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S3 Text. Supporting discussion on the developed hybrid classification method 

We have developed a method that with high accuracy can map the composition of social-

ecological patches in 70-92 percent (relative accuracy) of the studied landscape. The pixel-to-

pixel accuracy (producer’s and user’s accuracy) of the map is lower than the relative 

accuracy, making it less useful as a detailed map.  This is important to remember so that maps 

are used in appropriate contexts, for example meaning that possible future attempts at 

assessing absolute, rather than relative, values for the landscape provision of different 

ecosystem services would be less reliable. There are also limits to the replicability of the 

method, as it is not fully automatic, even though the M statistic [1,2] also was used to guide 

the selection of data layers and parameters used for separating different classes. The method 

was developed in an iterative process where decisions by the developer and knowledge about 

local conditions were crucial.  

Higher resolution data would have increased the accuracies of the maps, making object-based 

classification [3] possible, which potentially could make classification of depressions and 

homesteads more automatic. Object-based classification might also have been successful for 

classification of fields. The landscape in both study areas is generally flat, with a few 

exceptions. Even small topographical differences make a big difference for water availability 

and soil moisture. Therefore, a higher-resolution, better quality digital elevation model could 

have increased accuracy, especially for the shrubland, depression and bare soil social-

ecological patches. It is also possible that reducing the size of the study areas could have 

increased the accuracy. However, this would also have decreased the efficiency of the 

method, since it would have meant that more mappings would have been needed for the same 

scale of coverage. Therefore, depending on what the maps are going to be used for, the right 

balance between accuracy and coverage needs to be set. The higher number of villages used 

for groundtruthing in study area 1 (eight villages) compared to study area 2 (five villages) did 

not seem to make a difference for the accuracies of the most common social-ecological 

patches (field, homestead and depression). However, for the rarer social-ecological patches 

(forest and shrubland), the lower number of groundtruthing points appears to have decreased 

the accuracies considerably. For example, shrubland had a 50.0 percent relative accuracy in 

study area 1, while the same measure for study area 2 is 11.4 percent. This suggests that if 



these rarer social-ecological patches are important for the intended use of the maps, a higher 

number of study villages is recommended. However, due to the low sample size with regards 

to studied villages, we cannot be sure that the difference in accuracies is due to the difference 

in number of villages in each study area. The composition of the landscape in study area 1 and 

2 is different, with study area 2 being more homogenous with less woody vegetation (based 

on field observations and from studying high-resolution satellite images in Google Earth of 

the study areas). This difference in landscape composition could also affect the extent to 

which the identification of different social-ecological patches was successful. 

A limitation of the method is the time consuming initial phase, where social-ecological 

patches need to be identified and mapped in detail to create both classes and calibration data 

to be used in the hybrid method [4]. In other contexts with new patches, new indicators for the 

decision tree must also be developed and added to the hybrid method. In case the map 

coverage needed requires the use of several Landsat scenes, adjustments also need to be made 

to the decision tree, preferably even using separate calibration and groundtruthing data for 

separate scenes. What all of these limitations suggest, is that there is a trade-off between 

creating a classification with high social relevance and the efficacy in map production. We 

argue that the strength of the method developed in this paper is that it allows for the inclusion 

of rich local and socially relevant information, while at the same time being generalizable to a 

scale that is relevant for decision making with mostly high accuracy through a relatively 

simple classification procedure. 
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