarize the attributes of various forms of remote sensing, including: variables that can be derived, resolution, frequency, indicative costs and lead times;

· Identify/recommend the most appropriate form(s) of remotely sensed data for spatial/ environmental analysis of disease distribution and risk assessment in the Philippines;

· Provide estimates of image acquisition and processing costs; 

· Prepare a concise report of findings and recommendations for the next step in the sequence of consultancy inputs, to be submitted by the end of January 2007.

Step One above has been completed satisfactorily. Technical report and recommendations have been cleared by FAO-AGAH, Rome.

Step Two: Acquire and process selected imagery, prepare a paper and poster on how the imagery was obtained and processed, and its potential uses for presentation at a remote sensing and geographical information system training workshop in the Philippines;

Based on recommendations of step one, above, the consultant will:

· Acquire and process the recommended imagery in a form suitable for multivariate analysis and for use as thematic data layers in ArcView 9.1/2;

· Prepare a paper and poster on how the imagery was obtained and its potential uses;

· Undertake a two-week GIS/RS capacity building mission to the Philippines;

· Install/transfer imagery/databases to EAMHI hardware at the Bureau of Animal Industry, Quezon City, Metro Manila;

· Familiarize EAHMI staff and partners with imagery/database;

· Present paper on remote sensing and spatial analysis in disease risk assessment at a seminar/workshop to be organized by EAHMI and the Institute of Renewable Natural Resources, College of Forestry and Natural Resources, University of the Philippines at Los Baños, planned for two weeks from 9 April 2007;

· Review status of EAHMI’s animal disease and environmental database, identify gaps and discuss potential enhancements;

· Prepare a comprehensive report of work undertaken, findings and recommendations for steps three and four, by the end of May 2007.

Step Two above has been completed satisfactorily. Technical report and recommendations have been cleared by FAO-AGAH, Rome.
Itinerary of Visit to the Philippines
	Saturday October 20
	Depart UK

	Sunday October 21
	Arrive Manila

	Monday October 22
	Discussions with EAHMI. Meeting BAI Director. Travel to UPLB

	Tuesday October 23
	UPLB, participate in RS and GIS Training Course

	Wednesday October 24
	UPLB, presentations to RS and GIS Training Course 

	Thursday October 25
	Presentation to BAI staff and discussions with EAHMI/ICTU

	Friday October 26
	Preparation of draft report. Depart Manila

	Saturday October 27
	Arrive UK


Data Supplied with the Report

All spatial data are supplied in either ESRI format, or as Idrisi format raster images, which can be viewed directly in Arc GIS 9.2, as required by the Terms of Reference. 

Data used in the modelling analyses consist of four types – the predictor archive, the zonation and masking files (including suitability masks); the processed training data and the model outputs. All are supplied with the final report as a downloadable series of zipped archives, as well as on DVD. They amount to approximately 2.5 GB.  All files should be stored within a top level folder \Modelling\ that can be held on any internal or external hard-disk, in order for the accompanying ArcGIS (mxd) Document files that can be used to display the data to work. All geographic data supplied are in ArcGIS format (either grid or shape) and are in WGS84 Geographic projection. All raster imagery is one kilometre resolution. Presentations and report documents are provided in the folder \modelling\presdocs\ folder. 

Details of the predictor data supplied are given in the three tables following below. The maximum and minimum values for each image are also held within the Idrisi image documentation files. The image values are scaled, so that the images can be stored as integer files to save disk space. Details of the rescaling criteria are given in Table 8.

Table 6: Predictor Imagery Data Files Supplied

	Item
	Folder
	Filename
	File Format
	Units/Comments

	Predictor Imagery
	\Modelling\predimg
	
	
	

	
	
	MODIS Imagery
	Idrisi Images
	Filenames as shown in Table 4

	
	
	Animal Density
	Idrisi Images
	See Table 6

	
	
	pcpermcp
	
	Temporary Cropping Index

	
	
	pctempcp
	
	Permanent Cropping Index

	
	
	pcalcppc
	
	All Cropping Index

	
	
	phdemcor
	
	Elevation in metres, shifted to remove zero values

	
	
	pbltdgll
	
	distance to built up areas (degrees)

	
	
	prdntdg
	
	distance to national roads (degrees)

	
	
	prdprdg
	
	distance to provincial roads (degrees)

	
	
	privdg
	
	distance to major rivers (degrees)

	
	
	pslp1kll
	
	slope

	
	
	ppovprc
	
	modelled poverty incidence

	
	
	piilgprc
	
	modelled IIASA LGP

	
	
	pezlgprc
	
	Modelled Agroecological zone LGP

	
	
	phpopdn2k
	
	Human population, 2000


Table 7:MODIS image files, Naming conventions.
A ) Fourier Processed files ABCDEEPP.EXT.

	A

Location
	B

Projection
	C

Start Year
	D

End Year
	EE

Climate Parameter
	FF

Fourier Variable and Component
	EXT

File Type

	P= 

Philippines
	G=Geographic
	0=2000
	5=2005
	03=MIR
	A0=Mean

A1,2,3=Amplitude

P1,2,3=Phase

D1,2,3=Proportion total variance from each Component. DA=All

MN, MX, RN=Min, Max, Range

VR=Variance of Time Series
	RST, RDC = Idrisi raster and document  files

	
	
	1=2001
	
	07=dLST
	
	

	
	
	
	
	08=nLST
	
	

	
	
	
	
	14=NDVI
	
	

	
	
	
	
	15=EVI
	
	

	
	
	
	
	35 (ET)
	
	

	
	
	V4=version4
	
	90 (LW)*
	
	


* LW=Land and water mask, MODIS version 4. Codes 1=Land 2=water, 3=ephemeral water

Table 8: MODIS image values, rescaling criteria

	Parameter
	Fourier Variable
	Image values are

	MIR (03)
	A0, A1, A2, A3, Min, Max, Var
	Reflectance values * 10000

	LST (07,08)
	A0, A1, A2, A3, Min, Max, Var
	(Degrees Centigrade+273)*50

	NDVI (14) and EVI (15)
	A0, A1, A2, A3, Min, Max, 
	Index Value * 1000

	ET
	A0, A1, A2, A3, Min, Max,
	Mm/10days 

	NDVI (14) and EVI (15)
	VAR
	Value * 10000

	ALL
	D1,D2,D3,Da
	Percentages

	ALL
	E1,E2,E3
	Percentages

	ALL
	P1,P2.P3
	Months*100. (Jan=1)


6.1.1. Catalogue of Model Data Files Supplied

Details of the distribution model data supplied are given in the three tables following below.

Table 9: Livestock Model Data Files Supplied

	Item
	Folder
	Filename
	File Format
	Units/Comments

	Livestock Distributions
	
	
	

	ArcGIS Project File
	\Modelling
	predanim
	MXD
	Suitability Corrected Training Data and Totals Corrected Distribution Models

	Vector Format Training Data
	Modelling\Obsan
	andnpmsc
	ESRI Shape
	Contains raw (names = c*dn) and suitability corrected (names =*sc) animal densities for each polygon

	
	
	
	
	

	Suitability Corrected Densities
	\Modelling\Predan
	
	
	

	Cattle
	
	phctdnsc
	ESRI Grid
	Animals per square kilometre

	Carabao
	
	phcrdnsc
	ESRI Grid
	Animals per square kilometre

	Pigs
	
	phpgdnsc
	ESRI Grid
	Animals per square kilometre

	Horses
	
	phhodnsc
	ESRI Grid
	Animals per square kilometre

	
	
	
	
	

	Totals Corrected Distribution Models
	\Modelling\totcor
	
	
	

	Cattle
	
	phctdntc
	ESRI Grid
	Animals per square kilometre

	Carabao
	
	phcrdntc
	ESRI Grid
	Animals per square kilometre

	Pigs
	
	phpgdntc
	ESRI Grid
	Animals per square kilometre

	Horses
	
	phhodntc
	ESRI Grid
	Animals per square kilometre


Table 10: Other Modelled Parameters, Analysis Zones and Mask Data Files Supplied

	Item
	Folder 
	Filename
	File Format
	Units/Comments

	Other Modelled Parameters
	
	
	

	
	\Modelling\predother
	
	
	

	Modelled Agro-ecological Zone
	
	pezlgprc
	ESRI Grid
	Length of growing Period (Days)

	Modelled LGP
	
	piilgprc
	ESRI Grid
	Length of growing Period (Days)

	Poverty Incidence
	
	ppovprc
	ESRI Grid
	Poor people per 1000 

	
	
	
	
	

	Analysis Zones and Masks
	
	
	
	

	
	\Modelling\zonemask
	
	
	

	Interpolated BSWM LGP
	
	bswmlgp
	
	Length of growing Period (Days)

	Land Sea Mask
	
	phnoimsk
	
	1=Land

	Island Group
	
	Phiscd
	
	1= Luzon, 2= XXX, 3=Mindanao, $=Palawan

	
	
	bswmlgpcd
	
	BSWM LGP Code 

	
	
	pezlgpcd
	
	AEZ Code

	
	
	panpolycd
	
	Animal Polygon Code

	Suitability Masks
	
	
	
	

	
	\Modelling\Suitability
	
	
	

	Cattle
	
	puns4cat
	ESRI Grid
	1=Unsuitable

	Carabao
	
	puns3pby
	ESRI Grid
	1=Unsuitable

	Pigs
	
	puns2hg
	ESRI Grid
	1=Unsuitable

	Horses
	
	puns1car
	ESRI Grid
	1=Unsuitable

	FMD
	
	punsfmd
	ESRI Grid
	1=Unsuitable

	Fascioliasis
	
	punsfasc
	ESRI Grid
	1=Unsuitable

	Heamorrhagic Septicaemia
	
	punshsep
	ESRI Grid
	1=Unsuitable

	Surra
	
	punssur
	ESRI Grid
	1=Unsuitable


Table 11: Document, Presentation and Graphic Files Supplied
	Item
	Folder 
	Filename
	File Format
	Units/Comments

	Documents
	
	
	

	
	\Modelling\presdocs
	
	
	

	This report Part I
	
	Phiilmodel1final.doc
	Word
	

	This report Part II
	
	Philmodelf2inal.doc
	
	

	Presentation
	
	
	
	

	Training Overview
	
	Intromodels.ppt
	
	Slides in jpg format in corresponding sub folders

	Training Modelling
	
	Faophilmodel.ppt
	
	

	To BAI
	
	BAIPresentation.ppt
	
	

	
	
	
	
	

	
	
	
	
	

	
	
	
	
	

	
	
	
	
	


Table 12: Disease Model Data Files Supplied

	Item
	Folder
	Filename
	File Format
	Units/Comments

	Disease Distributions
	
	
	

	ArcGIS Project File
	\Modelling
	preddis
	MXD
	Suitability Corrected Training Data and Best Model Distribution Models

	Suitability Corrected Distributions
	\Modelling\obsdis
	
	
	

	Fascioliasis
	
	fspkmmnsc
	ESRI Grid
	Cumulative Cases per Square kilometre

	
	
	fascpcmunsc
	ESRI Grid
	Percent Cases Positive by Municipality

	
	
	Fascbymun
	Shape
	Municipality Data

	FMD
	
	fmdcumdnsc
	ESRI Grid
	Cumulative Cases per Square kilometre

	
	
	fmdcumsc
	ESRI Grid
	Cumulative Cases per Municipality

	
	
	fmdmun9505
	Shape
	Cumulative cases 95-05

	Haemorrhagic Septicaemia
	
	hsperbovsc
	ESRI Grid
	Cumulative Cases per bovine

	
	
	hsperkmsc
	ESRI Grid
	Cumulative Cases per Square kilometre

	
	
	provdis06
	Shape
	Provincial H Sep Data

	
	
	
	
	

	Surra
	
	
	
	

	
	
	catpokmmnbysc
	ESRI Grid
	Positive CATT cases per Square Kilometre by Municipality (Luzon) and Barangay (Mindanao)

	
	
	catpopcmnbysc
	ESRI Grid
	Positive CATT cases per  Municipality (Luzon) and Barangay (Mindanao)

	
	
	catposkmmnsc
	ESRI Grid
	Positive CATT cases per Square Kilometre by Municipality

	
	
	catpopcmnsc
	ESRI Grid
	Positive CATT cases per  Municipality 

	
	
	surramunbgy
	Shape
	Combined Municipality and Barangay Data

	
	
	surramnat
	Shape
	Municipality Data

	
	
	
	

	Disease Distribution Models
	
	
	

	
	\Modelling\preddis
	
	
	

	Fascioliasis
	
	fskmmnsclprc
	ESRI Grid
	Cumulative Cases per Square kilometre

	
	
	fspcmnscprc
	ESRI Grid
	Percent Cases Positive by Municipality

	
	
	
	
	

	FMD
	
	fmcmkmscprc
	ESRI Grid
	Cumulative Cases per Square kilometre

	
	
	fmcmmnsclprc
	ESRI Grid
	Cumulative Cases per Municipality

	
	
	
	
	

	Haemorrhagic Septicaemia
	
	hspbovlgparc
	ESRI Grid
	Presence /Absence derived from Cases per Bovine

	
	
	hskmscalprc
	ESRI Grid
	Cumulative Cases per Square kilometre

	
	
	
	
	

	
	
	
	
	

	
	
	
	
	

	Surra
	
	catkmmbalprc
	ESRI Grid
	Positive CATT cases per Square Kilometre by Municipality (Luzon) and Barangay (Mindanao)

	
	
	Ctpcmbscalprc
	ESRI Grid
	% Positive CATT cases per  Municipality (Luzon) and Barangay (Mindanao)

	
	
	Catkmmnscprc
	ESRI Grid
	Positive CATT cases per Square Kilometre by Municipality

	
	
	catpcmnscalprc
	ESRI Grid
	% Positive CATT cases per  Municipality 

	
	
	
	
	


[image: image51.png]



� FAO (2007). Gridded Livestock of the World. William Wint and Timothy Robinson. FAO Rome. http://www.fao.org/ag/AGAinfo/resources/en/glw/default.html





