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APPENDIX 3 
 
Quantifying Diversity and Outcomes at the Basin Council Level 
 
Where we are interested in the simple ‘magnitude’ of response – how relevant technical 
information is perceived to be within a council, or how many council members feel that 
decisions are made democratically, we aggregate using mean or proportion. Questions 
with cardinal scale responses (e.g, 0 to 10, etc.) or ordinal responses (e.g., strongly agree 
to strongly disagree) are aggregated using the mean value across each basin. Ordinal 
responses are first transformed to cardinal responses by assuming their values to be 
evenly spaced between 0 and 1.  Thus, for example, the set [‘often’, ‘sometimes’, 
‘rarely’, ‘never’] becomes [1, 0.66, 0.33, 0].  Transforming the data makes it more 
amenable to analysis, revealing information that might be lost by using the median 
(Wright and Linacre 1989, Velleman and Wilkinson 1993).  Questions with yes or no 
responses, or where we are interested in a particular response (i.e., those that respond ‘b’, 
or those that respond ‘1’ or ‘2’) were aggregated using the proportion of council members 
giving the response of interest across each basin. We use these two modes of aggregation, 
mean and proportion, for all dependent variable proxies (with one exception, DD5 – see 
Appendix 1) to express the magnitude of perceived relevance of technical information, 
the magnitude of democratic decision-making, and the magnitude of participation in 
council activities (i.e., the dependent variables). 
 
Where we are interested in the diversity of a response – how variable the response is 
within the council – we aggregate using standard deviation or entropy. Entropy and 
standard deviation are more sophisticated than the simple mean and proportion 
calculations and warrant further explanation. The standard deviation of an aggregate 
response within a given basin is calculated as: 
 

  (A2.1)  

where nc is the number of responses in the basin. The standard deviation is a useful 
measure of variability when there is correlation among response options (e.g., a response 
of 5 is more similar to a response of 4 than would be a response of 8). When there is no 
correlation among response options (e.g., a respondent must select whether they represent 
a) a water user b) a government organ or c) a civil society organization), the use of a 
standard deviation is inappropriate. As a complement to the standard deviation for 
questions with uncorrelated response options, we calculate the entropy: 
 

  (A2.2)  
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where mx is the number of response options and px=I is the proportion of responses with 
response option i.  With origins in the study of thermodynamics and a wide application in 
the study of material processes (Rechberger 2001, Rechberger and Graedel 2002, 
Kaufman et al. 2008), entropy, as calculated above, has found a place in social research 
fields in recent decades as a measure of uncertainty (Bailey 1983, Gill 2005), of 
flexibility (Shuiabi et al. 2005), of inequality (Allison 1978), and of diversity (Galtung 
1980).  This last application is the closest to our own usage of statistical entropy as a 
signal of diversity within uncorrelated response options. 
 
Mathematically, the standard deviation and the entropy are not identical, but they share 
some characteristics that let them serve similar functions for ordinal/cardinal responses 
and for uncorrelated responses, respectively, in our analysis.  Take for instance a question 
that asks a respondent to rate something on a scale from 1 to 5 (correlated and ordinal), 
and another question that asks a respondent to choose a response from a to e 
(uncorrelated).  Both the standard deviation and the entropy are minimized when all 
respondents make the same response (i.e., all ‘3’ or all ‘e’).  The standard deviation for 
the former is maximized when responses are evenly divided among the extremes (half ‘1’ 
and half ‘5’).  The entropy for the latter is different (since there are no ‘extreme’ values 
when the response options are uncorrelated) and is maximized when responses are evenly 
distributed across all options (an even number of ‘a’, ‘b’, ‘c’, ‘d’, and ‘e’ responses).  
However, these two functions share the property that they generally increase from a 
minimum as responses grow more different, and thus allow for some comparison across 
ordinal/cardinal and uncorrelated response options where previously no comparison was 
possible. 
 
We aggregate all proxies for the independent variables (as well as a single question in the 
make up of one of the dependent variables, DD) using the complementary relationships 
of entropy and standard deviation to express diversity in worldviews within the council, 
sector represented, perceived problems in the basin, and in demographic makeup. In the 
case of the one dependent variable proxy aggregated using entropy, we treat differences 
in the perception of who the most influential actor in the basin is as a signal of power 
sharing and thus of the magnitude of democratic decision-making in the basin. 
 
We have chosen not to collapse our dependent or independent variable proxies into a 
single measure, as each variable represents a complex concept only partially revealed by 
each individual question, and response patterns to each question may be different. While 
a single index might be a useful tool for comparing different basins across a particular 
variable, it masks correlations that might exist between different responses, and is thus 
not useful for the purposes of this analysis. Instead, we look at the existence (or not) of 
significant correlations between particular aspects (i.e., the selected aggregate responses) 
of the dependent and independent variables, to gain a more general understanding of the 
relative roles WV, P, S, and D play in explaining TI, DD, and PC.   
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