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ABSTRACT 

Long-term biological monitoring data are becoming increasingly available to inform 

conservation efforts internationally. However long-term monitoring data, like many other 

forms of scientific evidence, are often not used effectively in conservation management. 

In this thesis I explore: i) what are the current barriers to the use of scientific evidence in 

conservation management?; and ii) what practical solutions can improve the use of 

scientific evidence, particularly long-term monitoring data, in conservation management? 

My research targets the scienceïmanagement interface, acknowledging that both 

scientists and managers play vital roles in the creation and use of scientific evidence in 

conservation management. 

I first make a broad assessment of the common objections to the use of models to interpret 

scientific evidence in environmental decision-making. In response to these objections, I 

propose a series of practical solutions to assist scientists improve the effectiveness of 

models in conservation decision-making. These practical solutions highlight the role of 

structured decision-making as a framework to guide good modelling practice. I also 

recommend scientists develop skills to facilitate the social aspects of decision-making, 

something that is rarely included in conventional scientific training. 

In my following two research chapters I assess the barriers to the use of long-term 

monitoring data in marine protected area (MPA) management. This qualitative research 

revealed that long-term biological monitoring data are not being used comprehensively 

in the evaluation of management effectiveness of Australian MPAs. In response, I 

develop a series of recommendations to assist both scientists and managers improve the 

use of long-term monitoring data in MPA management. 

In my final two research chapters, I introduce two methodological approaches to improve 

the use of long-term monitoring data in evidence-based conservation management. These 

approaches focus on the development of management thresholds to assist with 

interpreting monitoring data and alert when management intervention is required to 

address undesirable ecosystem changes. I illustrate these approaches using a case study 

of the management of a key ecological species, Hormosira banksii, on rocky intertidal 

reefs in MPAs. The first approach uses the theory of control charts to set statistically 

informed conservation management thresholds for environmental indicators. The second 
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is a participatory modelling approach, designed to be useful when conservation 

management thresholds must be set for multi-objective conservation problems by 

participants with limited modelling experience. Both approaches follow the steps of 

structured decision-making, emphasising the need for logical and transparent model 

development in conservation. 

My PhD research advances the understanding of the barriers to using scientific evidence 

in conservation management. Many factors are at play that transcend the scienceï

management interface. The practical solutions developed in my PhD are globally 

applicable and substantively address many important barriers and promote the 

comprehensive use of scientific evidence in conservation management. 
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PREFACE 

This thesis comprises seven chapters: a general introduction (Chapter 1), five research 

chapters, and a general discussion (Chapter 7). Chapter 2 is published in the journal, 

Diversity and Distribution. Chapter 3 is currently in review for publication in the Journal 

of Environmental Management, and Chapter 6 is currently in review for publication in 

Conservation Biology. Chapters 4 and 5 are in preparation for submission to peer-review 

journals. Throughout all research chapters (Chapters 2 to 6) I used the plural pronoun 

(we) to acknowledge the collaborative nature of my research. The nature of collaboratorsô 

contributions to each chapter is as follows: 

Chapter 2: 

This chapter is based on a paper published in Diversity and Distributions. The idea for 

the paper was conceived at a workshop that involved myself, and members of the 

Australian Centre of Excellence for Risk Analysis (ACERA) and the Centre of Excellence 

for Environmental Decisions (CEED) research groups. As the primary author, I undertook 

the majority of research for this review and prepared the manuscript. Other notable 

contributions were from Libby Rumpff who contributed text relating to structured 

decision-making (Section 2-3-2) and created Figure 2.1 (adapted for this thesis), and 

Yung En Chee who contributed text relating to communication and building trust (Section 

2-3-3; adapted for this thesis). Other authors made suggestions regarding the manuscript 

structure and provided editorial input and helpful comments on the discussion. Editors 

and reviewers of Diversity and Distributions also provided insightful comments. Please 

see Appendix 1 for the published manuscript, and Appendix 2 for a Decision Point 

magazine article about this research. 

Addison, P.F.E., Rumpff, L., Bau, S.S., Carey, J.M., Chee, Y.E., Jarrad, F.C., McBride, 

M.F., Burgman, M.A., 2013. Practical solutions for making models indispensable in 

conservation decision-making. Diversity and Distributions 19, 490ï502. 

Addison, P. (2013) A model solution for good conservation. Making models 

indispensable in conservation decision-making. Decision Point #74 ï October 2013. 

Chapter 3: 

This chapter is based on a manuscript that is currently in review with the Journal of 

Environmental Management. As the primary author, I conceived the idea for the chapter, 
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undertook this research, and wrote this chapter. My co-authors, Carly Cook and Lousia 

Flander, assisted with methodological design, editorial guidance and manuscript revision. 

This research was approved by the Human Ethics Committee of The University of 

Melbourne (HREC Project Number: 1238593.1). 

Addison, P.F.E., Flander, L. B., Cook, C.N. (in review) Are we missing the boat? Current 

uses of long-term biological monitoring data in the evaluation and management of marine 

protected areas. Journal of Environmental Management. 

Chapter 4: 

I conceived the idea for the chapter, undertook this research, and wrote this chapter. My 

co-authors, Carly Cook and Lousia Flander, assisted with methodological design, 

editorial guidance and chapter revision. This research was approved by the Human Ethics 

Committee of The University of Melbourne (HREC Project Number: 1238593.1). 

Chapter 5: 

The idea for the chapter was conceived by myself, Jan Carey and Mark Burgman. I was 

solely responsible for conducting this research and writing this chapter. My co-authors, 

Jan Carey and Mark Burgman, assisted with editorial guidance and chapter revision. In 

this chapter I use Parks Victoria data from the Intertidal Reef Monitoring Program, which 

was provided under a data sharing agreement between Parks Victoria and the University 

of Melbourne. 

Chapter 6: 

This chapter is based on a manuscript that is currently in review with Conservation 

Biology. The idea and methodology for this chapter was developed by myself with 

assistance from my co-authors, Kelly de Bie and Libby Rumpff. Kelly de Bie and I co-

facilitated the one-day workshop to trial the participatory modelling approach to setting 

management thresholds. I performed all data analysis and wrote this chapter. My co-

authors assisted with editorial guidance and manuscript revision. This research was 

approved by the Human Ethics Committee of The University of Melbourne (HREC 

Project Number: 1237358.1). Please see Appendix 3 for a Decision Point magazine article 

about this research. 

Addison, P. (2013) Trampling through the intertidal ï A decision framework driven by 

the decision makers. Decision Point #74 ï October 2013. 
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CHAPTER 1 General Introduction 

Long-term biological monitoring data are becoming increasingly available to inform 

conservation efforts internationally (Lindenmayer et al., 2012). These data are rich 

sources of scientific evidence offering insights into the natural variability of ecosystems 

and species through time (Magurran et al., 2010; Sergeant et al., 2012), as well revealing 

information about the effectiveness of conservation efforts (Nichols & Williams, 2006; 

Lindenmayer et al., 2012). However, there are many occasions where long-term 

monitoring data, like other forms of scientific evidence, have been of little use to 

conservation (Field et al., 2007; Lindenmayer & Likens, 2010). For example, scientists 

have been criticised for not collecting long-term monitoring data that is relevant to 

conservation management (Lindenmayer & Likens, 2010), whereas conservation 

managers have been criticised for not using available scientific data to inform their 

management decisions (Roux et al., 2006). 

In this thesis I explore barriers to the use of scientific evidence in conservation 

management, and develop a series of practical solutions to improve the use of scientific 

evidence, particularly long-term monitoring data, in conservation management. My 

research targets the scienceïmanagement interface, acknowledging that both scientists 

and managers play vital roles in the creation and use of scientific evidence in conservation 

management. These key players often operate under different organisational constraints, 

which can impede the translation of science into management action, hence creating the 

scienceïmanagement interface (Roux et al., 2006; Cook et al., 2013). My research targets 

this interface by developing practical solutions that encourage collaboration between 

scientists and managers in order to improve the use of scientific evidence in conservation 

management. 
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1-1 The rise of conservation policy and management  

The unprecedented increase in human pressures on the natural environment over recent 

decades has resulted in a rise in global commitments to protect species, ecosystems and 

habitats (collectively referred to as biodiversity; CBD, 2011). These global commitments 

to biodiversity protection are reflected in conservation policy (e.g., legislation to protect 

biodiversity) and management (e.g., ongoing management decisions to protect 

biodiversity). Some of the most common conservation efforts include the establishment 

of terrestrial and marine protected areas to protect biodiversity (CBD, 2011; Bertzky et

al., 2012), and the protection of threatened species and ecosystems (Runge, 2011; IUCN 

Red List Committee, 2013). 

Once a commitment to conservation has been legislated (e.g., declaring a protected area), 

ongoing management is required to ensure the protection of biodiversity. Given that the 

natural environment is facing unprecedented anthropogenic changes, it has never been 

more important that conservation management is effective (Ferraro & Pattanayak, 2006; 

Polasky et al., 2011). Two vital areas of conservation management include management 

effectiveness evaluation (Hockings et al., 2006; Coad et al., 2013) and undertaking 

evidence-based management (Nichols & Williams, 2006; Lyons et al., 2008; Williams, 

2011). Both areas use scientific evidence to measure the effect of conservation efforts on 

biodiversity assets, ensuring continual improvement and efficiency of conservation 

efforts (Hockings et al., 2006; Nichols & Williams, 2006; Lyons et al., 2008). 

Management effectiveness evaluation (MEE) is an assessment tool designed to assist 

conservation managers to understand, learn from and improve conservation management 

efforts (Leverington et al., 2010; Coad et al., 2013). MEE has been increasingly used 

over the last decade to assess the effectiveness of marine and terrestrial protected areas 

(Pomeroy et al., 2005; Hockings et al., 2006). MEE uses available information relating 

to environmental, social and economic aspects of conservation management to determine 

whether management objectives are being achieved, and whether management should be 

adapted (Hockings et al., 2006). 

Evidence-based conservation management is the practice of using scientific evidence to 

measure the effect of conservation efforts on biodiversity, which in turn informs whether 

management adaption is needed to ensure the continual protection of biodiversity. One 
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approach to evidence-based management is state-dependent management (Nichols & 

Williams, 2006; Lyons et al., 2008; Williams, 2011). This is where scientific evidence is 

used to measure whether an ecosystem is in a desirable or undesirable state. A proactive 

application of state-dependent management involves the use of management thresholds, 

which represent when management intervention is required to address undesirable 

ecosystem changes. 

1-2 The role of scientific evidence in effective conservation 

management 

Scientific evidence is critical in informing ongoing conservation management to ensure 

the effective protection of biodiversity (Sutherland et al., 2004; Ferraro & Pattanayak, 

2006; Le Saout et al., 2013). Scientific evidence can include empirical evidence, such as 

data from monitoring and experimental research (Lindenmayer et al., 2011; Sanchirico et

al., 2013), or the outputs from predictive or statistical models (Starfield, 1997; Burgman, 

2006). As previously mentioned, long-term biological monitoring data are an increasingly 

available source of scientific evidence to inform conservation management efforts 

(Lindenmayer et al., 2012). Long-term monitoring programs are often very costly to 

establish and maintain, thus represent a substantial investment in the provision of 

scientific evidence for ongoing conservation management (Lindenmayer & Likens, 2010; 

Magurran et al., 2010; Lindenmayer et al., 2012; Sergeant et al., 2012). Despite the 

benefits of using scientific evidence to inform conservation management, there are many 

well documented instances where this does not occur.  

Firstly, conservation managers frequently work in data poor situations where no scientific 

evidence exists to inform management decisions (Hockings et al., 2009; Cook et al., 

2010). In these cases expert judgement such as managersô or scientistsô intuition or 

personal experience is commonly used to inform conservation decisions (Sutherland et

al., 2004; Pullin & Knight, 2005). Whilst there are methods to elicit expert judgement 

carefully so that it can be used as a valid alternative to empirical evidence (e.g., Speirs-

Bridge et al., 2010; Martin et al., 2012), in the absence of such methods conservation 

decisions can lack transparency and may be subject to the biases and the assumptions of 

experts (Burgman et al., 2011a; Burgman et al., 2011b). 
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Secondly, even when scientific evidence exists and can inform conservation management 

decisions, this can be overridden in emotionally-charged or highly politicised 

conservation decisions. Scientists may find that they have little influence in these 

situations (Lee, 1993), but nevertheless should be aware that such situations exist. For 

example, Devillers et al. (2014) described the recent designation of Australiaôs 

Commonwealth marine reserves as occurring in ñresidualò areas, which went against 

scientific recommendations to avoid conflict with natural resource users, such as the 

commercial fishing and the oil and gas industry.  

Finally, there are many cases where scientific evidence exists, but there are impediments 

to translating this evidence into management action (Roux et al., 2006; Cook et al., 2013). 

Scientists can play a role in this and have been criticised for not collecting scientific 

evidence that is relevant to conservation management (Nichols & Williams, 2006; Field 

et al., 2007; Lindenmayer & Likens, 2010), or not communicating their results effectively 

to non-scientific audiences (Anderson, 2001; Sutherland & Burgman, 2013). On the other 

hand, conservation managers have been criticised for not using relevant scientific 

evidence that is available to them (Roux et al., 2006), or treating the collection of 

scientific evidence as a management action rather than ensuring it informs direct 

management action to protect biodiversity (Legg & Nagy, 2006; Nichols & Williams, 

2006; McDonald-Madden et al., 2010). 

Conservation management agencies are increasingly under-resourced and struggling to 

meet their legislated responsibilities for effective, ongoing conservation management 

(Ferraro & Pattanayak, 2006; Leverington et al., 2010). Therefore, it has never been more 

important to ensure that where scientific evidence exists, it is well integrated into 

conservation management. 

There is now an entire field of conservation science dedicated to developing decision 

support tools to improve the use of scientific evidence in conservation. This field of 

research is designed to assist with conservation policy and management, and spans areas 

such as: spatial planning for protected areas (e.g., Pressey & Bottrill, 2009; Grantham et 

al., 2010); threatened species management (e.g., Joseph et al., 2009; Keith et al., 2013); 

evaluating management effectiveness (e.g., Cook & Hockings, 2011; Rodr²guez-

Rodr²guez & Mart²nez-Vega, 2012); state-dependent conservation management (e.g., 

Lyons et al., 2008; Williams, 2011); and, adaptive management (e.g., Runge, 2011; 
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Westgate et al., 2013). Much of this research is grounded in decision theory, which 

promotes the incorporation of scientific evidence and values into decision-making, and 

assists with making complex decisions in the face of uncertainty (Peterman & Anderson, 

1999; Polasky et al., 2011; Gregory et al., 2012). The incorporation of values into 

decision-making is particularly important as values represent what matters to individuals 

and organisations and reflect their preferences, priorities and their tolerance to risk 

(Edwards & Vonwinterfeldt, 1987; Keeney, 1996; Hammond et al., 1999). This 

acknowledges that conservation decision-making is rarely a value-free process (Failing

et al., 2007). 

Research in conservation science is continuing to grow in response to the many aspects 

of conservation decision-making that require dedicated research (Cook et al., 2013). One 

such area of research includes improving the use of long-term monitoring data in 

conservation management. 

1-3 Aims and scope of thesis 

Both scientists and managers can and should play a role in improving the use of scientific 

evidence in conservation management. Through this thesis I explore two research 

questions: i) what are the current barriers to the use of scientific evidence in conservation 

management?; and ii) what practical solutions can improve the use of scientific evidence, 

particularly long-term monitoring data, in conservation management? I use a mixed-

methods research approach to explore these two questions across the scienceï

management interface (Figure 1.1).  
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Figure 1.1 A conceptual outline of my PhD thesis, highlighting my two research questions 

(identifying barriers and developing practical solutions), research approach, 

and the focus of each research chapter in relation to the scienceïmanagement 

interface. 

In Chapter 2, I make a broad assessment of the use of models to interpret scientific 

evidence in conservation management. First, I conduct a literature review to identify 

common objections made by decision-makers to the use of models in interpreting 

scientific evidence (Figure 1.1). In response to these objections, I propose a series of 

practical solutions assist scientists in improving the effectiveness and relevance of models 

in conservation decision-making. The practical solutions highlight the role of structured 

decision-making as a framework to guide good modelling practice and incorporate both 

scientific evidence and values into decision-making (e.g., Runge, 2011; Gregory et al., 

2012). I also discuss the importance of the social aspects of decision-making, such as 

developing good communication skills and building trust with decision-makers, 

something that is rarely included in conventional scientific training. 

In the following two chapters (Chapters 3 and 4), I investigate the use of long-term 

biological monitoring data in marine protected area (MPA) management. There are now 
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many long-term monitoring programs associated with MPAs around the world, which 

have revealed unique insights into the long-term effects of MPA protection (e.g., Shears 

& Babcock, 2003; Barrett et al., 2009; Babcock et al., 2010; Hamilton et al., 2010; Russ 

& Alcala, 2010). In Chapter 3, I conduct interviews with managers and scientists from 

MPA management agencies (referred to as key informants; Patton, 2002) to investigate 

the current use of long-term monitoring data in management effectiveness evaluation 

(MEE) and evidence-based management of MPAs (Figure 1.1). I provide 

recommendations for terrestrial and marine protected area management agencies around 

the globe to make better use of long-term monitoring data in conservation management. 

In Chapter 4, I investigate the challenges in improving the use of biological monitoring 

data in MEE. This chapter is based interviews with the same key informants from Chapter 

3. I explore the challenges that MPA managers and scientists face in shifting from 

conducting qualitative to quantitative condition assessments of biological monitoring data 

in MEE. Quantitative condition assessment is where monitoring data are evaluated 

against condition categories that have been numerically defined, as opposed to the 

descriptive qualitative condition assessments done when monitoring data are absent (e.g., 

Parrish et al., 2003; Hockings et al., 2008; Parks Canada, 2011). I provide 

recommendations for both managers and scientists in terrestrial and marine protected area 

management agencies around the globe to improve the use of biological monitoring data, 

by implementing quantitative condition assessment in MEE (Figure 1.1). 

In the final research chapters in this thesis (Chapters 5 and 6), I introduce two 

methodological approaches to improve the use of long-term environmental monitoring 

data in evidence-based conservation management. These approaches focus on the 

development of management thresholds to assist decision-makers with interpreting 

ecological monitoring data, and alerting when management intervention is required to 

address undesirable ecosystem changes (i.e., state-dependent management; Figure 1.1). 

The approaches are designed to be relevant for two different decision contexts, when 

management thresholds must be set for environmental indicators by focusing: i) solely on 

the environmental dimension of the decision context; or, ii) on the environmental, social 

and/or economic dimensions of the decision context. 

To illustrate these approaches I use a case study of the management of rocky intertidal 

reefs in MPAs in Victoria, Australia. An ecological indicator of rocky intertidal reefs is 
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the brown alga, Hormosira banksii (Pocklington et al., 2012). H. banksii is a key 

ecological species on rocky intertidal reefs, as it is an important habitat provider for many 

invertebrate and algal species (Schiel, 2006; Pocklington, 2012). It is also susceptible to 

trampling by visitors at low tide (Povey & Keough, 1991; Keough & Quinn, 1998; Schiel 

& Taylor, 1999), making it an important species to monitor to understand whether 

undesirable ecosystem changes are occurring on rocky intertidal reefs. There is a 

substantial amount of experimental research and long-term monitoring data available on 

H. banksii within Victoriaôs MPAs (Povey & Keough, 1991; Keough & Quinn, 1998; 

Brown et al., 2013). Thus, this case study provides a good foundation to demonstrate how 

to set management thresholds for conservation more broadly using the two 

methodological approaches. In addition, the management agency responsible for 

Victoriaôs MPAs, Parks Victoria, intend to use management thresholds to interpret 

monitoring data and to manage intertidal rocky reefs. This makes my research directly 

applicable to Parks Victoriaôs current work program. 

In Chapter 5, I introduce control charts as a statistical tool to explicitly link long-term 

monitoring data with evidence-based conservation management (Figure 1.1). Control 

charts have been used for decades in industrial applications (Montgomery, 2009), but 

only recently have been advocated as tools to support evidence-based environmental 

management (ANZECC, 2000; Burgman, 2005; Morrison, 2008). I present a series of 

practical steps to implement control charts in order to set statistically informed 

management thresholds for state-dependent conservation management. These steps are 

incorporated within a structured decision-making framework to emphasise the need for 

logical and transparent model development in conservation decision-making (a concept 

introduced in Chapter 2; Gregory et al., 2012). This research draws on a variety of 

statistical modelling techniques such as control charts (Montgomery, 2009), stochastic 

data simulation (Jones et al., 2009), and Type I and II error performance assessment 

(Mapstone, 1995). 

In Chapter 6, I introduce an alternative approach to setting management thresholds 

(Figure 1.1). This is a participatory modelling approach, designed to be useful when 

management thresholds: i) must be set for environmental indicators in the face of multiple 

competing objectives; ii) need to incorporate both scientific knowledge and value 

judgments; and, iii) must be set by participants with limited modelling experience. The 
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approach developed follows the steps of structured decision-making, again emphasising 

the need for logical and transparent model development (Gregory et al., 2012). The 

approach uses a novel combination of techniques to assist with setting conservation 

management thresholds. These are considered particularly engaging for participants with 

limited modelling experience, such as scenario planning (Peterson et al., 2003) and 

multicriteria decision analysis (von Winterfeldt & Edwards, 1986). 

In my final chapter (Chapter 7), I draw together the findings from each research chapter 

and discuss the implications of my research findings within the context of improving the 

use of scientific evidence in conservation management around the globe. 
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CHAPTER 2  Why use models? Practical solutions to make 

models indispensable in conservation decision-

making 

~ Contribution to thesis aims ~ 

Identifying barriers: In this chapter I identify common objections made by decision-

makers to the use of models in interpreting scientific evidence. 

Developing practical solutions: I develop a series of practical solutions to assist 

scientists in improving the effectiveness and relevance of models in conservation 

decision-making around the globe. 
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Abstract 

Decision-making for conservation management often involves evaluating risks in the face 

of environmental uncertainty. Models support decision-making by synthesizing available 

evidence in a systematic, rational and transparent way, and provide a platform for 

exploring and resolving uncertainty about the consequences of management decisions. 

Despite their benefits, models are still not widely used in conservation decision-making.  

We provide evidence of common objections to the use of models in environmental 

decision-making. In response, we present a series of practical solutions that are based on 

theory, empirical evidence and best-practice examples to assist modellers in substantively 

addressing these objections. Structured decision-making is a recommended framework to 

guide good modelling practice in decision-making. We highlight a variety of modelling 

techniques that can be used to support the structured decision-making process. 

Participatory decision-making is crucial to improve the knowledgebase and social 

acceptance of decisions, and can facilitate better conservation outcomes. Improving 

communication and building trust are key to successfully engaging participants, and we 

suggest some practical solutions for modellers develop these skills. If implemented, these 

practical solutions could help broaden the use of models, forging essential linkages 

between science and conservation management. 
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2-1 Introduction  

Decision-making for conservation management often involves evaluating risks when 

ecological knowledge is incomplete and outcomes are uncertain (Regan et al., 2005). 

Decision-making under uncertainty can be difficult, even paralysing when set against a 

backdrop of competing social, economic and political objectives (Ludwig et al., 2001; 

Burgman, 2005; Knight et al., 2006). Models offer a way of dealing with uncertainty and 

complexity in decision-making. Models are a purposeful representation of a system, 

hypothesis or experiment, and include any useful form of abstraction to assist thinking 

(Starfield et al., 1990). Good modelling practice offers a systematic, rational and 

transparent platform for synthesising existing knowledge, exploring the consequences of 

management alternatives, and identifying and evaluating uncertainty (Starfield, 1997; 

Burgman, 2006). Detailed quantitative models are not a requirement for all decisions, as 

both qualitative and quantitative representations of a system can effectively support 

decision-making. Sound models can be formulated using empirical data or structured 

expert judgement, and should be answerable to data and the fundamental rules of 

probability and logic. 

There are numerous examples where models have helped conservation management 

decisions, including: the successful re-introduction of multiple populations of the hihi in 

New Zealand (Armstrong et al., 2007); the successful re-introduction of gray wolves and 

management of harvest quota for elk in Yellowstone National Park, USA (Varley & 

Boyce, 2006); the successful conservation efforts to protect the Kemp's ridley sea turtle 

in the Gulf of Mexico from anthropogenic stressors (Crowder & Heppell, 2011); and, 

informing the adaptive management of trawl fishing in the north-west shelf of Australia 

to mitigate impacts on marine biodiversity (Sainsbury et al., 1997; Sainsbury et al., 2000). 

However, despite their demonstrated benefits, there remain many cases where models are 

not used in conservation decisions (Cowling et al., 2003; Roux et al., 2006; Knight et al., 

2008). Instead, conservation decisions are often made using unstructured subjective 

judgments such as intuition, personal experience or unaided expert opinion (Sutherland

et al., 2004; Pullin & Knight, 2005; Cook et al., 2010).  

Unstructured subjective judgments can lead to conservation decisions that lack 

transparency, as the biases and assumptions of individuals making decisions are not 
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explicitly explored (Burgman et al., 2011b). The rejection of models in favour of such 

unstructured judgments can lead to unintended and unacceptable social, economic, 

political and environmental outcomes. In many cases, heeding model predictions over 

unstructured subjective judgments could have averted significant social and/or 

environmental costs of poor conservation decisions. Examples include: the decline and 

local extinctions of Iberian lynx populations (Palomares et al., 2011); the invasion of the 

zebra mussel throughout North American waterways, incurring vast economic and 

ecological impacts (Clark et al., 2001; Strayer, 2008); and large-scale tree mortality and 

ecosystem collapse in North American pine forests as a result of a rapid range expansion 

of mountain pine beetles (Willms, 2010). 

Not all models that are used to support conservation decisions are good. There are many 

cases where ill-informed or inappropriate models have led to sub-optimal conservation 

outcomes. For example, decisions based on fisheries models that overestimated stock 

sizes led to the overfishing and eventual collapse of Canadian stocks of Atlantic cod, 

which in turn resulted in major social and economic impacts (Walters & Maguire, 1996). 

The input of improbable assumptions in a model used to inform Florida panther 

management produced inaccurate inferences about habitat suitability that permitted 

development in important habitat areas (Beier et al., 2006). In these cases, models were 

inappropriate to support the decision context. 

Why are models adopted to support decision-making in some instances and not in others? 

We explore this question by assessing common objections to using models in decision-

making from several fields of environmental management. We address a lack of guidance 

in the literature by presenting practical solutions assist modellers in substantively 

overcome these objections. Our aim is to assist modellers improve the effectiveness and 

relevance of their work in supporting conservation decision-making. 

2-2 Common objections to the use of models in decision-making 

Scientific and grey literature were reviewed for evidence of the views and attitudes 

towards the use of models by those who commonly participate in environmental decision-

making. A simplified definition of participants is used in this chapter (and throughout this 

thesis), acknowledging that participants can have multiple roles as decision-makers (those 

with the legal/regulatory right or responsibility for the decision), stakeholders (those 
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involved in or affected by a decision), and experts (scientists and others with direct 

experience or knowledge of the problem at hand; Burgman et al., 2011b). 

The web-based resources Google, Google Scholar, and Thomson Reuters Web of Science 

were used to search for literature from the past two decades. Published surveys and papers 

were searched that document the opinions of participants, and a range of government and 

organisation guidelines and reports that provide commentary on the use of models in 

decision-making. Literature for this review was sourced from the fields of conservation, 

fisheries, water resource and weed management, climate science and biosecurity. Nine 

common objections to the use of models in environmental decision-making emerged, 

which relate to three broad categories: i) the role of models in decision-making, ii) 

modelling practice, and iii) model outputs (see Table 2.1 for the nine common objections 

including two quotations that highlight each objection). 
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Table 2.1 Common objections to the use of models in decision-making, including two quotations that highlight each objection. 
The role of models in decision-making 

1. We donôt need models for decision-making, we have experts 
 Where there is a ñlack or inconclusiveness of fundamental science, or the lack of data, or where data reliability is questionable... quantitative risk analyses

cannot be sensibly undertaken. Where this is the case, expert opinion is usedò (Beale et al., 2008). 
 I am ñgood at doing what [I] do and... trust [my] own decisionò (a common perception of graziers (decision-makers) cited in Marshall (2010)). 

2. Developing and using models in decision-making is too resource intensive  
 ñReserve selection algorithms are comparatively resource-hungry. In most countries conservation is grossly under-funded, and for many organizations the

cost of hardware, an expert operator, and the experimentation required may inhibit the use of reserve selection algorithms (even if the software itself is

free)ò (Prendergast et al., 1999). 
 ñWater managers, due to lack of resources and time have a need for better model-based tools as a means to support increasingly complex decision making

but that same lack of time and resources prevents them from being able to invest time and resources into the models, if the researchers cannot invest the

time in providing the type of non-technical requirements (such as maintenance, model re-calibration; documentation, confidence, usability) they requireò 
(Borowski & Hare, 2007). 

Modelling practice 

3. Models do not represent my conceptual understanding of the decision context 
 ñModels did not adequately incorporate or simulate managers’ experiential knowledgeò (Heagney et al., 2011). 
 ñGrower decisions include too many judgment factors and life situation variables for the models to be usefulò (Wilkerson et al., 2002). 

4. Models focus on environmental considerations of the decision context, but fail to capture the social, economic and political factors which influence conservation 
management options 
 ñI still think the human mind is better at processing this information if you have all the informationò (a statement made by decision-maker in Hajkowicz 

(2007)). 
  ñCurrently available models are too simple because they do not consider the effects of cultural practices ... on weed competitiveness when making

recommendationsò (Wilkerson et al., 2002). 
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Table 2.1 continued Common objections to the use of models in decision-making 

Modelling practice continued 

5. Models are either too complicated or too simple 
 ñAlthough scientific models are simplifications of reality, many remain so complex that they are seen as black boxes instead of transparent analytical toolsò 

(De Smedt, 2010). 
  ñFrom a biological standpoint… currently available models are too simpleò (Wilkerson et al., 2002). 

6. There are insufficient data to do quantitative modelling  
 ñTo work effectively, sophisticated methods of site selection usually require higher-quality data than most managers can ever expect to haveò (Prendergast

et al., 1999). 
  ñQuantitative (numerical) risk assessments are not common in a management context ... because the data requirements are onerous, especially considering

that little information is available about the impacts of many introduced marine speciesò (Hewitt et al., 2011).  

7. Inadequate data quantity/quality leads to inaccurate model predictions  
  ñModels themselves are currently too inaccurate to be of value in real-time decision making because insufficient data have been used in model development

for them to accurately predict competitive effects and yield losses in most situationsò (Wilkerson et al., 2002). 
 Decision-makers are ñnot convinced that seasonal climate forecasts can be very accurate...ò and that there is ñnot much point in a seasonal forecast that is

vagueò (a common perception of graziers (decision-makers) cited in Marshall et al., 2010). 

Model outputs 

8. I donôt understand the way scientists communicate 
  ñIt is often difficult understanding scientific informationò (a common perception of graziers (decision-makers) cited in Marshall (2010)). 
 ñAnother constraint identified by water managers ...was the lack of communication between water managers and researchers... Neither are they sharing the

same language for expressing results or the requirements of modelsò (Borowski & Hare, 2007). 

9. Model outputs are too uncertain for decision-making 
  ñWater managers see a good potential to use models but they displayed an obvious lack of confidence in them –even in some of their own in-house

models...this lack of confidence can be overcome by investing resources into better forms of model uncertainty analysis and its communicationò (Borowski 
& Hare, 2007). 

  ñMany agency people apparently view admission of uncertainty as admission of weakness, and assume that the outcome of admitting weakness will be

inaction or ineffective compromise policy... It is very difficult to convince people who adopt such views that they will gain more credibility with political

decision makers by openly admitting uncertaintyò (Walters, 1997). 
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2-2-1 The role of models in decision-making 

Decision-makers may simply prefer to use unstructured subjective judgements to a 

modelôs predictions (Objection 1, Table 2.1). This may be because decision-makers: i) 

have a well-established relationship with trusted experts (Cullen et al., 2001); ii) are 

unfamiliar with working with models (Pidgeon & Fischhoff, 2011); iii) believe that 

models do not result in better decisions (Hajkowicz, 2007; Marshall et al., 2010); iv) fear 

that models may diminish their autonomy in the decision-making process (Heagney et

al., 2011); or, v) feel that modellers, as organisational outsiders, have disparate agendas 

(Gibbons et al., 2008). 

Many decision-makers also view model development and use as too resource intensive 

(Objection 2). In some cases, particularly for small-scale environmental problems, this 

might be true (Possingham, 2009). Alternatively, decision-makers may have limited 

access to the requisite technical expertise and outsourced modelling may be prohibitively 

expensive (Prendergast et al., 1999).  

2-2-2 Modelling practice 

Decision-makers may consider models to be inaccurate or inappropriate for a number of 

reasons. For instance, when a model does not represent a decision-makers conceptual 

understanding (Objection 3), or adequately capture the social, economic and political 

elements of a decision (Objection 4). Models may be judged as too simple or too complex 

to be useful to environmental decision-making (Objection 5). For example: models are 

seen as too complicated when they are not understood by participants (Pidgeon & 

Fischhoff, 2011), or too simple when participants do not believe all relevant factors are 

incorporated into models (Wilkerson et al., 2002). Models may be considered as having 

limited capacity for decision support when there is a lack of data to construct a 

quantitative model (Objection 6), or because inadequate data quality or quantity leads to 

inaccurate model predictions (Objection 7). In some cases, these points are used to justify 

qualitative analysis or the use of unaided expert opinion (Dinerstein et al., 2000; Beale et

al., 2008).  
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2-2-3 Model outputs 

Participantsô acceptance of model outputs, such as predictions of ecosystem effects and 

evaluation of the effectiveness of management alternatives, can be compromised by 

modellersô poor communication (Objection 8). For instance, modellers can fail to cater to 

differing levels of technical understanding and reasoning styles of their audience 

(Anderson, 2001; McNie, 2007). Decision-makers can also feel overwhelmed when 

presented with multiple possible outcomes from model outputs (Pidgeon & Fischhoff, 

2011), and can struggle with the uncertainty associated with model outputs (Objection 9). 

In fact some decision-makers are averse to openly admitting uncertainty (Walters, 1997).  

By classifying common objections to models into these three main categories in Table 

2.1, we note that many of the nine objections may apply to more than one category. For 

example, objections relating to model uncertainty may affect participantsô views of the 

role of models in decision-making, modelling practice and their acceptance of final model 

outputs. 

2-3 Practical solutions 

The common objections outlined in Table 2.1 are symptoms of: i) misconceptions about 

the role of models in decision-making, ii) poor modelling practice, and iii) a lack of 

effective communication and/or trust between modellers and decision-makers. We 

present a series of practical solutions to address these issues (Table 2.2). These solutions 

are based on theory, empirical evidence (comparative studies and qualitative research) 

and best-practice examples of the use of models from conservation science, natural 

resource management and social science.  
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Table 2.2 Practical solutions to overcome the common objections to using models in 

decision-making for conservation management. 

Practical Solutions  Helps address 
common 
objections: 

1. Dispel common misconceptions about modelling 1, 3ï7 

2. Use a structured decision-making framework to guide good modelling practice 
(Figure 2.1) 

 

a) Use the problem formulation stage to develop clear objectives and 
management alternatives for the decision context  

b) Model consequences with participants to adequately capture the complexity 
and uncertainty of decisions 

c) Evaluate the effectiveness of management using statistical or process 
models 

3, 4 

1, 3ï9 

 

 

5, 8, 9 

3. Improve the social process of decision-making by engaging with decision-
makers, stakeholders and experts in participatory decision-making 

1ï9 

4. Improve communication  
a) Practice Daniels & Walkerôs (2001) seven key competencies of 

communication (Box 2.1) 
b) When adequate communication skills are lacking seek specialist training, or 

use a skilled facilitator to assist with a participatory modelling process  
c) Present brief scientific outputs in plain and accessible language  
d) Use storytelling (images, scenarios and personal narratives) to enhance 

communication 

 

1ï9 

1ï9 

8, 9 

8, 9 

5. Build trust  
a) Establish frequent personal contact with decision-makers, e.g., face-to-face 

meetings, telephone calls and emails  
b) Actively engage participants in decision-making, and promote genuine 

opportunities for involvement and collaboration  
c) Communicate the outcomes of the decision-making process with the wider 

community to gain trust  

 

1ï9 

1ï9 

1ï9 
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2-3-1 Dispel common misconceptions about modelling 

Modellers should dispel common misconceptions about models in decision-making 

(Practical solution 1; Table 2.2). Achieving this requires modellersô to develop an 

understanding of decision-makersô perceptions of the role of models in decision-making, 

and an awareness of their own role in the decision-making context. Modellers should 

anticipate the objections such as those listed below, and could use the following points in 

rebuttal. By explicitly addressing these misconceptions early in the model building 

process, modellers will provide ample opportunity to dispel common misconceptions 

about models. This should help achieve greater buy-in from participants regarding the use 

of models to support decision-making. 

 Models diminish the autonomy of decision-makers (Objection 1): Models are tools 

for helping us think, not arbiters in decision-making contexts. They provide 

decision support and do not replace decision-makers (Starfield, 1997). It is 

important that both decision-makers and modellers are clear that a modellerôs work 

is embedded in the decision-making context. That is, just because a modeller has 

built a model does not mean they have ownership of the decision context; rather, 

they are only assisting the decision-making process. 

 Models are too simple or complex, and do not represent decision-makers’

conceptual understanding or incorporate all of the considerations of the decision-

context (Objections 3–5): This misconception can be valid, particularly when 

modellers have failed to develop a model that is appropriate to the decision context. 

Along with improving modelling practice, modellers should communicate that all 

models are simplifications of reality, vary in detail and complexity and need not 

accurately or faithfully represent reality to be useful (Box, 1979; Starfield et al., 

1990). It is important to also highlight that individualsô mental models, which 

reflect their conceptual understanding of the decision-making context, are also 

simplifications of reality and will differ based on individual values, perspectives 

and biases (Vennix, 1999; Biggs et al., 2011). Decision-makers should also realise 

that their own perception of a decision-making context will be subject to a number 

of assumptions and biases, which may differ from the perceptions of others 

(Burgman et al., 2011b). 
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 Data are insufficient for modelling, or data quantity/quality will generate

inaccurate predictions (Objections 6 and 7): A lack of data does not preclude 

model-building (Starfield et al., 1990). Decisions are often based on incomplete 

data and models are able to formally capture existing knowledge in the form of 

structured expert judgement and/or empirical data (Walters, 1986; Krueger et al., 

2012). Modellers should ensure that models sit within the constraints of the 

decision-making context (Hajkowicz et al., 2009; Possingham, 2009) and that 

model predictions do not infer a level of accuracy that is greater than the 

information used to build them. The choice of modelling technique will also 

depend on whether qualitative or quantitative predictions are required for the 

decision context. 

2-3-2 Improve modelling practice 

Structured decision-making can provide a sound foundation for improved use of models 

in decision-making (Practical solution 2; Figure 2.1; Holling, 1978; Walters, 1986). A 

structured decision-making framework systematically incorporates participant values, 

objectives and knowledge in decision-making (Keeney, 1996; Runge et al., 2011). 

Structured decision-making frameworks use a broad suite of decision-analysis techniques 

to aid rigorous, transparent and logical decision-making (Figure 2.1). The adaptive 

management feedback loops of structured decision-making are for recurrent decisions. 

Adaptive management can assist decision-makers in clarifying uncertainty through time, 

and aims to maximise learning and management outcomes (Williams et al., 2009; Runge, 

2011). 
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Figure 2.1 The structured decision-making framework, adaptive management feedback 

loops, and supporting modelling techniques (adapted from Addison et al. 

(2013)). 

Problem formulation 

Problem formulation involves appropriately defining the decision context by including 

participant values and considering regulatory requirements (Practical solution 2a; Figure 

2.1; Keeney, 1994; Runge, 2011). This process should also involve developing clear 

objectives and feasible management alternatives for the decision context. This is a 

creative and iterative process to stimulate and clarify thinking about management 

objectives, constraints, threats/risks and their consequences (Keeney, 1994). This is a 

critical step used to define the objectives that drive the rest of the decision-making process 

(Keeney, 1996). Modellers should be involved in problem formulation so that they have 

a clear understanding of the decision context when developing their model to evaluate 

management alternatives (see ñModelling consequences, trade-off and actò). 
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Engaging participants during the problem formulation stage enhances the potential for a 

model to address relevant environmental, social, economic and political values, 

improving representation of different conceptual understandings, and facilitating a 

collective understanding of the problem (thus overcoming Objections 3 and 4; Sandker

et al., 2010; Biggs et al., 2011). There are a range of qualitative techniques that can be 

used to elicit structured expert judgements to assist in problem formulation (Figure 2.1). 

For example, values-focused thinking (Keeney, 1994), and conceptual models (visual 

qualitative models; Heemskerk et al., 2003) can assist to clarify participantsô thinking, 

promote exploration of individual biases and assumptions of the decision context, and 

assist in developing a shared understanding of the problem. One application is that of 

Sandker et al. (2009) who explored future scenarios of the decision-context with 

participants, utilising conceptual models and participantôs knowledge of historic events. 

This provided a foundation for participants to develop objectives and explore 

management alternatives in subsequent modelling steps.  

Modelling consequences, trade-off and act 

Models can be used to explore the consequences of management alternatives, in relation 

to the objectives identified in the problem formulation stage (Practical solution 2b; 

Walters, 1986; Williams et al., 2009). These are models of cause-and-effect, which are 

often referred to as process or system models. 

Decisions are often made in the face of uncertainty or poor knowledge. Typically, it is 

difficult to make these decisions subjectively, such as using unaided expert judgment, as 

transparency of the decision-making process can be compromised (Burgman et al., 

2011b). Both quantitative and qualitative models can be used to represent existing 

knowledge, and identify, explore and resolve the critical uncertainties that impact on 

management decisions (Ramsey & Veltman, 2005; Rumpff et al., 2011). A range of 

modelling techniques can be used to model consequences (Figure 2.1). The choice of 

modelling technique will depend on the available ecological and management 

information, and whether qualitative or quantitative predictions are required for the 

decision context. Whilst informing and validating model parameters with empirical data 

is ideal, a lack of empirical data does not prohibit model building (Starfield et al., 1990). 

Structured expert judgement acquired from elicitation techniques can be used to provide 

data or supplement existing empirical data to inform estimates of model parameters (e.g., 
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Kuhnert et al., 2010; Runge et al., 2011). Such techniques offer a structured and 

transparent process to elicit participantsô judgments, and associated uncertainty relating 

to model parameters (Speirs-Bridge et al., 2010; Krueger et al., 2012; Martin et al., 2012). 

Using the adaptive management feedback loops, models can be updated with scientific 

evidence measuring the effectiveness of experimental management or the existing 

management approach. The process of updating knowledge is particularly useful in 

resolving the impacts of uncertainty on management decisions (i.e., using the evaluation 

step and learning and review feedback loops; Figure 2.1; Williams et al., 2009; Runge, 

2011).  

To ensure relevance to the decision context, involvement of original participants should 

continue during model building. This will promote shared understanding and better 

represent the varied conceptual understandings of cause-and-effect relationships 

underlying the system. Recognition that models can appear logically counter-intuitive to 

participants without modelling experience may prompt modellers to select a particular 

modelling technique for specific circumstances. For example, modellers may opt for 

techniques that retain the visual conceptual model used to formulate the problem, such as 

Bayesian networks (Nyberg et al., 2006; Rumpff et al., 2011), which allow direct 

translation of data into a quantitative model format. Retaining this visual aspect can be 

useful to highlight to participants the information and assumptions contained within the 

model (Lynam et al., 2007), thus avoiding the perception that models are black boxes 

(Objection 5). 

There are relatively few published examples that illustrate the involvement of participants 

in modelling consequences, followed by the clear implementation of a model in 

conservation decision-making. The most well-known example is the adaptive 

management of Mallard ducks by the US Fish and Wildlife Service, where managers were 

involved in the process of structuring hypotheses and models to determine appropriate 

harvest rates of waterfowl (Nichols et al., 2007). Other examples include Irwin and 

Kennedy (2008) and Lynam et al. (2010), who describe the process of engaging 

participants in workshops to structure and parameterise Bayesian networks to support 

adaptive management projects for river and estuarine ecosystems. Runge et al. (2011) 

and Moore and Runge (2012) also engage managers in problem formulation and 

elicitation of predictions of the consequences of management alternatives, using expected 
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value of information analysis, to assess the need for adaptive management of critically 

endangered species and invasive weeds respectively.  

Evaluation 

The decision made following the modelling stage of structured decision-making must be 

evaluated in order to understand the effectiveness of this decision, and assist with the 

learning and review feedback process of adaptive management (Gregory et al., 2012; 

Figure 2.1). Monitoring the natural system being managed is a direct way to measure the 

effectiveness of a decision (Lyons et al., 2008). There are a plethora of statistical 

modelling techniques that can be used to interpret monitoring data (e.g., Quinn & 

Keough, 2002; McCarthy, 2007; Sokal & Rohlf, 2012). As with the process models used 

to model consequences, the statistical models used in the evaluation stage of structured 

decision-making will depend on the type of monitoring data available (quantitative or 

qualitative). Modellers should remain considerate of their audience and use statistical 

models that produce simple and intuitive outputs for decision-makers, who may have 

limited statistical training. For example, control charts are an effective decision-making 

tool used in industrial applications (Shewhart, 1939; Montgomery, 2009).These are 

particularly useful for interpreting time-series data and have been advocated by 

environmental scientists to understand the effectiveness of management (ANZECC, 

2000; Morrison, 2008; Burgman et al., 2012; see Chapter 5 for a detailed discussion of 

control charts). 

Despite modellersô best efforts, decision-makers may still disregard model outputs or 

continue to reject models as tools for decision support. There can be many reasons for 

this, including the influence of unspecified competing objectives from participants, or the 

effect of emotionally-charged or highly politicised situations. Modellers may find they 

have little influence in these circumstances (Lee, 1993). However, a modeller can address 

competing environmental, social and economic objectives from participants that are 

revealed through the modelling process. It may be that competing objectives are not 

deliberate, however once revealed these can be used to reformulate the problem and re-

model consequences with participants. 

The modelling techniques highlighted in this section cover a range of qualitative and 

quantitative approaches, some of which are much more complex and resource intensive 

than others. Most importantly modellers should realise that a model is not an end in itself 
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(Lynam et al., 2007); rather models should be used for decision support and sit within the 

constraints of the decision-making context (Hajkowicz et al., 2009; Possingham, 2009). 

By choosing a model that is fit-for-purpose, following a structured decision-making 

framework, involving participants and demonstrating the benefits of using models in 

decision support, modellers will begin to overcome decision-makersô preference of using 

unaided expert opinion over models (Objection 1), doubts about modelling practice 

(Objections 3ï7) and model outputs (Objections 8ï9). 

2-3-3 Improve the social process of decision-making 

A structured decision-making framework provides an opportunity for active participation 

in modelling and decision-making, but on its own does not encompass the means of 

facilitating the social dynamics of such participatory processes (Cundill et al., 2012). The 

social aspects of participatory processes are rarely included in conventional scientific 

training (McNie, 2007), thus we discuss the importance of engaging participants, 

improving communication and building trust here. 

Participatory processes, by engaging participants in model building and decision-making 

workshops for example, has been shown through empirical evidence to improve 

management decisions in three ways (Practical solution 3): 

i) Knowledgebase improvements: where participants contribute new information, ideas 

and solutions that improve the quality of decisions (Beierle, 2002; Bijlsma et al., 

2011);  

ii) Social benefits: where participantsô learning is enhanced, and they have a greater 

sense of ownership of decisions, leading to greater social acceptance and uptake of 

decisions (Wassen et al., 2011; Muro & Jeffrey, 2012); and,  

iii) Environmental benefits: where conservation outcomes are more effective (Brody, 

2003; Sultana & Abeyasekera, 2008). 

Best-practice examples of participatory processes have shown that involving participants 

in the initial stages of decision-making promotes buy-in to the modelling process and 

decision outcomes (Stauffacher et al., 2008; Sandker et al., 2009; Franzen et al., 2011). 

However, effectiveness of the participatory process, rather than the mere inclusion of 

participants, is central to success of participatory decision-making (Raymond et al., 

2010). For example, empirical evidence suggest that active involvement of participants 
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in formulating problems and contributing to management decisions can improve the 

social benefits of decision-making (as recommended in Section 2-3-2; Yaffee & 

Wondolleck, 2000; Beierle, 2002). A balanced representation of participants (i.e., 

involving experts from different disciplines and various stakeholder groups) can improve 

the knowledgebase of decisions as well as having social and environmental benefits 

(Newig & Fritsch, 2009; Arvai & Froschauer, 2010). Finally, involving participants with 

prior knowledge or involvement in the decision context can improve the knowledgebase 

of decisions (Alberts, 2007).  

Modellers should be aware that participatory model building can become complicated 

when participants hold divergent views (Vennix, 1999; Biggs et al., 2011), or when 

participants believe they play dual roles in a decision-making context (e.g., both an expert 

and a stakeholder; Burgman, 2005). Modellers may not be able to remedy such challenges 

through the model building process, although improving communication skills and trust 

building will help (see Improve communication and Build trust). By actively engaging 

participants in decision-making, modellers will be able to highlight the benefits of using 

models in decision support, and address common objections to models (Objections 1ï9; 

Table 2.1).  

Improve communication 

Good communication is the foundation of effective engagement, collaboration and the 

acceptance of management decisions (Roux et al., 2006; Welp et al., 2006; Reed, 2008). 

In contrast, poor communication can lead to detrimental environmental outcomes. For 

example, the damaging biological invasions mentioned earlier (e.g., Clark et al., 2001; 

Willms, 2010) might have been mitigated if early risk communications were incorporated 

into decision-making. 

As noted earlier, various modelling techniques can improve participatory decision-

making, thus easing communication challenges (Figure 2.1). In addition, Daniels and 

Walkerôs (2001) seven key competencies in communication can help modellers become 

better communicators (Box 2.1; Practical solution 4a). Unsurprisingly one-way 

communication is less engaging for participants when compared to two-way, face-to-face 

communication (Borowski & Hare, 2007; Newig & Fritsch, 2009). Active listening, and 

demonstrating respect, openness, honesty and understanding also creates more 

constructive interactions (Lewis & Relnsch, 1988; Tuler & Webler, 1999). 
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Box 2.1 Seven key competencies in communication (adapted from Daniels and Walker 

(2001)).  

1. Active listening to demonstrate respect and to be exposed to othersô views.  
2. Questioning and clarification to elicit and share information and to build an understanding of others 

views, preferences and positions for representation in models.  
3. Feedback to enhance the learning process and focus discussion on matters of substance, 

relationships, or procedure.  
4. Self-monitoring to heighten awareness of our own behaviour and its effect on others (e.g., being 

sensitive to cultural, identity and relational differences). 
5. Dialogue to develop shared understanding. This involves two-way communication, where all parties 

suspend judgment, and actively and empathetically listen. 
6. Model constructive communication behaviour to serve as an example for others to replicate.  
7. Collaborative and constructive argument to pool the knowledge and analytical skills of all parties, 

and to deepen and transform individual knowledge.  
 
Modellers with under-developed communication skills should seek specialist training in 

communication or employ a skilled facilitator to assist with engaging participants in 

modelling (Practical solution 4b; Daniels & Walker, 2001; Gibbons et al., 2008; Reed, 

2008). Some useful guidelines for group facilitation can be found in Robinson (2005) and 

NOAA (2007), and see Franco and Montibeller (2010) for guidelines on facilitated 

modelling techniques from the field of operational research. Cash et al. (2006) 

recommend that people who are known and trusted by decision-makers and stakeholders 

are the most effective facilitators. Conversely, empirical evidence suggests that 

facilitators should be independent of the decision-making organisation and modeller 

(Mostert et al., 2007). Clearly, modellers and decision-makers should assess the 

suitability of different facilitators on a case-by-case basis.  

Communicating model outputs is a crucial aspect of participant engagement (Cash et al., 

2006; Borowski & Hare, 2007). Modellers should be able to convey their message to 

different audiences, catering to different levels of technical experience (Anderson, 2001; 

Lach et al., 2003). Brief outputs written in plain and accessible language are effective for 

communicating with non-scientific audiences (Practical solution 4c; Janse, 2008). 

Modellers should practise creative ways to communicate such as storytelling, where 

images, scenarios and personal narratives are used to engage participants, giving them a 

broad understanding of the decision context regardless of prior knowledge (Practical 

solution 4d; Moser & Dilling, 2004; Marx et al., 2007; Somerville & Hassol, 2011). 

By investing time in communicating well with participants, modellers will create genuine 

opportunities for participants to contribute to the model building process. Good 



Chapter 2: Making models indispensable in conservation decision-making 

30 

communication skills will also give modellers an opportunity to demonstrate the 

relevance of their role in decision-making, promote the acceptance of model outputs, and 

assist with dispelling many of the common objections to models (Objections 1ï9). 

Build trust 

Trust is an essential element of effective participatory processes. A lack of trust can be 

damaging. For example, a lack of trust between scientists and managers was blamed for 

the failure of conservation efforts for the Iberian lynx (Palomares et al., 2011). 

To build trust, a modeller should demonstrate their professional credibility and that of 

their modelling technique (Moser & Dilling, 2004). Effective communication at the early 

stages of a project is crucial. Investing time in two-way communication, such as face-to-

face meetings, telephone calls and emails, will help modellers build trusted relationships 

with decision-makers (Practical solution 5a; Gibbons et al., 2008; Janse, 2008). During 

such interactions, modellers should demonstrate an awareness of political sensitivities, 

the relevance of their model to the decision-context, and a willingness to change and adapt 

their approach if required by participants (Gibbons et al., 2008; Lusiana et al., 2011). In 

particular, a modeller should not allow their values relating to a decision context influence 

their work. Remaining impartial is essential for models to support decision-making 

(Krueger et al., 2012). Such honest brokering is crucial for modellers to build and 

maintain trust with decision-makers (Pielke, 2007), but can be very challenging as 

modellers who work closely with decision-makers are bound to form value judgments 

about the decisions in which they are involved.  

As previously mentioned, simply involving participants in the modelling and decision-

making process will not guarantee success, nor will it guarantee trust in modellers. To 

build trust, modellers should carefully address the following perceptions of participatory 

processes:  

i) Participantsô perception that their involvement in decision-making is merely a token 

gesture (Voinov & Bousquet, 2010);  

ii) Expertsô and decision-makersô perception that ólayô stakeholder opinions are 

untrustworthy and undermine the scientific credibility of management decisions 

(Treffny & Beilin, 2011); and, 
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iii) Decision-makersô perception that participation of external stakeholders may delay or 

even halt a decision (Berghºfer, 2007).  

Trust between participants and modellers can be strengthened by addressing these 

perceptions, and engaging participants in active group decision-making where there are 

genuine opportunities for collaboration (Practical solution 5b; Sultana & Abeyasekera, 

2008; Eden, 2011). Finally, trust can be deepened between modellers and the wider 

community (those not actively involved in the decision-making process), by widely 

communicating the outcomes of the decision-making process (Practical solution 5c; 

Arvai & Froschauer, 2010). 

Modellers who use good communication, maintain effective participant engagement, and 

use models suitable for the decision context should begin to build trust with participants. 

Of course this may take a very long time to establish, but once established this will put 

modellers in a much better position to address many of the common objections to models 

(Objections 1ï9). 

2-4 Conclusion 

The practical solutions provided in this chapter are globally applicable and designed for 

modellers to improve the effectiveness and relevance of their work in conservation 

decision-making. Modellers should view their contribution to decision-making as a 

contribution only, as models are one of many tools for decision support. A structured 

decision-making framework can guide good modelling practice, and ensure that models 

incorporate a deep understanding of the decision context. There are a variety of modelling 

techniques that can be used to support decision-making, and modellers should select 

models that are both relevant to the decision context and that will engage participants 

with varying levels of technical experience. Empirical evidence highlights the importance 

of participatory processes, where decision-makers, stakeholders and experts are involved 

in all stages of the modelling and decision-making process. Involvement of participants 

in model building will promote a clearer collective understanding of a problem and can 

improve the knowledgebase and social acceptance of decisions, and facilitate better 

conservation outcomes. Finally, modellers should develop communication skills to build 

trust with participants, providing opportunities to address the common objections to using 

models in conservation decision-making.  
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The practical solutions outlined here represent a vision for the use of models in an applied 

context. These recommendations should help broaden the use of models, forging essential 

linkages between science and management for the improvement of conservation decision-

making. 
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CHAPTER 3 Are we missing the boat? Current uses of long-

term biological monitoring data in marine 

protected area evaluation and management  

~ Contribution to thesis aims ~ 

Identifying barriers: In this chapter I investigate the current use of long-term monitoring 

data by management agencies in the evaluation and evidence-based management of 

marine protected areas. 

Developing practical solutions: I provide recommendations for terrestrial and marine 

protected area management agencies around the globe to improve the use of long-term 

monitoring data in management effectiveness evaluation and evidence-based 

management. 
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Abstract 

Protected area management agencies are increasingly using management effectiveness 

evaluation (MEE) to better understand, learn from and improve conservation efforts. 

Outcome assessment is the final stage of MEE, where conservation outcomes are 

measured to determine whether management objectives are being achieved. When 

monitoring data are available, best-practice examples of outcome assessments 

demonstrate that data should be evaluated against quantitative condition categories.  

We investigated the current use of long-term monitoring data in MEE and evidence-based 

management of marine protected areas (MPAs). Interviews were conducted with 

managers and scientists from management agencies responsible for MPA management in 

Australia to find out how long-term monitoring data are currently being used. This study 

revealed that even when long-term monitoring results are available, management 

agencies are not using them for quantitative condition assessment in MEE. Instead, many 

agencies use these data to inform qualitative condition assessments, where monitoring 

results are interpreted using expert judgement only. Whilst we found substantial evidence 

for the use of long-term monitoring data in the evidence-based management of MPAs, 

MEE is rarely the sole mechanism that facilitates the knowledge transfer of scientific 

evidence to management action. This suggests that the first goal of MEE (to enable 

environmental accountability and reporting) is being achieved, but the second and 

arguably more important goal of facilitating evidence-based management is not. Given 

that many MEE approaches are in their infancy, recommendations are made to assist 

management agencies realise the full potential of long-term monitoring data for protected 

area evaluation and evidence-based management. 
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3-1 Introduction 

Management effectiveness evaluation (MEE) has gained global recognition as an 

important framework to promote the continual improvement of conservation efforts in 

protected areas (Leverington et al., 2010; Coad et al., 2013). MEE involves an assessment 

of the complete management process, beginning with clearly defining the management 

context, through to measuring conservation outcomes to determine whether management 

objectives are being achieved (Hockings et al., 2006; Figure 3.1). In response to the 

growing public demand for environmental accountability, there is a focus on publicly 

reporting MEE results to demonstrate value for money in conservation efforts (Ferraro & 

Pattanayak, 2006). But ultimately MEE is designed to facilitate evidence-based 

management, where the best available evidence is used to inform a management decision, 

thus ensuring the best conservation outcomes for protected areas (Hockings et al., 2006; 

Leverington et al., 2010). 

MEE should draw on all available evidence to support assessments, using both qualitative 

and quantitative data, which relate to social economic and environmental aspects of 

protected area management (Hockings et al., 2009; Cook & Hockings, 2011). Whilst 

qualitative data are appropriate for some aspects of MEE (e.g., where qualitative 

measures adequately reflect an aspect of management, such as stakeholder engagement), 

other aspects of management that can be quantitatively measured (e.g., measuring 

ecological condition) should ideally be based on quantitative data from monitoring or 

research (Hockings et al., 2009). However, a lack of quantitative data often necessitates 

reliance on qualitative information derived from expert judgement in MEE (Hockings et

al., 2009; Cook et al., 2010). 

Outcome assessment is the final stage of MEE, where the condition of important attributes 

is assessed to determine whether management objectives have been achieved or if 

management should be adapted (Hockings et al., 2006). This requires an assessment of 

the condition of biological indicators. When monitoring data are available, these should 

be assessed against condition categories that have been numerically defined (Hockings et

al., 2006; hereafter ñquantitative condition assessmentsò). Quantitative condition 

categories are commonly based on an acceptable range of natural variation of an indicator 

(e.g., Parrish et al., 2003; Hockings et al., 2008; Parks Canada, 2011). For example, the 

United States National Parks Service uses historic long-term monitoring data to define 
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quantitative condition categories for average forest patch size to reflect landscape 

fragmentation due to anthropogenic stressors as: Good (>50 ha); Caution (10ï50 ha); and, 

Significant Concern (<10 ha) (Tierney et al., 2009). Quantitative condition assessments 

can enable more transparent and repeatable evaluation of monitoring data in MEE, and 

when condition categories represent thresholds that trigger management action, promotes 

evidence-based management (Lindenmayer et al., 2013). In addition, condition rating 

scales are designed to simplify complex information about natural systems for public 

reporting (Hockings et al., 2006). 

In cases where monitoring data are lacking, managers may use expert judgment to assess 

condition using qualitative statements (hereafter ñqualitative condition assessmentsò; 

Hockings et al., 2009; Cook et al., 2010). Qualitative condition assessments typically use 

a simple rating scale, but instead of having a numerical basis, condition categories are 

defined using broad statements such as ñGoodðPopulations of a number of significant 

species...have declined significantly...ò (State of the Environment Committee, 2011). 

These qualitative condition categories are subject to differences in interpretation by 

experts, which can seriously compromise the accuracy and repeatability of condition 

assessments (Burgman et al., 2011a; Cook et al., 2014).  

Long-term biological monitoring programs can yield data that are ideal for quantitative 

condition assessments in MEE (Hockings et al., 2006; Tierney et al., 2009). Such data 

can reveal both the current condition and the temporal dynamics of biological indicators 

(Magurran et al., 2010; Sergeant et al., 2012). These two vital aspects assist managers in 

interpreting environmental condition, to determine when a system is moving beyond the 

desirable bounds of natural variability, and to decide when to adapt their management 

approach (Nichols & Williams, 2006). Whilst rigorous long-term monitoring programs 

potentially enhance protected area management, monitoring data can be of limited use 

when programs are not targeted to address management needs (Nichols & Williams, 

2006; Field et al., 2007; Lindenmayer & Likens, 2010). Commonly cited reasons for the 

lack of targeted monitoring include that monitoring programs are led by scientist who are 

independent of management agencies (Legg & Nagy, 2006; Lindenmayer et al., 2012) 

and management and monitoring objectives are often not adequately aligned 

(Lindenmayer & Likens, 2010; Kemp et al., 2012). The cost and expertise required to 

establish and maintain long-term monitoring programs can be a major impediment for 
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management agencies (Lindenmayer & Likens, 2010; Lindenmayer et al., 2012). At 

present, well designed long-term monitoring programs are a rare but valuable resource 

for MEE and evidence-based management. 

The rationale of MEE for improved protected area management has been established over 

the past 15 years (Hockings et al., 2004; Coad et al., 2013). MEE is a framework that 

allows the integration of biological evidence (such as long-term biological monitoring 

data, when it exists) in outcome assessment, which in turn promotes the use of the best 

available evidence to inform management decisions (i.e., evidence-based management; 

Figure 3.1). However, the implementation of MEE is still evolving, with managers citing 

difficulties associated with data availability to inform condition assessments, and ñclosing 

the loopò to ensure MEE leads to evidence-based management (Jacobson et al., 2008; 

Parr et al., 2009; Jacobson et al., 2014). Given the existing challenges in implementing 

MEE, we focus on investigating cases where best-practice MEE could be achieved: where 

long-term biological monitoring data are available to inform MEE. We specifically focus 

on how these data are being used to inform environmental outcome assessments for MEE 

of protected areas and evidence-based management. 
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Figure 3.1 A conceptual model of the management effectiveness evaluation cycle, the 

point where long-term biological monitoring data can be used to assess the 

condition of biological attributes (outcome assessment) and where the results 

of such assessments can lead to evidence-based management (adapted from 

Hockings et al. (2006)).  

3-2 Methodology 

To understand the current use of long-term biological monitoring data in protected area 

management we interviewed protected area managers and scientists in Australia with 

access to long-term monitoring programs. We targeted monitoring programs within 

similar ecosystems that occur in protected areas under similar management contexts. We 

focussed on long-term monitoring programs from Australian marine protected areas 

(MPAs), as these are some of the worldôs longest running monitoring programs, 

significantly contributing to the scientific understanding of the long-term effects of MPA 

protection (e.g., Barrett et al., 2009; Babcock et al., 2010; De'ath et al., 2012). Australiaôs 

MPAs are established for biodiversity conservation and many were gazetted more than 

ten years ago (State of the Environment Committee, 2011). These MPAs fall under either 

state or federal jurisdiction and all management agencies aspire to regularly monitor, 
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evaluate and report on management effectiveness of MPAs (ANZECC, 1999). Like other 

parts of the world, long-term monitoring programs in Australian MPAs predominantly 

assess the effect of protection on subtidal coral and rocky reef communities (Lester et al., 

2009; Babcock et al., 2010; Kemp et al., 2012). 

3-2-1 The long-term monitoring programs 

To identify long-term monitoring programs capable of informing management 

effectiveness evaluation (MEE), we used the following criteria: 

i) Monitoring is conducted in Australian MPAs that include no-take management zones, 

where all extractive activities are banned (IUCN-WCPA, 2008); 

ii) Monitoring is ongoing (as of 2013) and involves field-based, empirical measurements 

with at least five sampling occasions over the preceding ten year period; 

iii) Monitoring programs include the census of fish, invertebrates and/or algae from 

subtidal coral and rocky reef habitats; and,  

iv) Monitoring results are publicly accessible through scientific publications (e.g., 

published reports or peer-reviewed papers), or are available upon request from data 

custodians. 

We used the web-based resources Google, Google Scholar, and Thomson Reuters Web 

of Science to identify monitoring programs that met our selection criteria. We used a 

series of 12 search terms, in the following combinations: (long-term OR monitoring OR 

survey OR surveillance) AND (biodiversity OR rocky OR coral OR reef) AND (marine 

protected area OR MPA OR marine reserve OR marine park). We searched peer-reviewed 

literature, government agency websites and reports, and environmental legislation. 

Bibliographies of literature included in the review were also searched for additional 

literature. 

Seven long-term monitoring programs met our selection criteria (Table 3.1). These 

monitoring programs occur within five networks of MPAs in Australian state and 

Commonwealth waters (see óMPA networkô, Table 3.1). These MPAs are some of the 

oldest in Australia having been established for an average of 20.3 years (ranging from 11 

to 39 years) and have some of longest running monitoring programs, undertaken for an 

average of 18.7 years (ranging from 12 to 27 years; Table 3.1). All monitoring programs 

sample both inside and outside of no-take zones, and either occur in a single MPA or are 
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replicated in several MPAs across a network (Table 3.1). All monitoring programs 

include the visual census of biological variables within shallow rocky reef or coral reef 

habitats. Five of the seven programs were established by organisations independent of the 

responsible management agency (Table 3.1).
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Table 3.1 Long-term monitoring programs associated with Australian marine protected areasi. 

Marine protected area details  Monitoring program details 

Network 
name 

MPA name Year 
declared 

 Monitoring 
program 
name  

Year 
monitoring 
began 

Habitat 
monitored 

Biological 
variables 
monitored 

Who conducts 
monitoring 

References 

Great 
Barrier Reef 
Marine Park, 
Queensland 

Great 
Barrier Reef 
MP 

1975  1: Long- 
term reef 
monitoring 
program  

1993 

 

Coral reef 
(Ò10 m) 

Fish, algae, 
invertebrates 

Australian Institute of 
Marine Science (AIMS) 
scientistsiii 

Halford & Thompson, 1996; Abdo
et al., 2004; Sweatman et al., 2008; 
Jonker et al., 2009; Miller et al., 
2009; Australian Government, 
2010; De'ath et al., 2012 

New South 
Wales 
Marine 
Parks  

Jervis Bay 
MP 

1998  2: 
Ecosystem 
monitoring 
program  

1996 Subtidal 
rocky reef 
(Ò10 m) 

Fish, algae, 
invertebrates 

University of 
Tasmaniaiii and NSW 
DPI scientists 

NSW Government, 2007; Barrett et

al., 2008; NSW MPA, 2010 

New South 
Wales 
Marine 
Parks 

Solitary 
Islands MP 

1998  3: Baited 
remote 
underwater 
video 
monitoring 

2002 Subtidal 
rocky reef 
(Ò30 m) 

Fish NSW Department of 
Primary Industries 
scientists 

Malcolm et al., 2007; NSW 
Government, 2007; NSW MPA, 
2010; Malcolm et al., 2011 

Victoriaôs 
Marine 
National 
Parks  

Victoriaôs 
network of 
MNPsi 

2002  4: Subtidal 
reef 
monitoring 
program  

1998 Subtidal 
rocky reef 
(Ò10 m) 

Fish, algae, 
invertebrates 

Consultants to Parks 
Victoria 

Edmunds & Hart, 2003; Edmunds et

al., 2010; Davis et al., 2011; 
Edmunds et al., 2011; McArthur et

al., 2012; Victorian Government, 
2012; Edmunds et al., 2013 

Tasmaniaôs 
Marine 
Reserves 

Tasmaniaôs 
network of 
MRsii 

1991  5: 
Ecosystem 
monitoring 
program 

1992  Subtidal 
rocky reef 
(Ò10 m)  

Fish, algae, 
invertebrates 

University of Tasmania 
scientistsiii 

Tasmanian Government, 1995, 
2002; Buxton et al., 2006; Barrett et

al., 2007; Barrett et al., 2009 
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Table 3.1 continued Long-term monitoring programs associated with Australian marine protected areasi. 

Marine protected area details  Monitoring program details 

MPA 
network 

MPA 
name 

Year 
MPA 
declared 

 Monitoring 
program 
name  

Year 
monitoring 
began 

Habitat 
monitored 

Biological 
variables 
monitored 

Who conducts 
monitoring 

References 

Western 
Australiaôs 
Marine 
Parks  

Jurien 
Bay MP 

2003  6: 
Ecosystem 
monitoring 
program 

1999  Subtidal 
rocky reef 
depth (Ò12 
m)  

Fish, algae, 
invertebrates 

University of Tasmania 
scientistsiii 

Edgar et al., 2009; Government of 
Western Australia, 2012; MPRA, 2012 

Western 
Australiaôs 
Marine 
Parks 

Ningaloo 
Reef MP 

1989  7: Western 
Australian 
marine 
monitoring 
program 
(WAMMP) 
coral 
monitoring 
program 

1987 Coral reef 
(Ò6 m) 

Invertebrates Established by AIMS 
and the Commonwealth 
Scientific and Industrial 
Research Organisationiii. 
Now conducted 
by Department of Parks 
and Wildlife scientists 

Government of Western Australia, 
2012; Moore et al., 2012; MPRA, 
2012; Speed et al., 2013 

i Monitoring occurs in six of Victoriaôs MNPs: Bunurong, Cape Howe, Point Addis, Point Hicks, Port Phillip Heads, and Wilsons Promontory Marine National Parks.  
ii Monitoring occurs at Maria Island, Governor Island, Tinderbox and Ninepin Point Marine Reserves.  
iii Organisations that conduct monitoring are independent of the responsible management agency. 
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3-2-2 Key informants 

We interviewed key informants from each of the management agencies associated with 

the monitoring programs. Key informants are individuals that hold intimate knowledge 

of the interview topic (Patton, 2002), which in the case of our research related to the long-

term monitoring programs and Australian MPA management. Informants held 

management or science focussed roles. Managers were involved in tasks such as: 

conducting outcome assessments for MEE; undertaking direct management of MPAs 

(e.g., compliance/enforcement patrols); and contributing to the strategic direction of 

MPAs (e.g., developing management strategies or plans). The scientists were responsible 

for: research (e.g., managing or conducting scientific research), conducting outcome 

assessments for MEE, and contributing to strategic direction of MPAs.  

After initial consultation with coordinating managers and scientists from each of the 

relevant management agencies, we identified 26 key informants using snowball sampling 

(Patton, 2002). Two key informants could not be contacted during the interview period 

and four informants declined to be interviewed because they did not feel they could 

adequately answer questions relating to the monitoring programs. The remaining 20 key 

informants represented five management agencies where the seven monitoring programs 

occur (Table 3.2).  

Key informants had worked in protected area management for an average of 15.5 years 

(ranging from 4.5 to 35 years) and held their current positions for an average of 5.5 years 

(ranging from 0.5 to 14 years). The variation in the number of informants per agency 

reflects the number of MPAs where monitoring occurs and the number of staff who held 

intimate knowledge of the monitoring program within each agency (Table 3.2). At least 

one manager (the marine manager responsible for the MPA) and one scientist (a lead 

scientist within the agency holding knowledge of the monitoring program) were 

interviewed for each monitoring program (except for Tasmanian Parks and Wildlife 

Service, where no in-house scientists are employed). 
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Table 3.2 Summary of key informants interviewed, the management agencies and marine protected areas they represent. 

Monitoring 
program  

MPA network Management agency MPAs represented by key 
informants 

Key 
informants 
interviewed 

Tasks performed by key informants 
(defined belowi) 

1 Great Barrier Reef Marine 
Park: Queensland 

Great Barrier Reef Marine Park 
Authority 

Great Barrier Reef MP 3 scientists 

1 manager 

Research, MEE and strategic direction 

MEE and strategic directionii 

2 New South Wales Marine 
Parks  

NSW Department of Primary 
Industries (formerly NSW Marine 
Parks Authority) 

Jervis Bay MP 1 scientistiii 

1 manager 

Research, MEE and strategic direction 

MEE, direct management and strategic 
direction 

3 New South Wales Marine 
Parks 

NSW Department of Primary 
Industries  

Solitary Islands MP 1 scientistiii  

1 manager 

Research, MEE and strategic direction 

MEE, direct management and strategic 
direction 

4 Victoriaôs Marine National 
Parks  

Parks Victoria Cape Howe, Point Addis, 
Point Hicks, Port Phillip 
Heads, and Wilsons 
Promontory MNPs 

1 scientist 

5 managers 

Research, MEE and strategic direction 

MEE, direct management and strategic 
direction 

5 Tasmaniaôs Marine Reserves Tasmania Parks and Wildlife 
Service 

Maria Island MR 2 managersiv Direct management and strategic 
direction 

6 Western Australiaôs Marine 
Parks  

Department of Parks and Wildlife 
(formerly Department of 
Environment and Conservation) 

Jurien Bay MP  3 scientistsv  

1 manager 

Research, MEE and strategic direction 

MEE, direct management and strategic 
direction  

7 Western Australiaôs Marine 
Parks 

Department of Parks and Wildlife Ningaloo Reef MP 3 scientistsv 

1 manager 

Research, MEE and strategic direction 

MEE, direct management and strategic 
direction 

i Definition of tasks: researchðresponsible for managing or conducting scientific research, and interpreting monitoring program results; MEEðresponsible for conducting 
outcome assessments for biodiversity indicators; strategic directionðcontribute to MPA management strategies/policies/plans; and, direct managementðcompliance and 
enforcement patrols, infrastructure maintenance or education within MPAs. 
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ii The Great Barrier Reef MP is co-managed by the Great Barrier Reef Marine Park Authority (GBRMPA) and Queensland Parks and Wildlife Services (QPWS). The 
GBRMPA is the agency responsible for the MEE of the Great Barrier Reef MP and also contributes to the direction of field management undertaken by QPWS (GBRMPA, 
2009). Key informants were selected only from the GBRMPA as they hold direct knowledge of the monitoring program case study, are directly involved in MEE and 
contribute to the direct management of the Great Barrier Reef MP. 
iii This scientist holds direct knowledge of monitoring programs 2 and 3, thus was interviewed about both monitoring programs. 
iv The MPA manager involved in strategic direction provided information about MEE for all of Tasmaniaôs MRs, whilst the second manager provided information only about 
Maria Island MR. 
v These scientists hold direct knowledge of monitoring programs 6 and 7, thus were interviewed about both. 
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3-2-3 Semi-structured interviews 

We conducted semi-structured telephone interviews with all key informants. During the 

interviews, informants were asked six open-ended questions (see Box 3.1 for the full 

interview protocol) that addressed our two research themes: the current use of long-term 

monitoring data in i) MEE and ii) evidence-based management. The semi-structured 

interview format allowed informants to respond to each question in their own words. Each 

question was followed with standard prompts if informants misunderstood the question 

or failed to provide some of the information requested (Box 3.1). Informants were advised 

not to answer any questions they felt unqualified to answer. In these cases, informants 

were asked which individuals in the agency could answer the question (i.e., snowball 

sampling; see Section 3-2-2), ensuring we captured a comprehensive picture of each 

monitoring program and management agency. Informants were assured of anonymity in 

the presentation of this research, in line with the University of Melbourneôs human ethics 

requirements (HREC approved project: 1238593.1). 

For the first research theme, we asked key informants to identify the MEE that their 

agency undertakes, with MEE being defined as the process whereby ñyour management

agency evaluates progress towards achieving conservation objectives, such as ‘to 

maintain biodiversityôò. Informants were also asked to describe how the monitoring 

programs have been used to inform the most recent MEEs conducted by the agency, 

which in some cases related to an assessment that had not yet been publically reported. 

Informants were provided with definitions of quantitative and qualitative condition 

assessment (Box 3.1) and were asked to identify what type of assessment best reflected 

how they used the monitoring program data to inform MEE. 

For the second research theme, we asked key informants to describe specific examples 

where the results of the monitoring program were used to inform management decisions. 

We also asked informants whether it was the MEE process that led to the management 

responses, or a different mechanism (e.g., published monitoring reports or speaking 

directly with scientists; Box 3.1). 
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Box 3.1 The semi-structured interview protocol, including six open-ended questions 

and standard prompts (SP). 

1. What management effectiveness evaluations of MPAs does your agency conduct? 
SP: By management effectiveness evaluation, I mean where your management agency evaluates 

progress towards achieving conservation objectives, such as “to maintain biodiversity”.  

SP: Are there any publicly accessible reports that report on the findings of the evaluation? 

SP: Do you conduct any evaluations that are for internal use only? 

2. Has your agency used the monitoring program in any of the evaluations that you just told me about? 
3. How are the monitoring program results used in these evaluations? 

SP: Are biological variables from the monitoring program assessed against categories of 

environmental condition? For example, a biological indicator (such as coral diversity) is 

compared against categories of environmental condition, ranging from “Very Poor” to “Very 

Good”? 

SP: Would you say that this is a Quantitative or Qualitative condition assessment, based on the 

following definitions: 

Quantitative condition assessment: Where condition categories are defined numerically, for each 

biological variable used in the evaluation. For example: the National Park Service (USA) Vital 

Signs Monitoring Program has quantified the ecological integrity of forest patch size as: >50 ha 

(Good), 10–50 ha (Caution), <10 ha (Significant Concern).  

Qualitative condition assessments: Where condition categories are defined by qualitative 

descriptions, which are generic and used for the assessment of multiple biological variable used 

in the evaluation. For example in Australia’s State of the Environment: “Very good—“Only a 

few, if any, species populations have declined….”. This is for the assessment of “species 

populations and groups” which are indicators of marine biodiversity). 

4. When conducting MEE, does your agency use:  
a) Raw monitoring data, which is analysed specifically for management effectiveness 

evaluation? 
b) Published monitoring results? Such as from peer-reviewed papers or scientific reports, which 

are interpreted by staff and used to inform the management effectiveness evaluation.  

5. Can you share with me any cases where these monitoring program results have supported a decision 
to implement or alter any management activities or strategies? 
SP: Can you provide me with some specific examples? 

6. Was it the evaluation process that led to this/these management change(s)? 
SP: Were the management changes triggered by the published report/paper showing the 

monitoring results? 

SP: Was it a result of having discussions with the scientists who conduct the monitoring? 

3-2-4 Qualitative interview analysis 

All key informants were de-identified and audio recordings of the interviews were 

independently transcribed. The interview transcriptions were open-coded to develop 

common themes within each question, following an inductive category development 

methodology (Patton, 2002; using NVivo 10 (QSR International, 2012). All coding was 
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independently validated by another researcher (Dr. C. N. Cook) to ensure consistent 

coding of informantsô statements.  

As multiple informants from each management agency were interviewed to gain a 

complete understanding of each monitoring program, we pooled informantsô responses 

to avoid over-representation of some monitoring programs. Informantsô responses to all 

questions were generally consistent and/or complimentary, thus pooling responses was 

straightforward. The only exception was informantsô responses to Question 3 (How are 

the monitoring program results used in these evaluations?), where two informants from 

the same management agency provided inconsistent descriptions of the nature of the 

outcome condition assessments. To resolve this issue, we conducted a content analysis of 

MEE documentation provided by the management agencies (see Section 3-2-5). Based 

on these results, we concluded that the observed contradictions were based in informantsô 

confusion about the difference between quantitative monitoring and quantitative 

condition assessments for MEE. Only those informantsô responses that were supported 

by the MEE content analysis are presented in the results. 

3-2-5 Content analysis 

We collected all publicly available MEE reports and informants provided copies of 

reports that were not publicly available. We conducted a content analysis of these reports 

to determine the type of outcome assessment used (either qualitative or quantitative 

condition assessment) to assess biological indicators from each monitoring program. We 

also collated information on the evaluation frequency and the scale of evaluation and 

reporting. 

3-3 Results 

3-3-1 The current use of long-term biological monitoring data in 

management effectiveness evaluations 

Key informants revealed that management effectiveness evaluations (MEEs) had been 

conducted for four of the five marine protected area (MPA) networks included in this 

study (Table 3.3). Informants and content analysis revealed that all MEEs had been 

conducted to assess whether MPA conservation objectives had been met. Whilst MEE 
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had not been undertaken for Tasmaniaôs marine reserves, one informant reported that a 

MEE framework was currently under development and indicated that MEE would be 

conducted in the future. The frequency of evaluation and reporting ranges from yearly 

(MPRA, 2013), to every five (GBRMPA, 2009) or 10 years (NSW MPA, 2009a; Table 

3.3). For four of the management agencies, MEE is in its infancy, with evaluation and 

reporting having only occurred once or twice (see ñEvaluation and reporting frequencyò, 

Table 3.3). 

Outcome assessments of biological indicators occurred at the level of the individual park, 

and in three cases these evaluations had been publicly reported at the park-scale (e.g., 

GBRMPA, 2009; see ñEvaluation scaleò and ñReporting scaleò, Table 3.3). For the 

remaining three cases, the park-scale outcome assessments were not publicly reported, as 

MEE results were only reported for the entire MPA network (e.g., Parks Victoria, 2007; 

Table 3.3). 

Four of the seven monitoring program results had been used to inform qualitative 

condition assessments of biological indicators (Table 3.3). All qualitative condition 

assessments had been used to evaluate current condition and temporal trend in biological 

indicators against descriptive condition categories. For example, a condition category 

used to evaluate biological indicators from the Great Barrier Reef MP is ñVery good: 

Available evidence indicates only a few, if any, populations of a species or group of 

species have declinedò (GBRMPA, 2009). Typically, agency managers and scientists 

contributed to qualitative condition assessments, and in one case external experts also 

contributed to the assessments (Table 3.3). In the two monitoring programs where 

monitoring results were not used to conduct condition assessments, these data were used 

to judge the effectiveness of the configuration of management zones within the MPAs 

(i.e., the comprehensiveness, adequacy and representativeness of species and habitats 

protected by the MPAs; NSW MPA, 2009a, b). In these two cases informants noted a 

restructure of MPA management (NSW Government, 2013), which meant that this type 

of evaluation was unlikely to be repeated in the future. Given the specific nature of these 

assessments and the uncertain future MEE of NSW Marine Parks, these results are not 

discussed further. 
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Monitoring data had been analysed specifically for MEE in only three instances (Table 

3.3). For the remaining three monitoring programs, managers sourced monitoring results 

from scientific publications (i.e., peer-reviewed papers or technical reports; Table 3.3).
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Table 3.3 The current use of long-term monitoring data in management effectiveness evaluation based on key informant interviews and content 

analysis. 

Monitoring program  MEE report name Evaluation 
scale 

Reporting 
scale 

Evaluation and 
reporting 
frequency 
(number 
conducted) 

Type of 
evaluation  

Evaluation 
conducted by 

Source of the 
monitoring 
information used for 
MEE assessment 

1: Long-term reef 
monitoring program, 
Great Barrier Reef MP 

Great Barrier Reef 
Outlook Report 
(GBRMPA, 2009) 
 

Park-scalei Park-scale Five years  
(n=1) 

Qualitative 
condition 
assessmentii 

Great Barrier Reef MP 
Authority managers 
and scientists, and 
external experts 

Published monitoring 
results 

2: Ecosystem 
monitoring program, 
Jervis Bay MP 

Jervis Bay MP 
Zoning Plan Review 
(NSW MPA, 2009a) 
 

Park-scale Park-scale Initial evaluation 
five years after 
establishment, then 
every ten years  
(n=1) 

Otheriii NSW Department of 
Primary Industries 
managers and 
scientists 

Published monitoring 
results 

3: Baited remote 
underwater video 
monitoring, Solitary 
Islands MP 

Solitary Islands MP 
Zoning Plan Review 

(NSW MPA, 2009b) 

Park-scale Park-scale As above  
(n=1) 

Otheriii As above Published monitoring 
results, and raw data 
analysed for MEE 

4: Subtidal reef 
monitoring program, 
Victoriaôs MNPs  

Victoria's State of the 
Parks  
(Parks Victoria, 
2007). Supported by 
park-scale MEE 
surveys filled out by 
Parks Victoria staff 
 

Park-scale Networkiv Five years  
(n=2v) 

Qualitative 
condition 
assessment 

Parks Victoria 
managers and 
scientists 

Published monitoring 
results  
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Table 3.3 continued The current use of long-term monitoring data in management effectiveness evaluation based on key informant interviews and 

content analysis. 

Monitoring program  MEE report name Evaluation 
scale 

Reporting 
scale 

Evaluation and 
reporting 
frequency 
(number 
conducted) 

Type of 
condition 
assessment  

Condition assessment 
conducted by 

Source of the 
monitoring 
information used for 
MEE assessment 

5: Ecosystem 
monitoring program, 
Tasmaniaôs MRs 

None currently 
produced 

ï ï ï ï ï ï 

6: Ecosystem 
monitoring program, 
Jurien Bay MP 

Marine Parks and 
Reserves Authority 
Annual Audit report 
(MPRA, 2013), 
supported by park-
scale internal MEE 
reports (Condition 
Pressure Response 
and Performance 
Assessment reports)  
 

Park-scale Network  Annual 
(n=5) 

Qualitative 
condition 
assessment 

Department of Parks 
and Wildlife managers 
and scientists 

CPR reports: raw data 
analysed for MEE. 
PA reports: published 
monitoring results and 
results from CPR 
reports 

7: WAMMP coral 
monitoring program, 
Ningaloo Reef MP 

As above Park-scale Network As above 
(n=5) 

Qualitative 
condition 
assessment 

As above As above 

i Park-scale: evaluation and/or reporting occurs for an individual marine park. 
ii Qualitative condition assessment: qualitative descriptions are used to define categories of the current condition and trend in biological indicators from monitoring programs. 
iii Monitoring data incorporated into a habitat classification scheme to inform the adequacy of MPA zoning. 
iv Network: MEE reporting occurs only at the MPA network scale (i.e., individual park evaluations are aggregated and reported at for the whole network). 
v Two rounds of evaluation have been completed by Parks Victoria. The first evaluation was publicly reported (Parks Victoria, 2007), however the second evaluation has not 
been publicly reported. 
 



Chapter 3: Current uses of long-term biological monitoring data in MPA evaluation and management 

53 

3-3-2 The current use of long-term biological monitoring data in evidence-

based management 

Sixteen key informants provided specific examples where monitoring program results 

directly influenced management decisions (Figure 3.2). Informants described nine 

distinct management decisions in response to monitoring results, which fell into three 

categories: i) research and monitoring; ii) routine management; and iii) planning. The 

categories used to code informantsô responses are defined in Table 3.4. Monitoring 

programs triggered up to seven different types of management decisions (Figure 3.2). 

 
Figure 3.2 Management decisions made in response to the seven long-term monitoring 

programs.  

The number of monitoring programs that triggered each type of 

management decision is shown, with different colours representing different 

monitoring programs (de-identified to avoid direct comparison). 

Management response categories are defined in Table 3.4.  



Chapter 3: Current uses of long-term biological monitoring data in MPA evaluation and management 

54 

Table 3.4 Definitions of management decision categories used to code informants 

responses. 

Management 
decision 

Long-term monitoring programs have been used to inform: 

Compliance Compliance efforts, such as additional ranger patrols of MPAs to stop illegal 
activities (e.g., fishing in no-take zones). 

Decision not to act Monitoring results lead to a decision not to act in cases when the biological 
evidence suggests no management response is required. 

Education  Community education and engagement programs, e.g., information pamphlets. 
This also includes internal agency education, e.g., workshops with scientists and 
managers. 

Infrastructure 
development 

Infrastructure development activities within MPAs, such as where to install boat 
moorings to reduce impact to the MPA. 

Introduced species 
control 

Eradication programs designed to remove introduced species from MPAs. 

MPA zoning  Initial zoning or re-zoning of MPA boundaries.  

Research / 
monitoring 

The implementation of new monitoring or research programs, or the 
continuation of existing monitoring/research in MPAs. 

Tourist operator 
negotiations 

Negotiations with tourist operators to ensure minimal impact to the MPA. 

Updating 
management 
documentation 

Updating management documentation (e.g., monitoring programs help identify 
new natural values and threats to MPAs), such as MPA strategies, policies 
and/or management plans. 

Five of the seven long-term monitoring programs were used to justify the need for 

research or monitoring within the MPAs (Figure 3.2). Informants suggested that 

monitoring program results had been used to justify the continuation of the long-term 

monitoring program, or to instigate targeted research to better understand the patterns 

observed in the monitoring results. Routine management decisions made in response to 

monitoring data included: compliance efforts, such as increased ranger patrols to stop 

illegal activities like fishing (triggered by four monitoring programs; Figure 3.2); 

informing educational programs (two monitoring programs); and, directing eradication 

efforts for introduced species control programs (one monitoring program). Planning 

decisions made in response to monitoring results included: altering MPA zoning 

arrangements (two monitoring programs; Figure 3.2); and, updating management plans 

or strategic documents based on new information (one monitoring program). One 

informant reported that monitoring results led to a decision not to act when the biological 

evidence suggested no change in management response was required. While only one 

informant mentioned a decision not to act, the way in which the question was asked (i.e., 
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requesting specific examples of management decisions; Question 5, Box 3.1) suggests 

that our study may under-represent this type of management decision. 

Twelve of the informants who provided examples of management responses (75%) 

stressed that monitoring results alone rarely triggered a management decision. Rather, 

management decisions were generally triggered by multiple lines of evidence.  

When informants provided specific examples of management decisions, they were also 

asked whether it was the MEE process that led to the decision (Question 6; Box 3.1). 

Informants noted a variety of mechanisms that led to management decisions, including: 

the MEE process (one monitoring program); scientific publications that detail monitoring 

results (one monitoring program); both MEEs and scientific publications (three 

monitoring programs); speaking directly with scientists about monitoring results (one 

monitoring program); or, scientific publications in combination with speaking directly 

with scientists about results (one monitoring program). 

3-4 Discussion 

3-4-1 The use of long-term monitoring data in management effectiveness 

evaluation 

The last decade has seen the implementation of management effectiveness evaluation 

(MEE) by many agencies for marine protected area (MPA) management in Australia, 

reflecting a similar increase in use of MEE in terrestrial protected areas (Leverington et

al., 2010; Coad et al., 2013). Despite the availability of long-term monitoring data, these 

are typically only evaluated using qualitative condition assessments of rocky and coral 

reef indicators (Table 3.3). These assessments rely on the interpretation of quantitative 

monitoring results by groups of experts, which are translated into broad qualitative 

condition statements. While the majority of MEEs conducted globally rely on qualitative 

condition assessments, overwhelmingly these evaluations use expert judgment due to a 

lack of available quantitative data (Hockings et al., 2009; Cook & Hockings, 2011). 

Whilst qualitative condition assessments are vital when data are lacking, experts have 

their own biases and assumptions, which can influence how they interpret qualitative 

condition categories (Burgman et al., 2011a). Consequently, qualitative condition 

assessments based on expert judgement can lack transparency and the accuracy and 
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repeatability of these assessments can be seriously compromised (Jacobson et al., 2008; 

Hockings et al., 2009; Cook et al., 2014).  

The monitoring programs included in this study have been undertaken for 12 to 27 years 

(Table 3.1) and many have revealed unique insights into the temporal dynamics of marine 

protection (e.g., Babcock et al., 2010; Bates et al., 2013; Speed et al., 2013). Such 

monitoring data are a rich source of information to develop quantitative condition 

categories (following best-practice examples: Parrish et al., 2003; Tierney et al., 2009; 

Parks Canada, 2011). The resulting quantitative condition categories will still include an 

element of subjectivity (e.g., a decision-maker must decide where the boundary between 

poor and good condition will lie for a given indicator), however these quantitative 

categories will offer a foundation for more objective and transparent condition 

assessments of biological indicators in the future. The condition assessments of fine scale 

indicators in report cards would allow readers to understand the contribution of individual 

monitoring program results to broader assessments of overall condition (e.g., Ecosystem 

Health Monitoring Program, 2012).  

The failure of management agencies to capitalise on available quantitative long-term 

monitoring data may relate to the disconnect between those collecting, analysing and 

interpreting monitoring data and those using the data to inform management (Table 3.1). 

This disconnect can lead to situations where management agencies are not driving the 

questions being asked of these dataða commonly cited reason for the failure of long-

term monitoring programs influencing conservation management (Legg & Nagy, 2006; 

Lindenmayer & Likens, 2010). Condition assessments are more frequently based on 

monitoring results presented in scientific publications, than in-house data analysis (Table 

3.3). Scientific publications often focus on presenting novel results, rather than results 

that specifically address management needs (Fazey et al., 2005; Roux et al., 2006). 

Agencies often lack the capacity to conduct specific analyses to obtain the answers they 

need because they do not have appropriately trained staff (Ferraro & Pattanayak, 2006; 

Leverington et al., 2010). The implication for management agencies is that they are 

failing to get the greatest benefit from the rich data available to inform MEE (see Chapter 

4 for research into the changes needed to implement quantitative condition assessments 

in the future).  
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3-4-2 The current use of long-term monitoring data to inform evidence-based 

management 

Despite the limited use of long-term monitoring results in MEE, our results clearly 

demonstrate that these data are being used to inform evidence-based management of 

Australian MPAs (Figure 3.2). Many management agencies use monitoring results to 

justify the continued need for long-term monitoring programs, or to instigate additional 

research to resolve scientific knowledge gaps (Figure 3.2). Given the limited resourcing 

of many management agencies, this reflects a genuine commitment to the continuation of 

long-term monitoring programs and investment in research supporting evidence-based 

management. This finding is contrary to the common criticism that conservation 

management agencies often fail to commit to long-term investment in monitoring and 

research (Lindenmayer & Likens, 2010; Lindenmayer et al., 2012).  

Long-term monitoring results have been valuable in supporting planning decisions, 

including changes to the MPA zoning arrangement based on improved understanding of 

the distribution of marine habitat types (e.g., Fernandes et al., 2005; Malcolm et al., 

2012). Long-term monitoring results informed a variety of routine management 

decisions, such as the development of educational programs, compliance efforts, 

introduced species control and infrastructure development (Figure 3.2). Finally, one 

informant noted that long-term monitoring results can be valuable for deciding not to act 

when the biological evidence suggests no change in management response was required 

(Figure 3.2). This acknowledges that no action is a valid decision, and a sound 

management alternative in adaptive management (Gregory et al., 2012). 

While evidence-based management is clearly occurring in Australian MPAs, informants 

stressed that long-term monitoring results are rarely the sole driver of management 

decisions. Rather, multiple lines of evidence are required to provide critical information 

about the social, political and economic dimensions of decisions (Cook et al., 2012). 

While monitoring data are important, combining multiple lines of evidence provides 

greater certainty in management decisions (Jacobson et al., 2008; Hockings et al., 2009).  
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3-4-3 Is management effectiveness evaluation facilitating evidence-based 

management? 

Despite the goal of MEE to enable evidence-based management of protected areas 

(Hockings et al., 2006; Leverington et al., 2010), we found that MEE is rarely the sole 

mechanism driving evidence-based management of Australian MPAs. This finding is not 

limited to MPAs; similar observations have been made for the management of terrestrial 

protected areas (Jacobson et al., 2008) and coastal areas (Jacobson et al., 2014). While 

some informants used the MEE process to some degree, it was also commonly not used 

at all when making management decisions. Instead, informants preferred to go straight to 

the source of the data: by using monitoring results interpreted for them in scientific 

publications, or speaking directly to scientists. This finding confirms that conservation 

practitioners do use scientific evidence to directly support their management decisions, 

particularly valuing scientific publications and directly engaging with scientists (Seavy 

& Howell, 2010; Cook et al., 2012).  

The current MEE procedures used by management agencies may not adequately reflect 

the complete cycle of MEE recommended for protected area management (Pomeroy et

al., 2005; Hockings et al., 2006). Whilst our study did not specifically address where 

breaks in the MEE cycle occur, we point to previous criticisms that management and 

monitoring objectives are rarely adequately aligned (Lindenmayer & Likens, 2010; Kemp

et al., 2012). It may be that management agencies have failed to define management and 

monitoring objectives in MEE, so there is no direct way for monitoring results to 

influence management decisions through the MEE process. 

Finally, the frequency with which evaluations are conducted (most commonly on a 5 to 

10 year cycle; Table 3.3) is likely to be an impediment to the use of MEE in management. 

This frequency appears to be completely divorced from the timeframe required for 

management decisions. Instead, evaluation frequency seems to be largely driven by the 

need for external reporting. Only one agency in our study conducted MEE on an annual 

basis (Table 3.3). This frequent evaluation cycle was associated with the monitoring 

program that triggered the second highest diversity of management decisions, partially in 

response to MEE results (Figure 3.2). Whilst only a single observation, this suggests that 

more frequent evaluation can provide greater opportunities for management agencies to 

respond to monitoring results. 
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3-5 Conclusion  

Long-term monitoring, MEE and evidence-based management are occurring in many of 

Australiaôs MPAs, however we found poor links between these three elements. We found 

no evidence that MPA management agencies are using long-term monitoring data to 

develop quantitative condition assessments, despite these data making them well placed 

to achieve best-practice MEE. Our study has revealed that long-term monitoring results 

are informing evidence-based management, however MEE is not the primary mechanism 

for this knowledge transfer. This suggests that whilst the first goal of MEE (to enable 

environmental accountability and reporting) is being achieved, the second and arguably 

more important goal of facilitating evidence-based management is not (Hockings et al., 

2006; Leverington et al., 2010). Given that the MEE approaches examined in this study 

are still in their infancy, this situation may improve as MEE becomes institutionalised 

within management agencies. Much of the peer-reviewed literature relating to evaluating 

management effectiveness of MPAs predominately addresses how to set management 

objectives and select indicators to assess MPA effects (Pelletier et al., 2005; Beliaeff & 

Pelletier, 2011; Kemp et al., 2012). Thus there is a great need for prescriptive discussion 

about how to set quantitative targets and use these to assess the effectiveness of marine 

protection (e.g., Samhouri et al., 2012).  

During our interviews, most informants indicated a willingness to use monitoring results 

in quantitative condition assessment and to forge a stronger link between MEE and 

evidence-based management. We make the following recommendations for conservation 

practitioners around the globe to forge stronger links between MEE and evidence-based 

management: 

1) Ensure internal MEE frameworks reflect MEE theory

The theory of MEE for improved protected area management has been established for 

over a decade (Hockings et al., 2004; Coad et al., 2013). However, ñclosing the loopò of 

MEE to ensure evidence-based management remains a challenge for many management 

agencies (Jacobson et al., 2008; Parr et al., 2009; Jacobson et al., 2014). We recommend 

management agencies conduct audits of their MEE frameworks to identify where breaks 

in the MEE cycle are occurring, in order to improve the flow of scientific evidence from 

monitoring programs through to evidence-based management of protected areas. 
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2) Implement quantitative condition assessment of long-term monitoring data

Quantitative condition assessments offer objectivity, repeatability and transparency of 

outcome assessment in MEE (Jacobson et al., 2008; Hockings et al., 2009). Once 

monitoring data are targeted to address management objectives specified in MEE, 

management agencies should implement quantitative condition assessments. By 

incorporating management responses into quantitative condition assessment, true 

evidence-based management through MEE will be achievable.  

3) Increase the frequency of evaluation to ensure MEE enables evidence-based

management

A shorter evaluation timeframe, more frequent than the common 5 to 10 year cycle, will 

improve the alignment of evaluations with evidence-based management. This may mean 

that the evaluation and reporting frequency must be decoupled as the cost of producing 

publicly available reports on a more frequent basis will be cost prohibitive for resource-

limited management agencies. More frequent evaluation will ensure evidence-based 

management is the main driver of MEE, rather than public accountability through 

reporting. 

4) Invest in targeted long-term monitoring to support outcome assessments

Conducting monitoring specifically for outcome assessment is recognised as the most 

challenging and costly aspect of MEE (Pomeroy et al., 2005; Hockings et al., 2006). 

Simply dedicating more resources to long-term monitoring is not a realistic solution. 

Instead, strong and focussed collaborations between management agencies and the 

scientific community will be required to ensure that existing and new long-term 

monitoring programs are targeted to the needs of MEE. Such collaborations could be 

formalised by creating: boundary organisations that employ scientists and managers that 

operate across the scienceïmanagement interface; more science positions within 

conservation management agencies; or, formal research agreements between 

conservation management agencies and external scientists (Cook et al., 2013). 
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CHAPTER 4  The changing tide: Towards quantitative 

condition assessment of biological monitoring 

data in marine protected areas 

~ Contribution to thesis aims ~ 

Identifying barriers: In this chapter I explore the challenges that managers and scientists 

face in shifting from conducting qualitative to quantitative condition assessment of 

biological monitoring data in management effectiveness evaluation. 

Developing practical solutions: I provide recommendations for both managers and 

scientists in terrestrial and marine protected area management agencies around the globe 

to improve the use of biological monitoring data, by implementing quantitative condition 

assessments in management effectiveness evaluation. 
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Abstract 

Quantitative biological monitoring data are becoming increasingly available to inform the 

evaluation of protected areas. Such available data should be evaluated against quantitative 

condition categories in management effectiveness evaluation (MEE). This is known as 

quantitative condition assessment, which enables more transparent and repeatable 

assessment of the effectiveness of conservation efforts. Many agencies responsible for 

the management of Australian marine protected areas (MPAs) are conducting MEE and 

have access to long-term biological monitoring data. However, these data are currently 

only used to inform qualitative condition assessments; the same approach used when no 

monitoring data exist. 

We investigated the challenges in implementing quantitative condition assessment of 

marine biological indicators in MEE in the future. We interviewed managers and 

scientists from MPA management agencies and asked: i) whether their management 

agency intends to implement quantitative condition assessments in MEE; ii) what changes 

are necessary to implement quantitative condition assessment; and, iii) what is the key 

barrier to making these changes? This study revealed a number of operational and 

scientific challenges in shifting from conducting qualitative to quantitative condition 

assessments of biological monitoring data. We also identified a number of socio-political 

challenges that are outside the direct control of managers and scientists. The greatest 

challenges that managers and scientists face include: a lack of agency capacity dedicated 

to monitoring and evaluation of biological indicators; the existence of key uncertainties 

in understanding of marine systems; and, a lack of political and community support for, 

and understanding of protected areas. We provide recommendations to assist managers 

and scientists around the globe anticipate and overcome these challenges in order to 

implement quantitative condition assessment in MEE of protected areas.  
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4-1 Introduction 

Protected area managers frequently work in data poor situations where there is a scarcity 

of monitoring data to inform management effectiveness evaluation (MEE) of protected 

areas (Hockings et al., 2009; Cook et al., 2010). The final stage of MEE, outcome 

assessment, requires the condition of biological indicators to be assessed to determine 

whether management objectives have been achieved or if management should be adapted 

(Hockings et al., 2006). In data poor situations, there is a reliance on managersô and/or 

scientistsô expert judgement to estimate the condition of indicators against broad 

qualitative statements of condition (Hockings et al., 2009; Timko & Innes, 2009; Cook

et al., 2010). Due to their subjective nature, qualitative condition assessments can be 

prone to biases and the assumptions of experts, compromising the accuracy and 

repeatability of evaluations (Burgman et al., 2011a; Cook et al., 2014). However, as 

quantitative monitoring data are becoming increasingly available, management agencies 

are in a position to use these data to supplement or replace expert judgement for outcome 

assessments in MEE (Hockings et al., 2009; Timko & Innes, 2009). 

When quantitative biological monitoring data are available, these should be evaluated 

against quantitative condition categories in MEE (referred to as ñquantitative condition 

assessmentò, as described in Chapter 3; Hockings et al., 2006; Hockings et al., 2009). 

Quantitative condition categories can be defined using the acceptable range of variation 

of an indicator, derived from long-term biological monitoring data (Parrish et al., 2003; 

Hockings et al., 2008; Parks Canada, 2011). The benefits of quantitative condition 

assessments include: reducing the subjectivity of condition assessments (e.g., compared 

to qualitative condition assessments based solely on expert judgement; Chapter 3); 

enabling more transparent and repeatable integration of scientific evidence into MEE 

(Hockings et al., 2009); simplifying complex ecological information for public reporting 

(Hockings et al., 2006); and, enabling evidence-based management when management 

thresholds are incorporated into condition categories (Lindenmayer et al., 2013). 

The rationale behind MEE for improving protected area management has been 

established over the past 15 years, with MEE now a common assessment tool for 

terrestrial protected areas internationally (Hockings et al., 2004; Leverington et al., 2010; 

Coad et al., 2013). Within the last decade MEE principles have been adapted to marine 

protected area (MPA) management (Pomeroy et al., 2005), and MEE has been 
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implemented by many agencies responsible for MPA management in Australia (Chapter 

3). The managers of Australian nearshore MPAs (e.g., <30 metres depth) now have access 

to some of the longest running monitoring programs associated with subtidal reefs 

internationally (e.g., Barrett et al., 2009; Babcock et al., 2010; De'ath et al., 2012; Chapter 

3). Managers and scientists from MPA management agencies revealed that these rich 

sources of quantitative biological monitoring data are most commonly used to inform 

qualitative condition assessments (Chapter 3). Thus, condition assessments are made 

using expert judgement, and the available quantitative biological monitoring data are not 

used in any formal quantitative way to inform condition assessments.  

Why is it when quantitative monitoring data are available they are used only informally 

with expert judgement to inform qualitative condition assessments for MEE? The purpose 

of this study was to gather and interpret managersô and scientistsô views regarding the 

challenges in shifting from conducting qualitative to quantitative condition assessments 

of biological monitoring data in MEE of Australian MPAs. 

4-2 Methodology 

4-2-1 Key informants 

To address the aims of the research we interviewed key informants (Patton, 2002) who 

held intimate knowledge of the use of long-term monitoring data in marine protected area 

(MPA) management and evaluation in Australia. The key informants are the same as 

those interviewed for Chapter 3, and held either management or science-focussed roles 

within five of the eight management agencies responsible for the management of MPAs 

in Australian state and Commonwealth waters (outlined in Section 3-2-2, Table 3.1 and 

Table 3.2). A total of 19 key informants were interviewed, one fewer than in Chapter 3, 

as one key informant opted out of this stage of the interview stating that they felt ill 

equipped to answer our questions. 

The management agencies represented by the key informants were (also see outline in 

Sections 3-2-1 and 3-2-2; Table 3.2):  

i) Great Barrier Reef Marine Park Authority (responsible for the Great Barrier Reef 

Marine Park in Queensland); 
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ii) New South Wales (NSW) Department of Primary Industries (responsible for NSW 

Marine Parks);  

iii) Parks Victoria (responsible for Victoriaôs Marine National Parks and Sanctuaries);  

iv) Tasmania Parks and Wildlife Service (responsible for Tasmaniaôs Marine Reserves); 

and,  

v) Department of Parks and Wildlife (responsible for Western Australiaôs Marine Parks).  

Four of the five management agencies currently conduct management effectiveness 

evaluation (MEE), but none currently use long-term monitoring data to inform 

quantitative condition assessments (Table 3.3). Thus, these informants were well placed 

to provide insights into whether there is an intention for management agencies to 

implement quantitative condition assessments, and the challenges these agencies face in 

making this change.  

4-2-2 Semi-structured interviews 

Semi-structured telephone interviews were conducted with all key informants in 2013. 

During the interviews, informants were asked three open-ended questions that addressed 

the three research aims: i) whether their management agency intends to implement 

quantitative condition assessments in MEE; ii) what changes are necessary to implement 

quantitative condition assessment; and, iii) what is the key barrier to making these 

changes? The full interview protocol is shown in Box 4.1. 

The semi-structured interview format allowed informants to respond to each question in 

their own words. Each question was followed with standard prompts if informants 

misunderstood the question or failed to provide some of the information requested (Box 

4.1). Informants were advised that we were seeking their personal views and not those of 

their management agency, and were advised not to answer any questions they felt 

unqualified or uncomfortable to answer. Informants were assured of anonymity in the 

presentation of this research, and that their management agency would also be de-

identified in their responses to Question 2 (Box 4.1), in line with the University of 

Melbourneôs human ethics requirements (HREC approved project: 1238593.1).  

Prior to questioning informants, a standard prompt was used to define quantitative 

condition assessment for MEE in the context of this research. Quantitative condition 

assessment was defined as: using numerically defined condition categories to assess the 
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condition of a biological indicator (see Box 4.1 for the full definition provided to 

informants). 

For the first research theme (Question 1, Box 4.1), key informants were asked whether 

their management agency intended to implement quantitative condition assessment using 

marine biological monitoring data. This question required a ñyesò, ñnoò or ñunsureò 

response. If informants answered yes, they were prompted to indicate the timeframe for 

which that they thought this was likely to happen.  

For the second and third research theme (Questions 2a and 2b, Box 4.1) we used a 

backcasting approach, which is a technique originally employed in the energy sector to 

assist with developing policies to achieve a desirable future scenario (Robinson, 1982; 

Robinson et al., 2011). Backcasting first involves defining a desirable future scenario, 

which in our study was: ñImagine it is 2018, and your agency is conducting quantitative

condition assessments for all marine biological indicators in its MPA evaluationò (Box 

4.1). A future timeframe of five years (from the year that informants were interviewed) 

was selected to prompt informants to think beyond the immediate future. Key informants 

were asked for their personal views relating to the changes required now to achieve this 

future scenario. Informants were then asked to describe the key barrier to making these 

changes. 
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Box 4.1 The semi-structured interview protocol, including open-ended questions and 

standard prompts (SP). 

SP: Let’s talk about the future of monitoring and evaluation in your management agency. 

I’m particularly interested in quantitative condition assessments, which use numerically defined 

condition categories to assess marine biological indicators. These can be based on a scientific 

understanding of reference conditions, impact gradients or temporal trends etc. 

For example the National Park Service in the USA has quantified the ecological integrity of forest 

patch size as: >50 ha representing a “Good” status, 10–50 ha representing a “Caution” status, <10 

ha representing a “Significant Concern” status.  

In the marine context we could have for example a quantitative condition assessment for fish diversity, 

which would mean that different values of diversity are used to define the condition categories ranging 

from for example ‘very poor’ up to ‘very good’. 

1. Is your agency planning to use quantitative condition assessments for MEE of its MPAs in the 
future? 
SP: If yes, is this likely to be within the next five years, 5–10 years, or 10–20 years? 

2. Imagine it is 2018, and your agency is conducting quantitative condition assessments for all marine 
biological indicators in its MPA evaluation: 
a) In your opinion, what are three things that would have to change now to make this future 

quantitative assessment process possible? 
b) What do you see as the key barrier to making these changes possible? 

4-2-3 Qualitative interview analysis 

All key informants were de-identified and audio recordings of the interviews were 

independently transcribed. The interview transcriptions were open-coded to develop 

common themes within each question, following an inductive category development 

methodology (Patton, 2002; using NVivo 10 (QSR International, 2012). All coding was 

independently validated by another researcher (Dr. C. N. Cook) to ensure consistent 

coding of informantsô statements. 

Informantsô responses to all questions were pooled to ensure anonymity. Informantsô 

responses to Question 2a (the changes necessary to implement quantitative condition 

assessments) are presented as a percentage (out of a total of 57 responses provided by 

informants, i.e., three changes provided by 19 informants). Informantsô responses to 

Question 2b (the key barrier to the changes) are also presented as a percentage (out of a 

total of 19 barriers reported by 19 informants). 
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4-3 Results 

4-3-1 Will quantitative condition assessments be implemented by 

management agencies in the future? 

Fourteen out of 19 informants interviewed were unsure whether their agencies were 

planning to implement quantitative condition assessments in the future (in response to 

Question 1, Box 4.1). However, one key informant from each of the management 

agencies answered ñyesò to this question. Each of these informants held strategic roles 

within their management agency (Table 3.2) and were confident that their management 

agency intended to implement quantitative condition assessments for MEE. These 

informants reported that they believed the timeframe for this change would be: within the 

next five years (two informants), or within the next five to 10 years (two informants). One 

informant was not confident about the timeframe required for their agency to implement 

quantitative condition assessments. 

4-3-2 Changes required to implement quantitative condition assessments  

The 19 informants provided a range of personal views about what they believed were the 

three most important changes necessary to implement quantitative condition assessment 

of biological indicators in MEE (Figure 4.1). Their responses fall into three broad 

categories: i) operational; ii) scientific; and, iii) external. The categories used to code 

informantsô responses are defined in Table 4.1. 

Operational changes related to factors within the control of management agencies. 

Overall, the change most frequently stated by informants was the need to increase agency 

capacity, particularly staff time and money dedicated to biological monitoring, analysis 

and interpretation of data for quantitative condition assessment (Figure 4.1). 

The next most commonly cited changes were scientific, and included the need for: 

targeted biological monitoring and research to develop condition categories and to inform 

future quantitative condition assessments (Figure 4.1); detailed understanding of the 

relationship between threats and environmental condition; and, work to identify 

indicators and quantify thresholds. 
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Changes outside the control of the management agencies were least commonly cited, but 

included a need for a greater level of political and community support and understanding 

of marine protected areas (MPAs; fifth most frequently cited change; Figure 4.1). 

Informants also cited a need for improved cooperation between state and national 

governments in relation to MPA management (sixth most frequently cited change). 
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Table 4.1 Definitions of the changes needed to implement quantitative condition 

assessments of biological indicators in management effectiveness evaluation 

by 2018. 

Changes Description 

Operational   

A desire to conduct 
quantitative condition 
assessment 

There would need to be a desire by the management agency to conduct 
quantitative condition assessments for biological indicators in MPAs.  

A framework to 
facilitate quantitative 
condition assessment 

A framework that incorporates monitoring, evaluation and reporting 
would need to be developed to facilitate quantitative condition 
assessments for biological indicators in MPAs.  

Increase agency capacity There would need to be an increase in agency capacity, specifically 
staff time and money dedicated to biological monitoring, analysis and 
interpretation of data for quantitative condition assessment. 

Scientific  

Develop indicators 
and/or thresholds 

Scientists would need to define indicators and/or thresholds that can be 
used for quantitative condition assessment.  

Detailed understanding 
of the threats to MPAs 

There is a need for a greater understanding of the threats to MPAs and 
their effect on biological indicators, in order to better develop and 
confidently interpret quantitative condition assessments. 

Increase in scientific 
understanding 

There would need to be an increase the scientific understanding of 
temporal trends of marine communities within MPAs before 
quantitative condition assessments could be conducted for biological 
indicators. 

Targeted biological 
monitoring / research 

Biological monitoring and research would need to be more targeted to 
provide data that are suitable for quantitative condition assessment. 

External  

Improve MPA 
management through 
state and national 
cooperation  

There is a need for improved cooperation between management 
agencies (state and national) and scientists to help improve MPA 
management. This would include communicating/sharing information 
and data to ensure the effects of MPA protection can be better 
understood and detected.  

Increase support for and 
understanding of MPAs 

Before we can implement quantitative condition assessments for 
biological indicators in MPAs, there needs to be greater community 
and political support for MPAs. This requires a much greater 
awareness and understanding about the role of MPAs as a tool for 
biodiversity protection. 
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Figure 4.1 The changes reported by informants that are necessary to implement quantitative condition assessments in management effectiveness 

evaluation by 2018. 

Changes are presented as the percentage of a total of 57 responses provided by informants (three changes provided by 19 informants). The changes 

are categorised as: operational (dark blue bars); scientific (medium blue bars); or, external (light blue bars). Definitions of the categories are 

presented in Table 4.1. 
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4-3-3 Barriers to the changes required to implement quantitative condition 

assessments 

When asked about the most pertinent barrier to achieving the changes necessary to 

implement quantitative condition assessment, informantsô responses again fell into three 

broad categories: i) operational; ii) scientific; and, iii) external factors (Figure 4.2). The 

categories used to code informantsô responses are defined in Table 4.2. 

Unlike the wide variety of scientific changes reported by informants (Figure 4.1), most 

of the reported barriers were within the control of the agency (i.e., operational; reported 

by 12 of the 19 informants; Figure 4.2). The most common operational barrier was that 

management agencies currently lack the capacity (staff numbers and money) to make the 

changes necessary to implement quantitative condition assessments within the next five 

years (Figure 4.2). Some informants also stated that MPA management and monitoring 

has been given a lower priority within their management agency compared with terrestrial 

protected area management and monitoring (third most frequently cited barrier). Finally, 

two informants reported that they did not believe quantitative condition assessments 

should be used for MEE, as they believed that setting quantitative thresholds for 

indicators over-simplifies the complexities of marine systems (Figure 4.2). 

The only barrier relating to scientific knowledge was that scientists are reluctant to set 

quantitative thresholds for quantitative condition assessments (third most frequently cited 

barrier; Figure 4.2). 

Finally, informants cited two external barriers to preventing the changes necessary to 

implement quantitative condition assessment: i) a lack of community and political support 

for, and understanding of, the value of MPAs (second most frequently cited barrier; 

Figure 4.2); and, ii) a lack of state-wide governance arrangements, such as between state-

level natural resource management agencies with shared jurisdiction for managing the 

marine environment, to support implementing quantitative condition assessments (fourth 

most frequently cited barrier). 
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Table 4.2 Definitions of the barriers to the changes needed to implement quantitative 

condition assessments of biological indicators in management effectiveness 

evaluation by 2018. 

Barrier Description 

Operational   

Lack of agency capacity There is currently a lack of capacity (staff numbers and money) within 
management agencies to make the changes needed for quantitative condition 
assessments for biological indicators in MPAs by 2018.  

MPA management and 
monitoring is currently 
not prioritised 

To date, MPAs remain to have a lower profile than their terrestrial 
counterparts. Thus MPA management and monitoring is often not prioritised.  

I don't agree that 
quantitative condition 
assessments should be 
used 

Some informants simply did not agree that quantitative condition assessments 
for biological indicators in MPAs are a good idea. 

Scientific  

Thresholds make 
scientists feel 
uncomfortable 

Scientists can feel uncomfortable with defining thresholds for indicators, and 
do not want to commit to putting a number next to any indicator as a 
threshold. 

External  

Lack of support for and 
understanding of MPAs 

There is currently a lack of community and political support for MPAs in 
some Australian states. Until this improves, it will not be possible to make 
advancements in MPA management such as implementing quantitative 
condition assessments for biological indicators in MPAs by 2018. 

State-wide governance 
arrangements are lacking 

The governance arrangements within some states lack coordination. This 
prevents individual agencies from gaining a big picture understanding of 
cumulative threats and managing them in a more holistic way. 
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Figure 4.2 The key barriers to the changes needed to implement quantitative condition assessments of biological indicators in management 

effectiveness evaluation by 2018. 

Barriers are presented as a percentage, out of a total of 19 (one barrier cited by each of the 19 informants), and are categorised as: operational 

(dark blue bars); scientific (medium blue bars); or, external (light blue bars). Definitions of the categories are presented in Table 4.2. 
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4-4 Discussion 

4-4-1 The intention to implement quantitative condition assessments in the 

future 

All five Australian marine protected area (MPA) management agencies represented in 

this study intend to implement quantitative condition assessment of marine biological 

indicators for management effectiveness evaluation (MEE) in the future (confirmed by 

one informant from each of the management agencies). This demonstrates that protected 

area management agencies are heeding the global calls for progress towards the use of 

quantitative monitoring information in conservation management (Nichols & Williams, 

2006; Samhouri et al., 2012; Lindenmayer et al., 2013). It also highlights that many of 

the MEE approaches to evaluate the effectiveness of Australian MPAs are in their 

infancy, and management agencies are aware of the need to improve their internal 

procedures (Chapter 3). The anticipated timeframe for management agencies to 

implement quantitative condition assessment for MEE was reported to be between five 

and 10 years, although for one agency the timeframe was unclear.  

Fourteen informants were unsure whether their agencies were planning to implement 

quantitative condition assessments in the future (in response to Question 1, Box 4.1). 

These informants were predominantly involved in conducting research and outcomes 

assessment for MEE, rather than holding strategic roles within their management agency. 

Thus these informants may not have been aware of the strategic direction of their agency, 

or did not feel they were in a position to confidently say whether their management 

agency intended to implement quantitative condition assessments for MEE. However, all 

informants were happy to continue with the interview, as they held strong views about 

the need for quantitative condition assessment for MEE. 

4-4-2 The challenges faced by management agencies in implementing 

quantitative condition assessment in MEE 

The backcasting scenario used in the interview (Box 4.1) prompted informants to think 

beyond the immediate future to share their personal views about the challenges in 

implementing quantitative condition assessment. Over the last decade, backcasting has 

become a useful approach to assist environmental decision-makers in developing 
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strategies to achieve desirable futures, even in the face of substantial environmental 

uncertainty (Manning et al., 2006; Welp et al., 2006; Robinson et al., 2011). In this study, 

backcasting helped reveal managersô and scientistsô perceptions of the current state of 

MPA management and science and Australiaôs political climate. Informants articulated a 

number of challenges to implementing quantitative condition assessments of biological 

indicators in MEE, acknowledging that both scientists and managers have a role in 

improving the use of scientific evidence in conservation management. 

First, informants reported three changes required to implement quantitative condition 

assessments of biological indicators in MEE (in response to Question 2a; Box 4.1). 

Second, informants reported the most pertinent barrier to achieving these changes. 

Informants responses fell into three broad categories: operational (i.e., within 

management agencies); scientific (i.e., in the field of science); and, external (i.e., external 

to management agencies and science; Figure 4.1 and Figure 4.2). We discuss each of the 

challenges (changes and barriers) from the perspective of management agencies, 

scientists and the wider community. 

Challenges faced by management agencies 

Management agencies around the world are commonly under-resourced and struggle to 

meet their legislated responsibilities for protected area management, even in relatively 

well resourced countries (Ferraro & Pattanayak, 2006; Leverington et al., 2010). Our 

study adds to this well-documented issue, as agency capacity was the most frequently 

cited challenge to implementing quantitative condition assessment for MEE in the future 

(Figure 4.1 and Figure 4.2). More specifically, informants believed that more staff time 

and money must be dedicated to biological monitoring, analysis and interpretation of data 

for quantitative condition assessment. Conducting monitoring specifically for outcome 

assessment is indeed one of the most costly aspects of MEE (Pomeroy et al., 2005; 

Hockings et al., 2006). 

The tension between prioritising funding for the management and monitoring of marine 

versus terrestrial protected areas was also reported as a key barrier, pointing to a perceived 

under-valuing of MPA management within management agencies by some informants 

(Figure 4.2). MPAs currently only make up a small fraction of protected areas 

internationally, and as a consequence may receive proportionally less attention from 

management agencies (the latest figures from 2012/2013 are: 12.7% of the worldôs land 
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surface and 2.8% of the worldsô oceans are protected by terrestrial protected areas 

(Bertzky et al., 2012) and MPAs (IUCN and UNEP-WCMC, 2013) respectively). 

Informants also reported the need for frameworks to guide the development of 

quantitative condition assessments (Figure 4.1). Whilst only considered important by four 

informants, this highlights that some informants are either unaware of existing MEE 

frameworks designed to assist with outcome assessment in MEE (e.g., Pomeroy et al., 

2005; Hockings et al., 2006), or believe that their agencyôs frameworks are currently 

inadequate to support quantitative condition assessments. This suggests that there may be 

value in developing more detailed guidelines to assist management agencies 

operationalise quantitative condition assessment for MEE. 

Finally, a small number of informants stated that their agency would need to have an 

increased desire to implement quantitative condition assessment (Figure 4.1). This 

reflects the opinions of two informants who expressed the view that quantitative condition 

assessments should not be used for MEE (Figure 4.2), as they believed setting quantitative 

thresholds for indicators over-simplifies the complexities of marine systems. This view 

is likely to be one reason why numerical thresholds have not been more widely used in 

conservation management to date (Lindenmayer & Luck, 2005; Groffman et al., 2006; 

Bennetts et al., 2007).  

Challenges in the field of science 

Following the need to increase agency capacity, informants cited a number changes 

needed within the field of marine science to implement quantitative condition assessment 

in MEE (Figure 4.1). Informants reported that a number of key uncertainties remain in 

the scientific understanding of marine systems and MPA management. These included 

uncertainty surrounding the complexity of species interactions, the role of threatening 

processes and cumulative impacts, and the effectiveness of current management 

interventions in the protection of marine biodiversity. Similar sentiments have been 

shared in the peer-reviewed literature (Babcock et al., 2010; Gaines et al., 2010; Edgar et

al., 2014). Informants reported that a greater scientific understanding is needed to 

implement quantitative condition assessments in MEE, and suggested that more of the 

following was needed: targeted biological monitoring and research; a detailed 

understanding of the relationship between threats and environmental condition; 

identification of indicators and quantification of thresholds; and, research into the 
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temporal trends of marine communities within MPAs to better understand natural 

variability (Figure 4.1; Table 4.1). 

Clearly informants believe that key uncertainties remain in current scientific 

understanding of marine systems. Uncertainty associated with conservation decisions can 

often be paralysing for decision-makers (Burgman, 2005; Knight et al., 2006). Whilst 

calls for more targeted monitoring and research to help progress the field of conservation 

continue (e.g., Nichols & Williams, 2006; Cvitanovic et al., 2013), unless there are 

appropriate decision-making frameworks to incorporate this information it will be of little 

use to conservation managers (Legg & Nagy, 2006; Lyons et al., 2008). This is also true 

of frameworks to integrate scientific information into MEE and evidence-based 

management (as concluded in Chapter 3, Section 3-4-4). 

While informants recognised that gaps in scientific knowledge need to be addressed to 

implement quantitative condition assessment, this was rarely cited as the greatest barrier 

(Figure 4.2). Rather, informants reported more common barriers within the control or 

management agencies (operational) or imposed on them by socio-political factors 

(external). 

The only scientific barrier noted by informants, was that setting thresholds makes 

scientists uncomfortable (Figure 4.2). This barrier was cited by informants in science 

positions, reflecting their direct experience of working with other scientists to develop 

quantitative condition assessments. Setting thresholds for conservation management is a 

daunting task and is one reason why thresholds have not been widely used in conservation 

management (Groffman et al., 2006; Lindenmayer et al., 2013). If quantitative condition 

assessments are to inform evidence-based management, then condition categories should 

capture factual information and value-based information relating to ecological condition 

(e.g., bounds of natural variation or ecological thresholds) and where managers believe 

management intervention for a natural system is required to prevent the system entering 

an undesirable state (Martin et al., 2009; Lindenmayer et al., 2013). Therefore scientist 

and managers should share a role in setting thresholds for quantitative condition 

assessments (for further research and discussion on this point see Chapters 5 and 6).  
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Challenges external to management agencies and science 

Informants identified a series challenges that are outside the control of management 

agencies, but are important in implementing quantitative condition assessments in the 

future. In particular, informants reported a lack of political and community support for, 

and understanding of MPAs, and consider this to be a serious impediment to 

implementing quantitative condition assessments in MEE (Figure 4.1 and Figure 4.2). 

Informantsô views are likely to reflect the lack of political and public support for MPAs 

in Australia during 2013, when pressure from recreational fishers saw some MPAs under 

state jurisdiction opened up to shore-based fishing (Booth, 2013). A shift in political 

priorities also resulted in scrapping the management plans of many recently declared 

Commonwealth MPAs (Tobin & Sutton, 2013). These changes are indicative of moves 

to downgrade legislative protection for protected areas internationally (Mascia & Pailler, 

2011; Ritchie et al., 2013; Bernard et al., 2014). All that scientists and managers can do 

in response to the current political climate is build strong community and political support 

for protected areas, by promoting the value of protected areas as tools for biodiversity 

protection and community enjoyment. 

Finally, informants also reported political impediments that exist whereby state and 

national governments do not coordinate their efforts in marine management (Figure 4.1 

and Figure 4.2). Informants recommended that state-wide or even nation-wide 

quantitative condition assessment categories should be developed to ensure consistency 

across jurisdictions. This level of co-operation would no doubt improve national reporting 

requirements (e.g., the State of the Environment reports; State of the Environment 

Committee, 2011), and could be used to assist management agencies to anticipate regional 

changes detected by agencies operating across different jurisdictions. 

4-5 Conclusion 

Whilst the benefits of quantitative condition assessments are well documented (i.e., 

promoting objective, repeatable and transparent decision-making; Hockings et al., 2009; 

Lindenmayer et al., 2013), no research has sought the views of conservation practitioners 

about what they believe is required to implement quantitative condition assessment in 

MEE in the future. Our research has revealed that there is a desire to implement 

quantitative condition assessment in MEE by many MPA management agencies in 
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Australia. However, these agencies face many challenges to shift from conducting 

qualitative to quantitative condition assessments in MEE. The challenges outlined in this 

chapter were shared by informants from management agencies that have access to 

biological monitoring data for MEE. Clearly management agencies around the globe with 

little or no quantitative monitoring data will face greater challenges. 

The increasing availability of monitoring data means that more management agencies 

could begin to implement quantitative condition assessment for MEE, rather than relying 

on expert judgment made in qualitative condition assessments. However, the challenges 

that management agencies face in shifting from conducting qualitative to quantitative 

condition assessments in MEE are complex and intertwined. This research adds to the 

growing sentiment that successful conservation management requires close collaboration 

between scientists and managers (Roux et al., 2006; Cook et al., 2013) and strong socio-

political support (Ritchie et al., 2013; Bernard et al., 2014). We provide recommendations 

to assist scientists and managers around the globe anticipate and successfully overcome 

the challenges to achieving quantitative condition assessment in MEE of protected areas: 

1) Management: Dedicate resources to monitoring and evaluation

Agency capacity is the biggest challenge facing protected area management (Ferraro & 

Pattanayak, 2006; Leverington et al., 2010), and conducting monitoring targeted to 

outcome assessment can be the most costly aspect of MEE (Pomeroy et al., 2005; 

Hockings et al., 2006). However, unless management agencies dedicate long-term 

resources to biological monitoring, analysis and interpretation of data that is targeted to 

(including of adequate quality for) quantitative condition assessment, it simply will not 

become a reality for MEE. As management agencies are likely to remain resource-limited, 

more creative approaches may be also required, such as developing strong and focussed 

collaborations between management agencies and the scientific community to create a 

shared dedication to biological monitoring, data analysis and evaluation for MEE. Such 

collaborations could be formalised by creating: boundary organisations that employ 

scientists and managers that operate across the scienceïmanagement interface; more 

science positions within conservation management agencies; or, formal research 

agreements between conservation management agencies and external scientists (Cook et

al., 2013). 
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2) Science: Develop quantitative condition assessment procedures

More detailed procedural guidelines are required to support managers and scientists 

implement quantitative condition assessment in MEE. These procedures should 

complement existing MEE frameworks (e.g., Pomeroy et al., 2005; Hockings et al., 

2006), and should describe monitoring data requirements for quantitative condition 

assessments, and approaches to selecting indicators and defining thresholds that represent 

the bounds of quantitative condition categories (for further research and discussion into 

this area see Chapters 5 and 6). 

3) Scientists and managers: Promote the value of protected areas to the wider

community

There is a clear need to increase political and community support for protected areas 

(Mascia & Pailler, 2011; Ritchie et al., 2013; Bernard et al., 2014). Both scientists and 

managers should promote the value of protected areas as tools for biodiversity protection, 

the ecosystem services they provide, and for the enjoyment of the wider community. This 

increased communication may help to build stronger community support for protected 

areas and ensure a future of protected areas that includes advances in evidence-based 

evaluation and management. 
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CHAPTER 5  Charting a new course: Control charts for 

evidence-based conservation management 

~ Contribution to thesis aims ~ 

Developing practical solutions: In this chapter I introduce control charts as a statistical 

tool to explicitly link long-term monitoring data with evidence-based conservation 

management. I present a series of practical steps to implement control charts in order to 

set statistically informed management thresholds for state-dependent conservation 

management. 
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Abstract 

Long-term biological monitoring data are considered an integral part of conservation 

management. However, management agencies often fail to use these rich data sources to 

inform their conservation management practices. In this chapter we introduce control 

charts, a statistical tool that could help explicitly link environmental monitoring data with 

evidence-based management. Control charts use statistically derived management 

thresholds referred to as control limits to assess long-term monitoring data and determine 

whether management intervention is required. They have been used for decades in 

industrial applications, but only recently have been advocated to support evidence-based 

environmental management.  

The published environmental management applications of control charts are limited to 

date, and none offer a demonstration of the steps required to implement control charts for 

environmental management. In this chapter, we present a series of practical steps to 

develop management thresholds for conservation management based on the theory of 

control charts. These steps are incorporated within a structured decision-making 

framework, to emphasise the need for logical and transparent model development. We 

illustrate the steps of control chart construction using a case study aimed at setting 

management thresholds for a key ecological indicator, Hormosira banksii, in a marine 

protected area management context. Through this case study we illustrate how to develop 

statistically rigorous management thresholds for environmental indicators. The 

challenges in control chart implementation for environmental management are discussed, 

and guidance is provided to overcome these challenges. This methodology aims to 

provide practical guidance for decision-makers and scientists to operationalise 

management thresholds and to better integrate long-term monitoring data into evidence-

based conservation management. 
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5-1 Introduction 

Long-term biological monitoring programs are an integral part of conservation 

management. These monitoring programs involve the repeated census of species over 

time, often over decadal time scales, and are becoming a more frequent feature of 

conservation (Magurran et al., 2010; Lindenmayer et al., 2012). They can reveal valuable 

insights such as ecosystem temporal dynamics (Magurran et al., 2010; Sergeant et al., 

2012), as well as information about the effectiveness of conservation management 

approaches (Holling, 1978; Walters, 1986). Despite these benefits, there are many 

occasions where management agencies often fail to use these rich data sources to inform 

conservation management practice (Legg & Nagy, 2006; Lindenmayer & Likens, 2010). 

Management thresholds can improve the use of monitoring data in evidence-based 

management by providing a transparent basis for deciding when a management approach 

should be altered to prevent unfavourable changes to an environmental system (known as 

state-dependent management; Link, 2005; Nichols & Williams, 2006; Lyons et al., 2008; 

Martin et al., 2009; Osman et al., 2010). In conservation, much work has focussed on 

defining ecological thresholds (e.g., tipping points; Scheffer & Carpenter, 2003; 

Groffman et al., 2006). Management thresholds are often set by decision-makers to 

represent a ñsafety marginò above and ecological threshold to avoid the risk of an 

ecosystem entering an undesirable state (e.g., Scholes & Kruger, 2011). However, the 

inherent complexity of ecological systems means that ecological thresholds can be 

difficult to identify, or simply do not exist (Lindenmayer & Luck, 2005; Bennetts et al., 

2007). Therefore, setting management thresholds for conservation management remains 

a challenging task, and there continue to be few published examples of the use of clearly 

defined management thresholds in conservation (Lindenmayer et al., 2013). 

Control charts offer a means of explicitly linking management thresholds with 

environmental monitoring data. Originally developed for statistical process control in 

industrial applications, they have been used routinely for over 50 years as rigorous and 

standardised decision-making tools to achieve quality control of manufacturing processes 

(Shewhart, 1939; Montgomery, 2009). More recently, they have been advocated as tools 

to improve the use of long-term monitoring data in evidence-based environmental 

management (ANZECC, 2000; Burgman, 2005; Morrison, 2008). 
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Control charts use statistically derived management thresholds, referred to as control 

limits, to assess long-term monitoring data and determine whether management 

intervention is required (Wheeler & Chambers, 1992; Montgomery, 2009). Typically a 

sample statistic (e.g., a mean) of a monitored variable is plotted through time alongside 

control limits, which represents the bounds of variability of the monitored variable (e.g., 

3ů (sigma) control limits; Figure 5.1). Control charts may contain both warning and 

action control limits. Warning control limits can represent a small process shift and if 

breached can trigger increased monitoring or further investigation (Nelson, 1984; 

Montgomery, 2009). Action control limits represent a large process shift and if breached 

can trigger remedial action (Thompson & Koronacki, 2002; Montgomery, 2009).  

There are a variety of control charts available for different applications (Table 5.1). For 

example, mean (�̅�), range (R) and standard deviation (s) charts use basic summary 

statistics and are designed to detect large shifts in a process. Cumulative sum (CUSUM) 

and exponentially weighted moving average (EWMA) charts are better suited to detecting 

smaller shifts in a process.  

The benefits in adapting control charts to conservation management include, they: 

i) Are simple visual management tools that can assist decision-makers, who can have 

limited statistical expertise, with interpreting long-term monitoring data (Morrison, 

2008); 

ii) Can deal with the inherently noisy environmental monitoring data and provide an 

early warning of a shift outside of the bounds of natural variability (ANZECC, 2000; 

Morrison, 2008); 

iii) Encourage decision-makers to carefully consider Type I and II error rates associated 

with management thresholds (Burgman, 2005; Morrison, 2008), which are commonly 

overlooked when parametric statistical tests are used to interpret environmental 

monitoring data (Mapstone, 1995; Nichols & Williams, 2006; Mudge et al., 2012); 

and, 

iv) Promote a robust connection between monitoring and evidence-based management 

(ANZECC, 2000; Burgman, 2005). 
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Figure 5.1 A hypothetical mean (�̅�) control chart with 3 control limits. 

Published environmental management applications of control charts are limited to date, 

but include: environmental impact assessment of marine benthic infauna (Maurer et al., 

2000); forest fire management (Podur et al., 2002); fisheries management (Scandol, 2003; 

Petitgas, 2009); conservation management of fish assemblages (Anderson & Thompson, 

2004); water quality management (Mac Nally & Hart, 1997); and, water catchment 

management (Gove et al., 2013). In the majority of these cases, the application of control 

charts has been demonstrated using historic monitoring data where a known disturbance 

in a system has occurred (e.g., the effects of cyclone disturbance on coral reef 

communities; Anderson & Thompson, 2004). The focus of many of these examples is to 

highlight how traditional control limits could have been used as management thresholds 

to detect a known disturbance. Whilst some publications present a theoretical basis for 

adapting control charts to environmental contexts (e.g., Morrison, 2008), none have 

offered a practical demonstration of the steps required to implement control charts for 

environmental management. 

Here we present a series of practical steps to develop management thresholds for 

conservation management based on the theory of control charts. These steps are 

incorporated within a structured decision-making framework to emphasise logical and 

transparent model development (discussed in Chapter 2; Nichols & Williams, 2006; 

Addison et al., 2013). These steps are illustrated using a case study aimed at setting 

management thresholds for a key ecological species in a marine protected area 
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management context. Through this case study we illustrate how statistically rigorous 

management thresholds can be developed for state-dependent conservation management. 

Table 5.1 An overview of common control charts used in industrial applications 

(following Montgomery (2009)), including example environmental 

applications. 

Name Description Environmental application (with 
published examples where applicable) 

Univariate control charts used to detect large shifts in a process (equivalent to 3) 

Variable control charts 

�̅� chart (mean) Plots a subgroup average through 
time, alongside control limits that 
relate to the baseline population 
sample range or standard deviation. 

Monitoring the mean value of an 
indicator estimated from multiple 
locations within a region (e.g., forest 
management; Podur et al., 2002) 

R chart (range) Plots a subgroup range through time, 
alongside control limits that relate to 
the baseline population sample range.  

Monitoring the variability in the range of 
indicator estimated from multiple 
samples within a location, or multiple 
locations within a region (e.g., marine 
environmental impact assessment; 
Maurer et al., 2000) 

s chart (standard 
deviation) 

Plots a subgroup standard deviation 
through time, alongside control limits 
that relate to the baseline population 
standard deviation.  

Monitoring the variability in the standard 
deviation of an indicator from multiple 
samples within a location, or multiple 
locations within a region. 

Attribute control charts  

p charts (fraction 
nonconforming) 

Plots the fraction of nonconforming 
units in a subgroup (i.e., the 
frequency of binary events: 
proportion of óflawedô versus ónot 
flawedô items in a subgroup), 
alongside control limits that relate to 
the fraction of nonconforming units 
seen in the baseline population.  

Monitoring the long-term variability in 
the proportion of individual control chart 
breaches of multiple indicators. 

c and u charts 
(nonconformities) 

Plots the number of nonconformities 
in a subgroup (e.g., count data drawn 
from a Poisson distribution), 
alongside control limits that relate to 
the number of nonconforming units 
seen in the baseline population.  

Monitoring the long-term variability in 
the breaches of single measurements of 
an indicator across multiple sites or 
locations (e.g., water quality 
management; ANZECC, 2000). 
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Table 5.1 continued  An overview of common control charts used in industrial 

applications (following Montgomery (2009)), including example 

environmental applications. 

Name Description Environmental application (with 
published examples where 
applicable) 

Univariate control charts used to detect small shifts in a process (equivalent to 1.5) 

CUSUM charts 
(cumulative 
sum) 

Plots the cumulative sum of positive and 
negative deviations of subgroup values 
away from the baseline population mean. 
The upper and lower control limits are 
specified by the decision-maker, and are 
dependent on the desired performance of 
the chart (values of k and h). For further 
information, see Table 4, Appendix 4.  

Monitoring the long-term cumulative 
deviations from the baseline population 
mean (e.g., fisheries management; 
Mesnil & Petitgas, 2009; 
Pazhayamadom et al., 2013). 

EWMA charts 
(exponentially 
weighted 
moving 
average) 

Plots an exponentially weighted moving 
average of the subgroup values. The 
upper and lower control limits are 
specified by the decision-maker, and are 
dependent on the desired performance of 
the chart (values of  and L). For further 
information, see Table 4, Appendix 4. 

Monitoring the long-term moving 
average for an indicator, which shows 
some natural cyclic variation through 
time (e.g., environmental impact 
assessment; Port of Melbourne 
Corporation, 2008). 

Multivariate control charts 

Multivariate 
control charts 

Plots the dissimilarity between a 
community assemblages at the current 
time compared to a baseline (either an 
initial subgroup, or average of all 
previous subgroups). Control limits 
represent an estimated percentile of the 
baseline population (e.g., 90th percentile). 

Monitoring the long-term deviations 
dissimilarity between community 
assemblages (e.g., conservation 
management; Anderson & Thompson, 
2004). 

5-2 Case study introduction 

Parks Victoria is the management agency responsible for Victoriaôs marine national parks 

(MNPs). They wish to assess long-term biological monitoring data against management 

thresholds to facilitate state-dependent management of the ongoing threats to intertidal 

rocky reefs. Hormosira banksii is a key ecological indicator for rocky intertidal reefs as 

it is an important habitat provider for many intertidal species and is threatened by 

trampling by visitors at low tide (Povey & Keough, 1991; Keough & Quinn, 1998; Schiel 

& Taylor, 1999; Pocklington, 2012). The percentage cover of H. banksii has been 

monitored at Port Phillip Heads MNP within a 100 m section of Point Lonsdale intertidal 

reef on nine occasions between 2004 and 2013 (Brown et al., 2013; Figure 5.2 and Figure 

5.3). The average percentage cover of H. banksii was estimated at five heights on shore 



Chapter 5: Control charts for evidence-based conservation management 

90 

(here treated as n = 5 independent samples, each based on 5 sub-samples; see Brown et

al., 2013 for full monitoring design).  

Parks Victoria wishes to set management thresholds to respond to a decline in the cover 

of H. banksii. The objective of a management response is to ensure the percentage cover 

of H. banksii is recovered to, and is maintained at, the current observed levels (i.e., to 

achieve the conservation objective, ñto maintain biodiversityò; Victorian Government, 

2012). The management time horizon relevant to this case study is 15 years, which 

incorporates one full cycle of Parks Victoriaôs decadal MNP management strategy (Ferns

et al., 2003). 

 
Figure 5.2 The mat-forming brown algae, Hormosira banksii, at Point Lonsdale intertidal 

reef (picture by Australian Marine Ecology; Brown et al. (2013)). 
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Figure 5.3 The average percentage cover (Ñ standard error) of Hormosira banksii at Point 

Lonsdale intertidal reef, monitored from 2004 to 2014. The average estimates 

are each based on n = 5 independent samples. 

5-3 Constructing control charts for conservation management 

Here, the steps for control chart construction and use are embedded within a structured 

decision-making framework to emphasise the need for logical and transparent model 

development (following the recommendations in Chapter 2; Addison et al., 2013). The 

steps of control chart construction start from a point late in the structured decision-making 

process, the evaluation stage (Figure 5.4). It is crucial for decision-makers to work 

through the initial stages of structured decision-making to ensure control charts are 

designed appropriately to support effective state-dependent management (see Chapter 2 

for an overview of the problem formulation and modelling stages of structured decision-

making). Whilst not discussed in detail here, the crucial aspects that should be considered 

prior to control chart construction include:  

i) The decision context must support the need for both long-term monitoring and 

evidence-based management of a system; 

ii) A conceptual understanding of the decision context should be developed, including 

ecosystem dynamics and known threatening processes; 
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iii) Management objectives and monitoring objectives must be clearly defined and used 

to justify indicator selection; 

iv) Management alternatives must be carefully selected based on estimated effectiveness 

of the management on the indicator population; and, 

v) A specified time horizon for the monitoring and management including a time when 

periodic knowledge review will occur (see further discussion of all of these steps in 

Chapter 6).  

 
Figure 5.4 The steps for control chart construction and use, embedded within a 

structured decision-making framework (adapted from Figure 2.1). 
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Step 1 Select control chart(s) 

Selecting a control chart requires consideration of the relevant statistical properties of the 

monitored variable (i.e., indicator) to be managed, including the magnitude of the 

disturbance response that decision-makers wish to detect. For example, mean (�̅�) or 

standard deviation (s) charts might be chosen to detect large process shifts, whereas 

cumulative sum (CUSUM) or exponentially weighted moving average (EWMA) charts 

might be chosen to detect smaller process shifts (see Table 5.1 for the variety of control 

charts available to choose from). 

Step 1 Select control chart(s): case study illustration 

Parks Victoria wishes to use control charts to detect both large and small declines in the 

mean percentage cover of Hormosira banksii, to invoke action and warning management 

thresholds respectively. Two control charts were selected to meet this objective: i) the 

mean (�̅�) control chart, and ii) the EWMA chart. EWMA charts are constructed using two 

variables: the weighting factor, , and the width of the control limit, L (see Table 4, 

Appendix 4, for a full description of EWMA chart parameters). We explored two 

combinations of these variables to assess which chart would perform better using H.

banksii data:  = 0.05 and L = 2.30, and  = 0.25 and L = 2.75 (designed to detect a shift 

of 0.5 and 1.5 from the mean respectively; Neubauer, 1997). 

Step 2 Define the baseline population 

A baseline population should represent a stable state of an indicator, which is within the 

bounds of acceptable variation at a location of interest (in the language of statistical 

process control, the process is ñin controlò; Montgomery, 2009). To determine whether 

an indicator represents a stable state, exploratory checks of the baseline data are 

recommended, such as checking for evidence of temporal trend and autocorrelation.  

Similar to industrial applications, estimates of the baseline population should be derived 

from multiple observations (i.e., subgroups; see equations outlined in Table 1, Appendix 

4). The baseline estimates required will depend on the selected control chart. For example 

a �̅� chart requires estimates of the baseline population mean (�̿�) and standard deviation 

(�̅�).  
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Generally, 20 to 25 independent subgroups (typically of sample size between three to 

five) are recommended to provide a good estimate of the baseline population mean and 

within subgroup standard deviation (Thompson & Koronacki, 2002; Montgomery, 2009). 

However, this number of subgroups is not realistic for many environmental monitoring 

programs (e.g., if observations are only made once a year, it would be 25 years before 

control charts could be constructed!). We offer three solutions to this problem:  

i) Use whatever baseline data are available to construct ñtrialò control limits, and update 

control limits with new data on a regular basis (Wheeler & Chambers, 1992);  

ii) Apply a bootstrap sampling technique to re-sample from the existing baseline data to 

estimate control limits (e.g., Anderson & Thompson, 2004); 

iii) Use a self-starting control charts, which require few baseline observations and 

parameter estimates for control limits can be updated using new observations whilst 

simultaneously monitoring the process (e.g., Jensen et al., 2006; Li et al., 2010; 

Pazhayamadom et al., 2013).  

Baseline subgroup observations should be collected at sampling intervals equal to that 

intended for the ongoing monitoring program (also recommended for environmental 

monitoring; Fairweather, 1991; Keough & Mapstone, 1997). For example, baseline 

observations collected at monthly intervals should be used to estimate control limits for 

future monthly sampling. Ideally, the baseline population should be defined by data 

collected for the indicator at the intended monitoring location. In the absence of such data, 

decision-makers could estimate the baseline population using data on the indicator from 

nearby locations, or even data on different, but functionally similar, indicators. 

Step 2 Define the baseline population: case study illustration 

Exploratory checks of the H. banksii baseline data revealed no evidence of a significant 

temporal trend (p = 0.548; tested using the linear regression function in the MASS library 

in R; Venables & Ripley, 2002), with high power to detect a gradual decline in cover of 

5% each year over the nine years of sampling (Power = 0.83; tested in GPower (Faul et

al., 2007) using the generic t-test option for a one-tailed t-test ( = 2.875,  = 0.05, df = 

7; following Neter et al. (1990)). There was also no evidence of significant 

autocorrelation in the baseline time-series (tested using the acf function in R; R 

Development Core Team, 2013). Given the stable nature of the H. banksii time-series 
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over the nine years of monitoring (Figure 5.3), this population was considered within the 

bounds of acceptable variation, with a baseline population mean �̿� = 70.4 and standard 

deviation �̅� = 20.1 (calculated using equations 1 and 2, Box 5.1).  

Step 3 Define undesirable changes to the baseline population 

To assess whether control limits will be able to detect important changes in an indicator 

population, decision-makers must describe the type(s) of disturbance of most concern. 

Such disturbances should be plausible (e.g., a cause-and-effect story is supported by 

scientific evidence), and due to threatening processes that can be managed (e.g., human 

activity). 

Step 3 Define undesirable changes to the baseline population: case study illustration 

Experimental research has shown that high levels of trampling can cause between 60% 

to 90% reduction in the cover of H. banksii (Povey & Keough, 1991; Keough & Quinn, 

1998; Schiel & Taylor, 1999). The recovery of H. banksii from repeated trampling events 

can take anywhere between one and three years, however a series of high intensity 

trampling events over multiple years can result in a continual decline in cover, with little 

evidence of recovery of H. banksii for many years (Keough & Quinn, 1998). Using this 

experimental evidence, a severe response to trampling was defined as an immediate 60% 

reduction of the baseline mean (resulting in a mean cover of 28%) maintained over the 

entire 15 year management time horizon. A gradual decline is also a plausible response 

of H. banksii to trampling, thus a gradual response is defined as a gradual reduction of 

60% to the baseline mean over the 15 year management time horizon. 

Step 4 Select provisional control limits and specify management actions 

Control limits represent a level of an indicator that requires management intervention 

(Thompson & Koronacki, 2002; Montgomery, 2009). Many environmental applications 

of control charts use traditional control limits to interpret environmental monitoring data 

(e.g., 2 and 3 control limits on �̅� charts; Maurer et al., 2000; Gove et al., 2013). These 

are a useful starting point to explore control chart performance, but should only be treated 

as a starting point. The calculations required to construct provisional control limits are 

outlined in Tables 2 to 4, Appendix 4. 
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Multiple provisional control limits should be explored to represent action and warning 

management thresholds, as decision-makers may wish to avoid waiting until an action 

limit is triggered before they attempt to manage, or more intensively study, the system 

that they aim to conserve. 

In addition to the ñstatus quoò management, which is current and ongoing until a control 

limit is breached, at least two other management actions should be considered. For 

example, a management action associated with a warning limit may focus on preventing 

an undesirable change occurring, or investigating the characteristics and causes of the 

change. A management action associated with an action limit may focus on helping move 

the system from an undesirable state back to within the acceptable bounds of variation. It 

is important that these management actions are carefully selected, based on the estimated 

effectiveness of the management action on the indicator population, which should be 

explored in earlier stages of structured decision-making (Gregory et al., 2012; Figure 

5.4). 

Step 4 Select provisional control limits and specify management actions: case study 

illustration 

As Parks Victoria were interested in detecting a decline in H. banksii, only lower control 

limits were constructed on the �̅� and EWMA charts. The provisional control limits 

selected for the �̅� chart were the traditional 2 and 3 control limits, which are placed at 

51.3% and 41.8% cover respectively (calculated using equation 3, Box 5.1), to be used 

as a starting point in the iterative exploration of control limit performance (step 7). Other 

�̅� chart control limits were also explored, simply by shifting the value of the control limits 

between the 2 and 3 levels.  

As EWMA charts can have ñslow start-upò, where process shifts are often not detected 

during the early stages of monitoring (Lucas & Saccucci, 1990; Steiner, 1999), three 

provisional control limits for each of the two EWMA charts ( = 0.05, L = 2.30 and 

 = 0.25, L = 2.75) were explored:  

i) A time adjusted lower control limit (referred to as ñlower control limitò; calculated 

using equation 4, Box 5.1; Montgomery, 2009); 
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ii) A fast initial response lower control limit (calculated using equation 5, Box 5.1, using 

f = 0.5 and a = 0.3, as recommended by Steiner (1999)); and, 

iii) A modified fast initial response lower control limit (calculated using equation 6, Box 

5.1, using f = 0.5 and a = 0.3, as recommended by Haq et al., (2013)).  

The provisional control limits of the �̅� and EWMA chart are shown in Appendix 5, and 

are considered as candidate action and warning management thresholds. 

Parks Victoria has several management alternatives to address the threat of trampling to 

intertidal reefs (Pocklington et al., 2012). For simplicity, two candidate management 

alternatives (in addition to the status quo) that could be used in association with a warning 

and action control limit were considered (Table 5.2). The warning limit could be 

associated with precautionary action in response to a small reduction in H. banksii cover, 

and includes additional ranger visits and educational programs (Table 5.2). The action 

limit could be associated with the restorative management action in response to a decline 

outside the bounds of acceptable variation of H. banksii, and would focus on excluding 

visitors from the intertidal reef. The evidence of the effectiveness of both management 

actions is supported by social research (e.g., Blayney & Wescott, 2004) and ecological 

research (e.g., Povey & Keough, 1991; Keough & Quinn, 1998). The status quo 

management of Point Lonsdale intertidal reef will continue until a control limit is 

triggered in the future. 

Table 5.2 Description of management alternatives. 

Name Description 

Status quo On-site ranger patrols, user group management (e.g., licensed tour operators); 
management of educational programs; and, infrastructure maintenance (e.g., 
signs, bins, markers replacement/upgrade).  

Warning limit 
management action 

Increasing on-site ranger patrols at peak visitation periods, running additional 
educational programs and installing more signage to educate visitors about 
how to minimise their impact on the inertial reef. Also, increasing monitoring 
and/or research to investigate the processes driving the changes in the H.

banksii population. 

Action limit 
management action 

Restricting visitor access using ranger patrols, signage and fencing to allow H.

banksii beds to regenerate and recover from the detected decline.  

Step 5 Specify control chart performance criteria 

By interpreting monitoring data with control charts, as with all parametric statistical tests, 

decision-makers can make either Type I or II errors (often communicated as ñAverage 
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Run Lengthsò in statistical process control literature; Montgomery, 2009). In the context 

of control charts a Type I error rate represents the chance that a control limit is breached, 

when no true change of concern to the population has occurred. A Type II error rate 

represents the chance that a control limit is not breached, when there has been a true 

change of concern in the population. The ultimate cost of a Type I error is borne by the 

decision-maker, which is the cost of management intervention when it was not required. 

The cost of a Type II error is borne by the environment, which is the cost of an undesirable 

environmental change that goes undetected and unmanaged. 

Mapstoneôs (1995) concept of ñscalable decision rulesò can help guide decision-makers 

in assessing the relative costs of Type I and Type II errors associated with control limits. 

Such an explicit comparison of Type I and II errors is a vast improvement on the common, 

but ill-conceived, convention of setting a constant Type I error rate of  = 0.05 and failing 

to consider the Type II error rate in environmental monitoring (Green, 1979; Fairweather, 

1991; Mapstone, 1995; Field et al., 2004). 

Decision-makers can explore the critical Type I error rate (𝛼𝑐) and Type II error rate (c) 

over the entire management time horizon, by using the following equation (Mapstone, 

1995): 

𝛼𝑐

𝛽𝑐
= 𝑘 =

𝐶𝐼𝐼

𝐶𝐼
 

(8) 

where k is the ratio of the cost to the environment if a Type II error is committed (𝐶𝐼𝐼) 

versus the cost of management action when a Type I error is committed (𝐶𝐼). 

To set the performance criteria for warning and action control limits, decision-makers 

must:  

i) Set the ratio of the critical Type I error to the Type II error (k), guided by the perceived 

environmental cost that may go undetected (Type II error) over the management time 

horizon versus the perceived cost of erroneous management action (Type I error), or 

the real costs should these be known (e.g., Field et al., 2004); 

ii) Set the critical Type II error rate (c) based on the tolerable level of a chance of an 

undesirable environmental change (e.g., the disturbance response(s) outlined in step 

3) going undetected and unmanaged. Note that Mapstoneôs (1995) example involves 
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setting the critical Type I error rate (c) first, however we suggest for conservation 

decisions there should be a greater focus on the environmental context of the decision, 

thus setting c first; and, 

iii) Calculate the critical Type I error rate (c) using k and c.  

As a neutral starting point, equal weighting could be given to the Type I and II error rates 

of control limits (i.e., k = 1), when there is no other justification to set k at a different 

value. 

Step 5 Specify control chart performance criteria: case study illustration 

In this case study the driving objective is conservation and Parks Victoria is committed 

to manage the intertidal reef within Port Phillip Heads MNP (Ferns et al., 2003). Whilst 

all management alternatives have a substantial cost to Parks Victoria (Table 5.2), the cost 

of these actions is deemed tolerable to ensure the baseline condition of H. banksii is 

maintained over the 15 year management time horizon. Given this strong conservation 

focus, the cost of a Type II error versus a Type I error was set at 2:1 (i.e., k = 2; following 

equation 8) for both the warning and action control limits.  

Parks Victoria wished to minimise the chance that a true decline in the percentage cover 

of H. banksii goes undetected, thus the critical Type II error rate for both the warning and 

action control limits was set at c = 0.05 over the 15 year time horizon. This meant there 

would only be a 5% chance that an action or warning control limit would fail to detect a 

true decline in H. banksii cover, and management intervention will not be implemented 

within the 15 year time horizon. Following equation 8, with k = 2, the critical Type I error 

rate was calculated as c = 0.1. Thus, the control limit performance criteria were set as 

c < 0.1 and c < 0.05. 

Step 6 Use data simulation to generate time-series datasets under different disturbance 

regimes 

Data simulation is a useful tool to explore the effectiveness of monitoring designs and 

statistical methods (e.g., Sims et al., 2008; Gwinn et al., 2011; Nuno et al., 2013). In the 

context of control charts, data simulation is used to generate replicate time-series datasets. 

These datasets represent plausible futures of a baseline population displaying different 

disturbance responses over the management time horizon. Estimates of the baseline 
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population (defined in step 2) are used to create an undisturbed simulated population, 

while the disturbance responses defined in step 3 can be used to create populations 

displaying different disturbance responses. The replicate time-series datasets generated 

can then be used to assess the provisional control limits against the performance criteria 

specified in step 5. 

The method of data simulation used requires careful consideration of the distributional 

properties of the baseline population, the presence of temporal trend or autocorrelation, 

and the hierarchical structure of the monitoring design. Hallgren (2013) provides some 

useful advice for basic concepts for conducting data simulation in R. Some approaches to 

data simulation that we recommend include: 

i) Monte Carlo random sampling: when observations from the baseline population are 

independent, stationary (no autocorrelation), and there is no temporal trend evident 

(Jones et al., 2009); 

ii) A simple linear model: when observations from the baseline population are 

independent, stationary, and a linear temporal trend is evident (Jones et al., 2009); 

iii) An autoregressive integrated moving average (ARIMA) model: when the baseline 

population shows significant autocorrelation (Box et al., 2008; Cowpertwait & 

Metcalfe, 2009);  

iv) A mixed effects model: when the monitoring data has a hierarchical structure (e.g., 

replicates within sites, within locations) and the baseline population shows trends in 

the data (Gelman & Hill, 2006). 

Multiple replicate time-series datasets should be generated, with the number of replicates 

depending on the complexity of the data simulation approach used. Sample statistics must 

be calculated from the simulated datasets for the provisional control charts (e.g., subgroup 

means (�̅�𝑖) through time for an �̅� chart; following equations in Table 5, Appendix 4), 

which can then be used to assess control chart performance. 

Step 6 Data simulation: case study illustration 

Fifteen year time-series datasets were created to represent annual mean percentage cover 

estimates of H. banksii at Point Lonsdale intertidal reef displaying different disturbance 

responses described in step 3. As there was no evidence of autocorrelation or temporal 

trend in the baseline data (step 2), the simulated datasets were generated using discrete 
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random variables using a Monte Carlo random sampling method in R (using the function 

rnorm; R Development Core Team, 2013). The percentage cover of H. banksii (𝑥𝑖) from 

years 1 to 15 was defined as: 

𝑥𝑖  ~ 𝑁(�̿�𝑗 , 𝑠. 𝑒. (�̅�)) (9) 

where 𝑥𝑖 is an independent, normally distributed estimate of the mean percentage cover 

of H. banksii at year i (considered normally distributed, based on the central limit 

theorem). �̿�𝑗 is the grand mean for the populations displaying j different disturbance 

responses, and 𝑠. 𝑒. (�̅�) is the standard error of the baseline population. 

Five different populations, displaying different disturbance responses over the 15 year 

management time-horizon, were used to generate the time-series datasets: 

Population 1: Undisturbed from years 1 to 15 (Figure 5.5a). Where �̿�1 = 70.4 and 𝑠. 𝑒. (�̅�) 

= 8.9 (based on the baseline population estimate, �̅� = 20.1, n = 5); 

Population 2: Displaying a severe disturbance response from years 1 to 15, reflected as a 

60% decline from the baseline population, with no recovery (Figure 5.5b). 

Where �̿�2 = 28.0 and 𝑠. 𝑒. (�̅�) = 8.9; 

Population 3: Displaying a severe disturbance response from years 8 to 15, reflected as a 

60% decline from the baseline population, with no recovery (Figure 5.5c). 

Where �̿�3 = 28.0 and 𝑠. 𝑒. (�̅�) = 8.9 from years 8 to 15. Years 1 to 7 reflect 

the undisturbed population;  

Population 4: Displaying a gradual disturbance response from years 1 to 15, reflected as 

a 60% decline from the baseline population over 15 years (Figure 5.5d). 

Where the mean reduces from �̿�4 = 70.4 at year 1 to �̿�4 = 28.0 at year 15, 

and 𝑠. 𝑒. (�̅�) = 8.9; and, 

Population 5: Displaying a gradual disturbance response from years 8 to 15, reflected as 

a 60% decline from the baseline population over 7 years (Figure 5.5e). 

Where the mean reduces from �̿�5 = 70.4 at year 8 to �̿�5 = 28.0 at year 15, 

and 𝑠. 𝑒. (�̅�) = 8.9. Years 1 to 7 reflect the undisturbed population. 
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The five populations were each used to generate 1000 replicate time-series datasets 

(N = 1000). These datasets provide annual estimates of the mean percentage cover of H.

banksii over a 15 year time horizon. The raw data were used directly for assessing the 

performance of the �̅� chart control limits, and were modified for the EWMA charts to 

calculate an exponentially weighted moving average sample statistic (𝑧𝑖; equation 7, Box 

5.1). The resultant sample statistics produced from the replicate time-series datasets for 

the five simulated populations are shown in Appendix 5. 
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Figure 5.5 The five Hormosira banksii populations showing different disturbance 

responses. The average percentage cover (blue line) and the 95% confidence 

intervals (blue shading) of the 1,000 replicate time-series datasets is shown for 

each population.  
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Step 7 Assess control chart performance 

The replicate simulated datasets can be used to assess the provisional control limits 

against the performance criteria of the warning and action control limits (c and c). More 

specifically, the undisturbed simulated population can help explore the Type I error rate 

of the provisional control limits, as there should be no true change in the replicate time-

series datasets (i.e., any breach of a control limit represents a stochastic event that 

contributes to the Type I error rate). The disturbed simulated populations help explore the 

Type II error rate of the provisional control limits. This is because the replicate time-

series datasets display disturbance responses at known times, and therefore can be used 

to assess how quickly the control limits detect these known shifts (i.e., the failure to 

breach a control limit contributes to the Type II error rate). 

For each replicate time-series dataset, it is possible that a control limit will be breached 

many times during the simulated time period. If the pattern of interest is a single control 

limit breach, it will be useful to count only the first time that the control limit is breached 

by the simulated datasets during the management time horizon to estimate the cumulative 

Type I and II error rates. This is because once a control limit is breached, a management 

action is implemented and the system enters a different management state. If the pattern 

of interest is more than two consecutive breaches of a control limit breach, then it will be 

useful to count the first time that the control limit is breached twice in a row by the 

simulated datasets to estimate the cumulative Type I and II error rates. 

The Type I and II error rates of the provisional control limits should be calculated as 

cumulative functions at each time step over the entire management time horizon. 

Equations 10 and 11 show how to assess the number of single control limit breaches by 

the simulated time-series datasets. 

The cumulative sum (from years 1 to n) of the probability of a Type I error rate (𝛼𝑛) is 

defined as: 

𝛼𝑛 =  ∑
𝑏𝑖

𝑁

𝑛

𝑖=1

 
(10) 
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where bi is the number of replicate time-series datasets from the undisturbed simulated 

population that breach a control limit at year i for the first time, and N is the total number 

of replicate time-series datasets. 

The cumulative sum (from year 1 to n) of the probability of a Type II error rate (𝛽𝑛) is 

defined as: 

𝛽𝑛 =  1 − ∑ (
𝑏𝑖

𝑁
)

𝑛

𝑖=1

 
(11) 

where bi is the number of replicate time-series datasets from the disturbed simulated 

populations that breach a control limit at year i for the first time, and N is the total number 

of replicate time-series datasets. As 𝛽𝑛 is calculated using the disturbed simulated 

populations, which exhibit true declines over time, this cumulative function will approach 

zero over time (i.e., 𝛽𝑛 is the accumulation of negatives). 

Once the cumulative Type I and II error rates of the provisional control limits have been 

calculated for each time step, the performance of the provisional control limits can be 

compared to the control limit performance criteria. If the observed cumulative Type I and 

II error rates of the provisional control limits are not deemed acceptable for a single 

breach of a control limit over the entire management time horizon, three options are 

available: 

i) Explore moving the control limits until acceptable cumulative Type I and II error rates 

are observed (i.e., moving away from traditional control limits); 

ii) Explore the effect of different decision rules (e.g., waiting for more than two 

consecutive breaches of a control limit) until acceptable cumulative Type I and II 

error rates are observed; or 

iii) Explore increasing the replication of the monitoring design to determine what 

subgroup sample size will be required to achieve acceptable cumulative Type I and II 

error rates for control limits. 
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Step 7 Assess control chart performance: case study illustration 

Undisturbed population to assess the cumulative Type I error rate of control limits 

The undisturbed simulated datasets (Population 1, Figure 5.5a) were used to calculate the 

cumulative sum of the Type I error rate (𝛼𝑛) of the �̅� and EWMA chart provisional control 

limits (equation 10; based on a single breach), which was assessed against the control 

limit performance criterion (c < 0.1; Figure 5.6). 

To meet the control limit performance criterion, the �̅� chart control limits should be set 

at 48.0% cover or lower (Figure 5.6a). The only EWMA chart control limits that met the 

performance criterion are the EWMA ( = 0.05, L = 2.3) and ( = 0.25, L = 2.75) lower 

control limits (Figure 5.6b). This assessment highlights that not all provisional control 

limits met the performance criterion, such as the �̅� chart traditional 2 control limit 

(51.3% cover), and the EWMA fast initial response and modified fast initial response 

control limits (Figure 5.6). The EWMA fast initial response and modified fast initial 

response control limits can protect against issues of slow start-up (Steiner, 1999; Haq et

al., 2013), however this clearly comes at an increased cost of an elevated cumulative Type 

I error rate. 

Further investigation of the provisional control limits was restricted to those control limits 

that met the Type I error rate performance criterion: the �̅� chart 48.0% cover control limit 

(acknowledging that a control limit selected anywhere Ò48.0% cover is acceptable), the 

�̅� chart 3 lower control limit (41.8% cover), the EWMA ( = 0.05, L = 2.3) lower control 

limit, and the EWMA ( = 0.25, L = 2.75) lower control limit. 
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Figure 5.6  The cumulative sum of the Type I error rate of the provisional control limits 

on the a) �̅� chart and b) EWMA chart, assessed using Population 1 

(undisturbed), against the performance criterion (c < 0.1; black horizontal 

line). The control limits that achieve the performance criteria are indicated 

with an asterisk. 

Disturbed simulated populations to assess Type II error rate of control limits 

The cumulative sum of the Type II error rate (𝛽𝑛) of the provisional control limits was 

calculated using the disturbed simulated populations (equation 11; based on a single 

breach). 

An action control limit should provide immediate notice of a large decline in the 

percentage cover of H. banksii. Therefore the severe disturbance datasets (Populations 2 

and 3; Figure 5.5b and Figure 5.5c) were used to calculate the cumulative sum of the 

Type II error rate of the provisional control limits, which were assessed against the control 

limit performance criterion (c < 0.05; Figure 5.7). The assessment of the cumulative 

Type II error rates of the provisional control limits began at year 1 for Population 2 (the 

severe disturbance response from years 1 to 15; Figure 5.7a), whereas the assessment 
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began at year 8 for Population 3 (the severe disturbance response from years 8 to 15; i.e., 

when the disturbance response began; Figure 5.7b). 

When Population 2 shows a severe disturbance response at year 1, the �̅� chart 48.0% 

cover lower control limit and both the EWMA lower control limits met the performance 

criterion immediately (Figure 5.7a). The 3 lower control limit (41.8% cover) of the �̅� 

chart met the performance criterion one year later. 

When Population 3 showed a severe disturbance response at year 8, the �̅� chart 48.0% 

cover lower control limit once again met the performance criterion immediately (Figure 

5.7b). The other three control limits were slower to respond by: one yearð�̅� chart 3 

lower control limit and EWMA ( = 0.25, L = 2.75) lower control limit; or, two yearsð

EWMA ( = 0.05, L = 2.3) lower control limit. This illustrates that EWMA lower control 

limits do not consistently detect large shifts in the process (as shown by Montgomery, 

2009).  

The �̅� chart 3 control limit (41.8% cover) only just falls short of the performance 

criterion for both the simulated populations showing severe disturbance response (Figure 

5.7). A slightly larger control limit, say placed at 43.5% cover would meet the 

performance criterion immediately (at years 1 and 8). The 43.5% cover lower control 

limit could be used as the action limit, as it achieves a cumulative sum of the Type I error 

rate of 15 = 0.02, which is well below the Type I error rate performance criterion.  
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Figure 5.7 The cumulative sum of the Type II error rate of provisional control limits, 

assessed using Populations 2 and 3, displaying severe disturbance responses. 

The black arrows indicate the time when the first control limit(s) meet the 

performance criterion (c < 0.05; black horizontal line). 

A warning control limit should provide warning of a small shift in the process, early 

enough to prevent unacceptable change in the system (triggered by an action limit). 

Therefore the gradual disturbance datasets (Populations 4 and 5; Figure 5.5d and Figure 

5.5e) were used to calculate the cumulative sum of the Type II error rate of the provisional 

control limits, which were assessed against the control limit performance criterion (c < 

0.05; Figure 5.8). The assessment of the cumulative Type II error rates of the provisional 

control limits began at year 4 for Population 4 (the gradual disturbance response from 

years 1 to 15), as this represents a shift in the baseline population mean of one standard 

deviation (Figure 5.8a). The assessment of the cumulative Type II error rates of the 

provisional control limits began at year 9 for Population 5 (the gradual disturbance 

response from years 8 to 15), again representing a shift in the baseline population mean 

of one standard deviation (Figure 5.8b). 

When Population 4 shows a gradual disturbance response from years 1 to 15, the 

provisional EWMA control limits met the performance criterion earliest at year 9 (Figure 

5.8a). This highlights the utility of EWMA charts in detecting smaller, more gradual shifts 

earlier than �̅� charts (Montgomery, 2009).  



Chapter 5: Control charts for evidence-based conservation management 

110 

When the gradual disturbance begins later (years 8 to 15; Population 5), and the rate of 

decrease in the simulated population was more severe, the following two control limits 

met the performance criterion earliest at year 13: the �̅� chart 48.0% cover lower control 

limit, and the EWMA ( = 0.25, L = 2.75) lower control limit (Figure 5.8b).  

The EWMA ( = 0.25, L = 2.75) lower control limit appears to serve as the best 

performing warning control limit, consistently providing the earliest warning for the two 

types of gradual disturbance in H. banksii populations (Figure 5.8). 

 

Figure 5.8 The cumulative sum of the Type II error rate of provisional control limits 

being considered as warning control limits, assessed using Populations 4 and 

5, displaying gradual disturbance responses. The black arrows indicate the 

time when the first control limit(s) meet the performance criterion (c < 0.05; 

black horizontal line). 

Step 8 Evaluate long-term monitoring data using control charts 

The best performing warning and action control limits should be combined with 

management actions and referred to as management thresholds for conservation decision-

making. The final control charts can then be used to monitor and review future long-term 

monitoring data. If a management threshold is breached, then the pre-defined 

management should be immediately implemented. If a management threshold is not 

breached, then monitoring should continue under the status quo management. Following 
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the recommendations of Wheeler and Chambers (1992), management thresholds should 

be reviewed regularly if based on less than 20 observations. The ñreviewò feedback loop 

of structured decision-making provides the mechanism to ensure management thresholds 

are updated as new monitoring data are collected (Figure 5.4). The ñlearnò feedback loop 

of structured decision-making ensures that information about the effectiveness of 

management actions breached by management thresholds is incorporated into the 

iterative decision-making process, and modifications can be made to management 

thresholds and management actions, where appropriate. Through the learn feedback loop, 

environmental monitoring data can be used to assess the environmental effectiveness of 

the management intervention. Additional environmental and social monitoring and 

research could also assess the effectiveness of the management intervention. For example 

social research could investigate whether recreational management is resulting in the 

expected behaviour change of recreational users, and whether the threatening process is 

indeed being reduced by the management intervention as was predicted (as defined in 

step 4). 

Step 8 Evaluate long-term monitoring data using control charts: case study illustration 

The management thresholds for H. banksii could include an action management threshold 

set on the �̅� chart at 43.5% cover, and a warning management threshold set on the EWMA 

chart as the lower control limit ( = 0.25, L = 2.75; Figure 5.9). Future monitoring data 

can be plotted as the average percentage cover of H. banksii directly on the �̅� chart, and 

an exponentially weighted moving average can be plotted on the EWMA chart (following 

equation 7, Box 5.1, using  = 0.25 and L = 2.75). If the EWMA warning management 

threshold is breached by future monitoring data, this would trigger the precautionary 

management action (Table 5.2). A breach of the �̅� chart action management threshold 

would trigger the restorative management action. 

If the monitoring data do not breach the warning or action control limits over the next 15 

years, decision-makers have a known level of confidence that no important shift in the 

mean cover of H. banksii has occurred (based on the performance criterion, c < 0.05). 

Given that the performance of the control limits was assessed using baseline population 

estimates that were derived from nine years of monitoring data, decision-makers should 

revise control limits every five to 10 sampling events. 
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Figure 5.9 The management thresholds to assess Hormosira banksii cover: a) the �̅� chart 

action management threshold (43.5% cover; dashed red line) showing baseline 

population data (mean percentage cover; hollow dots); and b) the EWMA 

warning management threshold (EWMA lower control limit ( = 0.25 and L = 

2.75); orange dotted line. Note that baseline data are not plotted on the EWMA 

chart, following convention (Montgomery, 2009), as the baseline population 

data are incorporated into the starting value EWMA sample statistic that will 

plotted after the first sampling occasion (z1; see equation 7, Box 5.1). 
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Box 5.1 Control chart calculations used for the case study illustration. 

Step 2: define the baseline population 

The baseline population mean (�̿�) is defined as 

�̿� =  
1

𝑚
 ∑ �̅�𝑖

𝑚

𝑖=1

 
(1) 

where �̅�𝑖 is the average of each subgroup and m is the number of subgroup observations 

made in the baseline observation period (in this case study m = 9). 

The baseline standard deviation (�̅�) is defined as: 

�̅� =  
1

𝑚
 ∑ 𝑠𝑖

𝑚

𝑖=1

 
(2) 

where 𝑠𝑖 is the standard deviation of each subgroup and m is the number of subgroup 

observations made in the baseline observation period (in this case study m = 9).

Step 4: select provisional control limits and specify management actions

The �̅� control limits are defined as: 

�̅� chart control limits = �̿� ±
𝐿�̅�

𝑐4√𝑛

 (3) 

where �̿� is the baseline population mean (equation 1), �̅� is the baseline population 

standard deviation (equation 2), L is the number of standard deviation units of the 

control limit (e.g., for a 3 control limit, L = 3), n is the subgroup sample size (in this 

case study n = 5), and c4 is an unbiased estimator of the true population standard 

deviation (for n = 5, c4 = 0.94; see Table 3, Appendix 4). 
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Box 5.1 continued Control chart calculations used for the case study illustration. 

Step 4 continued: select provisional control limits and specify management actions

The EWMA time adjusted lower control limit is defined as: 

EWMA control limit =  �̿� ±  𝐿
�̅�

√𝑛
√

𝜆

(2−𝜆)
[1 − (1 − 𝜆)2𝑖] 

 

(4) 

where �̿� is the baseline population mean (equation 1), �̅� is the baseline population 

standard deviation (equation 2), n is the subgroup sample size (in this case n = 5), L is 

the width of the control limits (two values explored 2.30 and 2.75), λ is a weighting 

factor (considered the memory of the moving average; two values explore: 0.05 and 

0.25), and i is the sampling occasion (e.g., time step 3, I = 3; see full discussion of how 

to select these variables in Table 3, Appendix 4). 

The EWMA fast initial response lower control limit is defined as: 

Fast initial response control limit = �̿� ±  𝐿
𝑠̅

√𝑛
𝐹𝐼𝑅𝑎𝑑𝑗  √

𝜆

(2−𝜆)
[1 − (1 − 𝜆)2𝑖] 

 

(5) 

where the fast initial response adjustment is defined as (Steiner, 1999): 𝐹𝐼𝑅𝑎𝑑𝑗 = 1 −

𝑓1+𝑎(𝑡−1). Values used for the case study were f = 0.5 and a = 0.3. All other variables 

are the same as what is used in the EWMA time adjusted lower control limit (equation 

4).

The EWMA modified fast initial response lower control limit is defined as: 

Modified fast initial response control limits = �̿� ± 𝐿
�̅�

√𝑛
𝑀𝐹𝐼𝑅𝑎𝑑𝑗√

𝜆

(2−𝜆)
[1 − (1 − 𝜆)2𝑖] 

 

(6) 

where the modified fast initial response adjustment is defined as (Steiner, 1999): 

𝑀𝐹𝐼𝑅𝑎𝑑𝑗 = {1 − 𝑓1+𝑎(𝑡−1)}
1+

1

𝑡 . Values used for the case study were f = 0.5 and a = 

0.3. All other variables are the same as what is used in the EWMA time adjusted lower 

control limit (equation 4). 

  



Chapter 5: Control charts for evidence-based conservation management 

115 

Box 5.1 continued Control chart calculations used for the case study illustration. 

Step 6 Data simulation 

The EWMA sample statistic is defined as: 

𝑧𝑖 = �̅�𝑖 +  (1 − )𝑧𝑖−1 (7) 

where λ is a weighting factor (assigned the value of 0.05 or 0.25). �̅�𝑖  is the mean of 

each time step (generated from the simulated populations) and 𝑧𝑖−1 is the exponentially 

weighted moving average from the previous time step. The starting value (required 

with the first sample I = 1) was estimated from the baseline population mean (�̿� =

70.44; equation 1). 

 

5-4 Discussion 

Control charts are useful visual management tools that provide a sound statistical 

foundation for developing conservation management thresholds (Morrison, 2008; 

Burgman et al., 2012). We have illustrated a series of practical steps embedded within a 

structured decision-making framework to ensure the detailed exploration of where to set 

management thresholds, utilising biological knowledge and statistical judgements 

relevant to the decision context. The resulting management thresholds provide a robust 

basis for future dichotomous management decisions (i.e., to act or not to act) to assist 

with state-dependent management. 

Structured decision-making is a framework that is being increasingly used to guide 

conservation management approaches (Gregory et al., 2012). It follows a series of steps 

that promotes the systematic incorporation of scientific information and values into 

decision-making processes (Keeney, 1996; Runge et al., 2011), and provides a foundation 

for logical and transparent model development to support conservation decisions 

(Chapter 2; Addison et al., 2013). Other frameworks do exist in conservation 

management, which have similar elements to structured decision-making. One such 

framework is the Limits of Acceptable Change approach, which is a framework that is 

used to develop indicators and management thresholds to manage tourism and outdoor 

recreation impacts in protected areas (Stankey et al., 1985; Manning, 2014). Structured 

decision-making was the preferred framework to guide the development of control charts, 
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as it has a strong focus on the initial problem formulation to ensure that control charts are 

designed appropriately to support effective state-dependent management (Figure 5.4; as 

discussed in section 5-3). Structured decision-making is also flexible enough to 

incorporate a variety of modelling approaches selected based on the decision context 

(Chapter 2), and can be used to assess the effectiveness of management intervention to 

address any type of threatening process in the face of future uncertainty (Runge et al., 

2011; Gregory et al., 2012).  

The explicit incorporation of Mapstoneôs (1995) scalable decision rules in the 

development of control charts encourages decision-makers to carefully consider the 

relative costs of Type I and Type II errors associated with control limits. To date, such 

approaches have been rarely implemented for environmental monitoring programs 

(Walshe et al., 2007; Mudge et al., 2012; Lindenmayer et al., 2013). In this methodology, 

critical Type I and Type II error rates can be set for a management time horizon, creating 

more informed performance criteria to assess provisional control limits, and encouraging 

decision-makers to move away from statistical convention (e.g., setting  = 0.05). 

The final step of control chart construction is an exploratory phase, where provisional 

control limits are assessed against performance criteria in relation to detecting important 

disturbance responses articulated by decision-makers. In the Hormosira banksii case 

study, this led to the selection of an action management threshold set at 43.5% cover on 

an �̅� chart and a warning management threshold based on the lower control limit on the 

exponentially weighted moving average (EWMA) chart ( = 0.25, L = 2.75; Figure 5.9). 

This warning limit is based on a control limit traditionally used in industrial applications 

and highlights how EWMA chart can be used to detect small shifts earlier in a process 

(Montgomery, 2009). The action limit selected moves away from statistical process 

control convention (e.g., the use of a 3 control limit on an �̅� chart), and better 

incorporates the environmental context of this decision. This outcome demonstrates the 

value of following our proposed steps for control chart construction, tailored for 

conservation management applications. 

5-4-1 Challenges in control chart implementation 

One of the most challenging aspects of control chart construction for environmental 

applications is defining the baseline population. In particular, obtaining the number of 
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observations required to define a baseline population in industrial applications (20 to 25 

independent observations; Montgomery, 2009) is unrealistic for many environmental 

contexts. In response, we provided three practical options to assist decision-makers to 

construct control charts in data poor situations (Section 5-3, step 2). The ñreviewò 

feedback loop of structured decision-making also provides the mechanism to ensure 

regular updating of control limits in data poor situations. However, the longer the 

monitoring time-series used to inform the baseline population, the better the control chart 

will perform (Wheeler & Chambers, 1992), and the shorter the burn-in time will be for 

decision-makers to respond to real process shifts in the environment. In any case, it is 

considered good practice to update control limits every 20 to 30 observations until a 

baseline consists of around 100 observations, which will result in little change to the 

control limits with further updates (Wheeler & Chambers, 1992).  

A second challenging aspect is that baseline populations in industrial applications 

commonly represent an ñin controlò or stable state (Montgomery, 2009). In this case study 

the baseline population was considered stable, showing only natural variation from year 

to year. However, decision-makers will often be faced with environmental monitoring 

data that displays temporal autocorrelation or non-linear properties, such as cyclic 

patterns due to seasonality. To address this issue, decision-makers should use control 

charts with more complex decision rules to avoid control limit breaches from cyclic 

patterns, such as only responding to two or more consecutive control limit breaches 

(Nelson, 1984). Alternatively, an appropriate time-series model (e.g., ARIMA) could be 

used to generate residuals that are plotted on a control chart (i.e., remove the correlation 

structure from the data; Burgman, 2005; Box et al., 2008) or an EWMA chart could be 

used with an appropriate choice of  and L to smooth out the effect of any cyclic pattern 

(Zhang, 1998). In these cases, decision-makers must be careful not to remove a trend or 

correlation structure from an assignable cause that warrants management action. 

There will be cases when a monitored population is not considered stable or is anticipated 

to change from the beginning of a monitoring program (i.e., there is no way to define a 

meaningful baseline). In these situations, a reference/control site that is monitored at the 

same time as the target/impact site could be used to estimate a control limit at each time 

point (e.g., a control limit based on the 80th percentile of a reference site; ANZECC, 

2000). Such control charts would make complete use of monitoring data collected 
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following a control versus impact design (e.g., Underwood, 1994; Keough & Mapstone, 

1997). Although not currently suggested in the control chart or environmental literature, 

control charts could also be used to monitor the difference between a control and impact 

site. Here, the control chart would be designed to detect when an indicator at an impact 

site deviates away from the level of the indicator measured at the control site through 

time. 

5-4-2 Monitoring limitations 

An issue with all environmental monitoring programs is that whilst the temporal 

dynamics of an indicator can be revealed, monitoring data will never provide a complete 

story of cause-and-effect in relation to processes that drive system dynamics (Nichols & 

Williams, 2006; Magurran et al., 2010; Sergeant et al., 2012). Control charts go some 

way towards addressing this limitation, as they can be used to interpret monitoring data 

on known threatening processes as well as the indicators that respond to these processes. 

For example, monitoring human visitation patterns at Point Lonsdale intertidal reef could 

reveal whether the reduction in the percentage cover of H. banksii coincides with 

increased visitation levels. In addition, warning management thresholds could also be 

used to trigger a management action that involves more targeted monitoring or 

experimental research to explore the intricacies of cause-and-effect of the system. For 

example, additional monitoring or research of environmental or social elements 

associated with the management of the natural system could be triggered. The use of 

multiple control charts to interpret environmental assets and pressure indicators can 

provide a weight-of-evidence approach that will assist decision-makers understand an 

environmental system, and assess whether management intervention is as effective as was 

predicted in the early stages of structured decision-making. 

5-4-3 The benefits of control charts for conservation decision-making 

The decision context of the H. banksii case study was based on the management objective 

to ñmaintain biodiversityò (Victorian Government, 2012). This is a common conservation 

objective, which acknowledges the concept of shifting baselines and that management 

agencies are rarely able to keep or return systems to a pre-industrial or pristine state 

(Pauly, 1995; Papworth et al., 2009). Control charts are well suited to assessing 

monitoring data against management thresholds that reflect such conservation objectives. 
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This is because a breach of a management threshold will identify where natural processes 

are no longer maintained, and management intervention is required. For control charts to 

be relevant to these types of decision contexts, it is vital that management objectives are 

clearly defined. Tools such as an objectives or endpoint hierarchy (Suter, 1993; Clemen, 

1996) can be used during the problem formulation stage of structured decision-making to 

ensure control charts will effectively address whether management objectives are being 

achieved. 

A key benefit for conservation management is that control charts offer a simple graphical 

output (e.g., Figure 5.9), which defines when an indicator has shifted outside the bounds 

of acceptable variability. Unlike other statistical techniques used to interpret monitoring 

data, control charts do not display the uncertainty bounding the plotted statistic (e.g., 

confidence intervals; Walshe et al., 2007). Instead, uncertainty is incorporated in control 

limits, which were selected based on performance criteria (acceptable Type I and II error 

rates) defined by decision-makers during control chart construction. Additionally, as 

control charts only require a single breach of a management threshold to trigger a 

management response, and do not rely on the detection of a significant trend over time 

(e.g., regression analysis; Quinn & Keough, 2002), they protect against time lags in 

decisions that rely on conventional statistical significance of trend detection (Morrison, 

2008).  

There is a broad suite of control charts with statistically derived management thresholds 

that can be adapted to environmental applications (Table 5.1). We provided an example 

of the monitoring data of a single indicator that was interpreted using univariate control 

charts. There are also control charts designed to interpret multivariate data (Anderson & 

Thompson, 2004; Stringell et al., 2013) and categorical data (e.g., attribute charts; 

Montgomery, 2009). Attribute charts would be effective communication tools where 

hierarchical reporting is required (e.g., report cards; Ecosystem Health Monitoring 

Program, 2012). In such cases, control charts for individual variables could inform 

summary attribute charts that report the fraction of indicators that have breached a control 

limit. 

Embedding control chart development in a structured decision-making framework 

promotes the robust development of statistically informed management thresholds by 

conservation decision-makers and scientists. Whilst control chart construction occurs 
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towards the end of the structured decision-making process (during the evaluation stage), 

this relies heavily on decisions made throughout the initial stages of structured decision-

making. Most importantly, for control charts to be useful there must be a clearly identified 

need for both long-term monitoring and evidence-based management of a system. The 

feedback loops of structured decision-making promote the iterative nature of ongoing 

decision making (Runge, 2011; Gregory et al., 2012). These provide a mechanism to 

update management thresholds with baseline data as it is collected and if breached, 

information about the effectiveness of management actions. They also provide an 

opportunity to revisit assumptions and objectives if and when knowledge and 

organisational priorities change. 

Control charts will be a useful statistical tool in a range of contexts where there is a need 

to assess long-term monitoring data against management thresholds for state-dependent 

management, such as: the harvest management of terrestrial species (Nichols et al., 2007; 

Lyons et al., 2008); ecosystem-based management of fisheries (e.g., Link, 2005; 

Sainsbury, 2008; McClanahan et al., 2011); and, water quality management (ANZECC, 

2000). They will be similarly useful in conservation contexts, such as: 

i) The evaluation of management effectiveness of protected areas (i.e., providing the 

basis for quantitative condition categories for outcome assessment in management 

effectiveness evaluation; discussed in Chapters 3 and 4);  

ii) The adaptive management of threatened species (Runge, 2011; Lindenmayer et al., 

2013); and, 

iii) Ecological risk assessments of global biodiversity indicators (Keith et al., 2011). 

5-5 Conclusion 

Setting management thresholds for conservation management remains a challenging task 

around the globe (Bennetts et al., 2007; Lindenmayer et al., 2013). This methodology 

builds on the statistical process control literature and moves beyond the current 

environmental applications of control charts. We offer a rigorous and transparent way to 

develop statistically informed management thresholds for conservation management. We 

hope that this methodology will provide practical guidance for decision-makers and 

scientists to operationalise management thresholds, and to better integrate long-term 

monitoring data into evidence-based conservation management. 
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CHAPTER 6 When to act? Using a participatory modelling to 

set conservation management thresholds 

~ Contribution to thesis aims ~ 

Developing practical solutions: In this chapter I introduce a participatory modelling 

approach to set management thresholds. This approach will be useful when management 

thresholds must be set for multi-objective conservation problems by participants with 

limited modelling experience. This approach provides practical guidance for decision-

makers around the globe wishing to set management thresholds to improve the integration 

of monitoring data for state-dependent conservation management. 
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Abstract 

We introduce a novel participatory modelling approach to assist in setting management 

thresholds that represent when management intervention is required to address 

undesirable ecosystem changes. This proactive approach to conservation management 

will be useful when management thresholds: i) must be set for environmental indicators 

in the face of multiple competing objectives; ii) need to incorporate both scientific 

knowledge and value judgments; and, iii) must be set by participants with limited 

modelling experience. We illustrate this approach using a case study aimed at setting 

management thresholds for a key ecological species, Hormosira banksii, in a protected 

area management context. Participants were involved in setting management thresholds 

to address the ongoing threat of trampling by visitors to an intertidal rocky reef within a 

protected area. This case study involved trading-off the environmental objective to 

maintain the condition of intertidal reef communities, with social objective of 

encouraging visitation to intertidal reefs, and the economic objective to ensure 

management intervention is cost-effective. Participants defined four discrete management 

alternatives, and were guided through four ecological scenarios to estimate the 

consequences of future management alternatives on objectives. Model outputs clearly 

express uncertainty, which can be explored by decision-makers and used to inform where 

to set management thresholds. A risk averse decision-maker may follow a precautionary 

decision rule and set a management threshold at 42% cover of H. banksii to manage the 

threat of trampling on the intertidal reef. This approach is globally applicable and 

encourages decision-makers to define management thresholds and associated 

management actions now, rather than reacting to unexpected future ecosystem changes, 

and risking the loss of biodiversity through inaction. Management thresholds developed 

using this approach will improve the integration of monitoring data in conservation 

decision-making and demonstrate a genuine commitment to evidence-based management 

of protected ecological systems.  
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6-1 Introduction  

Conservation management agencies aspire to safeguard species, ecosystems and habitats 

from continuing biodiversity declines. State-dependent management is one useful 

approach of evidence-based management, where monitoring data are used to assess 

whether a protected system is in a desirable or undesirable state (Nichols & Williams, 

2006; Lyons et al., 2008; Williams, 2011). A proactive application of state-dependent 

management involves the use of management thresholds representing when management 

intervention is required to address undesirable ecosystem changes. The use of 

management thresholds has had widespread application in natural resource management, 

such as species harvest management (Link, 2005; Nichols et al., 2007) and water quality 

management (ANZECC, 2000). However, there are fewer applications of management 

thresholds to enable state-dependent management in conservation (Groffman et al., 2006; 

Martin et al., 2009). As a consequence, there have been instances where species of 

conservation value have been monitored to extinction without adequate or timely 

management intervention (Lindenmayer et al., 2013). 

Discussion around thresholds in the conservation literature is dominated by ecological 

thresholds, which represent a point of rapid or irreversible ecosystem change (e.g., tipping 

points; Scheffer & Carpenter, 2003; Groffman et al., 2006). Whilst important for 

understanding ecosystem dynamics, the inherent complexity of ecological systems means 

that ecological thresholds can be difficult to identify, or may not exist in some systems 

(Lindenmayer & Luck, 2005; Bennetts et al., 2007). The pursuit to identify ecological 

thresholds can detract from setting management thresholds representing points where 

management intervention is required (Martin et al., 2009).  

The few examples of management thresholds that enable state-dependent management in 

conservation include: thresholds of potential concern, developed to enable adaptive 

management within South African national parks (Biggs & Rogers, 2003; Scholes & 

Kruger, 2011); and control limits on control charts, which have been adapted from 

industrial applications to improve the use of environmental monitoring in management 

(Chapter 5; Anderson & Thompson, 2004; Morrison, 2008). These approaches focus on 

the environmental dimension of setting management thresholds for environmental 

indicators in isolation of socio-economic factors that may influence the decision to 

intervene in a system. Whilst useful in contexts where environmental objectives are the 
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sole driver of conservation efforts, there are many complex conservation decisions that 

must be made in the face of competing environmental, social and economic objectives 

(Game et al., 2013). 

Structured decision-making can assist with setting management thresholds for multi-

objective conservation decisions. It involves a series of steps that incorporate both 

scientific knowledge and values into decision-making, acknowledging that decision-

making is rarely a value-free process (Failing et al., 2007). Values represent what matters 

to individuals and organisations and reflect their preferences, priorities and their tolerance 

to risk (Edwards & Vonwinterfeldt, 1987; Keeney, 1996; Hammond et al., 1999). 

Published examples using structured decision-making to develop management thresholds 

have involved the use of stochastic dynamic programming to model ecosystem behaviour, 

and set optimal management thresholds for environmental indicators in the face of 

competing objectives (Martin et al., 2009; Martin et al., 2011). This approach is 

particularly effective when expertise in quantitative modelling is available, and when 

decision-makers with some modelling experience are involved in interpreting model 

outputs and setting management thresholds. However, such modelling approaches can 

appear unintuitive or illogical to those without a modelling background and in these 

situations other techniques may be more appropriate (Addison et al., 2013).  

We introduce a novel participatory modelling approach in response to the need for 

accessible tools for setting management thresholds in the face of competing objectives. 

This approach is framed within a structured decision-making framework, and uses a 

unique combination of techniques not previously applied to setting management 

thresholds.  

One single approach to setting management thresholds is unlikely to be suitable for all 

circumstances. We propose this approach as just one in a toolbox of approaches to assist 

with setting management thresholds. Our approach will be particularly appropriate when 

management thresholds: i) must be set for environmental indicators in the face of multiple 

competing objectives; ii) need to incorporate both scientific knowledge and value 

judgments about the management of the ecosystem; and, iii) must be set by decision-

makers, stakeholders and experts (collectively participants) with limited modelling 

experience. To illustrate this approach, we use a multi-objective case study aimed at 
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setting management thresholds for a key ecological species in a protected area 

management context. 

6-2 Methods  

6-2-1 A participatory modelling approach to set management thresholds 

The participatory modelling approach follows the steps of structured decision-making 

(introduced in Chapter 2), and is supported by a unique combination of techniques 

considered particularly useful for engaging participants throughout the modelling process 

(Figure 6.1). Whilst many of these techniques are used for conservation and natural 

resource management decisions, here we propose a novel combination of these 

techniques to assist with setting conservation management thresholds. We first outline 

the steps of this approach, followed by an illustrative case study.  
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Figure 6.1 The steps of the participatory modelling process and recommended techniques 

to set management thresholds (adapted from Figure 2.1). 
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Step 1 Clarify the decision context 

Management thresholds will only be relevant when there is a commitment to 

state-dependent management of a system. Thus the decision context must first be clarified 

to determine if long-term environmental monitoring data will be collected and used to 

trigger management intervention if an undesirable state is detected (Figure 6.1).  

Participants should be carefully chosen for involvement in this process based on the 

expertise that is required for the decision context. For example, participants should 

represent the scientific, management, traditional or stakeholder knowledge that is 

required to set management thresholds for the system being managed (Burgman et al., 

2011a; Burgman et al., 2011b). Beyond participant expertise, it is important that a cross-

section of participants are selected, including both men and women and experts at various 

stages of their careers (Burgman et al., 2011b). The number of participants included 

should also be carefully selected, as a group consisting of more than ten participants can 

influence the success of a modelling process, particularly limiting the prospects for 

meaningful participant contribution.  

Once participants have been selected, group discussion between participants and building 

conceptual models can help capture the collective understanding of the dynamics of the 

managed system and any constraints (Sandker et al., 2010; Biggs et al., 2011). 

Participants should collectively define: the temporal and spatial scale for management; 

the ecosystem dynamics of the managed system; potential or known threatening 

processes; and, sketch out the key management objectives and alternatives.  

Step 2 Define management objectives and alternatives 

Value-focussed thinking encourages participants to consider what they fundamentally 

care about, and this is particularly useful in helping define the management objectives 

and alternatives relevant to the decision context (Keeney, 1992). Management objectives 

should reflect environmental, social and/or economic values that are considered 

fundamental to the decision context (Runge & Walshe, 2014). As management objectives 

typically embody broad policy objectives, work is required to translate these into more 

pragmatic objectives that can be measured through monitoring. Techniques such as an 

objectives or endpoint hierarchy can assist in identifying participantsô fundamental 

management objectives and the more pragmatic indicators that represent these objectives 
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(Suter, 1993; Clemen, 1996). Indicators determine whether management objectives are 

being achieved, and include an indicator, unit of measure and preferred direction (e.g., 

maximise/minimise). It is preferable to use direct measures of fundamental objectives but 

often it is necessary to use proxy indicators that represent these objectives (Keeney & 

Gregory, 2005; Runge & Walshe, 2014). This stage requires defining the key ecological 

indicator(s) that will be monitored and assessed using management thresholds. 

Management alternatives represent discrete, technically feasible management approaches 

to meet objectives over the management horizon (Runge & Walshe, 2014). Management 

alternatives should include the ñstatus quoò (management actions currently being 

undertaken) and ñdo nothingò (no active management), which are useful for participants 

to consider to avoid anchoring their judgments on any particular management alternative 

(Gregory et al., 2012). Conceptual models identifying threatening processes and drivers 

acting on objectives can be useful to identify management alternatives (Biggs et al., 

2011). 

Step 3 Develop ecological scenarios 

Ecological scenarios are not typically a stand-alone feature of structured decision-

making, but are an important feature of this approach as they will help guide where to set 

management thresholds. Ecological scenarios represent plausible future states of the key 

ecological indicator, which may occur under increased threatening processes and may 

require management intervention. Important sources of information to inform where to 

set the ecological scenarios include: conceptual models, empirical evidence (i.e., 

monitoring or research), and expert judgment about the undesirable condition of an 

ecological indicator. The principles of scenario planning can help facilitate the 

development of ecological scenarios, and will be used to guide the estimation of 

management alternatives consequences in step 4. Scenario planning requires creative 

thinking about plausible future circumstances that may require a management response, 

including exploring the complexity and uncertainty of the consequences of management 

decisions (Peterson et al., 2003). 

Step 4 Estimate consequences and explore trade-offs 

Quantitative estimates of consequences of management alternatives are elicited from 

participants to reflect their conceptual understanding of the cause-and-effect relationships 
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of management objectives under each ecological scenario. During this stage it is 

important to define the timeframe of the estimated consequences of the management 

alternatives on objectives (i.e., x years after the management alternative has been 

implemented). Consequence estimates will rely on participantsô scientific knowledge, 

supported by empirical evidence when available. To capture the uncertainty in 

participantsô judgments, optimistic and pessimistic consequence estimates should be 

elicited together with their best estimate. These bounds represent credible intervals 

surrounding their best estimate (e.g., 90% confidence; Walshe & Burgman, 2010).  

Where multiple competing objectives are encountered in decision-making, a formal trade-

off step is required. This is where participants express their value judgements by stating 

the relative importance of each management objective as a weight (von Winterfeldt & 

Edwards, 1986). Weights can be elicited using a variety of techniques. One common and 

effective technique is the swing weight method, where participants are shown the full 

range of consequence estimates for each objective (minimum pessimistic consequence 

estimate versus maximum optimistic consequence estimate) and assign weights to each 

objective (von Winterfeldt & Edwards, 1986; Hajkowicz et al., 2000). Weights reflect 

preference: a weight of 100 is given to the most valued objective, and a weight of zero is 

assigned to objectives that have no perceived value in swinging from the worst to best 

condition (Steele et al., 2009).  

Multicriteria decision analysis can be used to combine participantsô consequence 

estimates and weights assigned to each management objective (von Winterfeldt & 

Edwards, 1986). One approach to multicriteria decision analysis is the use of a weighted 

additive model to generate a decision score for each management alternative (Vi) under 

each ecological scenario, following: 

𝑉𝑖 = ∑ 𝑤𝑗𝑥𝑖𝑗

𝑛

𝑗=1

 
(1) 

where wj is the normalised weight assigned to objective j, and xij is the normalised 

consequence for alternative i on objective j. The consequence estimates (xij) are 

normalised (on a scale of 0 to 1) across the range of the estimated consequences of each 

objective, using: 
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𝑥𝑖𝑗 =  
𝑥𝑖 −  𝑥min(𝑝𝑒𝑠𝑠𝑖𝑚𝑖𝑠𝑡𝑖𝑐)

𝑥max (𝑜𝑝𝑡𝑖𝑚𝑖𝑠𝑡𝑖𝑐) − 𝑥min (𝑝𝑒𝑠𝑠𝑖𝑚𝑖𝑠𝑡𝑖𝑐)
 (2) 

where xmax(optimistic) is the maximum optimistic estimate xmin(pessimistic) is the minimum 

pessimistic estimate across all ecological scenarios.  

The weighted additive model is used to generate three estimates for each management 

alternative under each ecological scenario: i) a nominal decision score (based on the 

participantsô best guess estimates); ii) a lower bound decision score (based on the 

participantsô pessimistic estimates); and, iii) an upper bound decision score (based on the 

participantsô optimistic estimates). 

Steps 5 Explore uncertainty and risk tolerance, and set management thresholds 

The weighted additive model outputs (decision scores) are used to determine the preferred 

management alternative under each scenario. Following the concept of decision-making 

under uncertainty (Chankong & Yacov, 1983), decision-makers can interpret decision 

score plots in three ways:  

i) The best-guess rule: select the best performing management alternative based on the 

highest nominal decision score under each scenario (ignores the uncertainty 

surrounding the nominal decision score). 

ii) The pessimistic rule: select the best performing management alternatives based on the 

lower bound decision score under each scenario (assumes the worst payoff will 

eventuate for a management alternative). 

iii) The optimistic rule: select the best performing management alternatives based on the 

upper bound decision score under each scenario (assumes the best payoff will 

eventuate for a management alternative). 

Once the preferred management alternative has been selected under each scenario this 

can inform where to set the management threshold implementation range(s). Management 

threshold implementation ranges will illustrate the condition of the ecological indicator 

where the preferred management action should be implemented. Importantly, these 

implementation ranges will highlight where a change in condition of the ecological 

indicator requires a change in management intervention. 



Chapter 6: A participatory modelling approach to setting conservation management thresholds 

131 

To set a management threshold, decision-makers can be guided by the management 

threshold implementation range(s). The final decision to set a management threshold will 

reflect a decision-makersô risk tolerance. A risk-averse decision-maker will set a 

management threshold towards the maximum value of the implementation range, whereas 

a risk-seeking decision-maker may set a management threshold towards the minimum 

value of the implementation range. 

Step 6 Evaluate long-term monitoring data using management thresholds 

Long-term monitoring data on key ecological indicators should be regularly evaluated 

against management thresholds. If a management threshold has been breached then the 

associated management action should be implemented. If a management threshold has 

not been breached then monitoring can continue under the preferred management 

alternative. 

The ñlearnò and ñreviewò feedback loops of this approach highlight the recurrent nature 

of structured decision-making (Figure 6.1). The ñreviewò feedback loop provides 

decision-makers with an opportunity to update management thresholds with scientific 

knowledge or values if the decision context changes, or new information about the 

ecological system revealed through empirical evidence. The ñlearnò feedback loop 

ensures that information about the effectiveness of management action is assessed, and if 

necessary modifications are made to the management thresholds to ensure effective future 

management. This updating of knowledge is considered ópassiveô learning, as compared 

to óactiveô or óexperimentalô learning as defined by adaptive management (Runge, 2011; 

Westgate et al., 2013), but nevertheless is vital to ensure the ongoing effectiveness of 

state-dependent conservation management. 

6-2-2 Case study illustration 

This participatory modelling approach was trialled using a case study involving the 

management of an intertidal reef in a marine national park (MNP) in Victoria, Australia. 

The management agency responsible for managing Victorian MNPs intends to conduct 

state-dependent management of ongoing threats to intertidal rocky reefs. The 

participatory modelling approach was trialled using a one day workshop with 11 

participants, including management staff (decision-makers and on-the-ground rangers) 

and marine scientists with expertise in intertidal ecology. Workshop participants were 
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selected based on their direct experience and knowledge of MNP management and 

intertidal reef ecology, and identified through snowball sampling (Patton, 2002). 

Participantsô involvement in the workshop adhered to the University of Melbourneôs 

human ethics requirements (HREC Project Number: 1237358.1). 

Conceptual models were constructed to represent the ecosystem dynamics of intertidal 

rocky reefs and threatening processes (step 1; Pocklington et al., 2012). The mat-forming 

brown alga, Hormosira banksii was identified as a key ecological indicator representing 

the overarching environmental objective of Victoriaôs MNPs ñto maintain biodiversityò. 

Conceptual understanding of the system indicates that H. banksii is an important habitat 

provider for a diverse array of intertidal species (OôHara et al., 2010; Ho, 2012; 

Pocklington, 2012). H. banksii is particularly susceptible to trampling by visitors, a key 

threatening process (Povey & Keough, 1991; Keough & Quinn, 1998). It is also 

susceptible to natural processes such as burn-off and desiccating winds during low tide 

over the summer months (King, 1992; Schoenwaelder, 2002). Participants engaged in a 

facilitated discussion to define the temporal and spatial scale for management and sketch 

out the relevant management objectives and alternatives (step 1). 

An objectives hierarchy was used to elicit environmental, social and economic objectives 

and indicators (step 2). Workshop participants defined four discrete management 

alternatives that could be implemented within the management time horizon identified in 

step 1.  

Ecological scenarios were developed for H. banksii using existing conceptual models and 

the principles of scenario planning (step 3; Peterson et al., 2003). The ecological scenarios 

developed represent the current state of H. banksii cover, as well as three plausible futures 

of decline in H. banksii cover due to trampling. The scenarios were developed prior to 

the workshop and assumed a stable climate over the management time horizon. The 

ecological scenarios were informed by long-term monitoring data from intertidal reefs 

(Brown et al., 2013), experimental research (Povey & Keough, 1991; Keough & Quinn, 

1998), and decision-makersô expert judgment about undesirable condition of H. banksii 

on intertidal reefs.  

Participants worked in groups to provide best guess, optimistic and pessimistic 

consequence estimates of management alternatives on management objectives under each 
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ecological scenario (step 4). Consequence estimates were based on the assumption that 

management alternatives had been in place for three years, and reflected participantsô 

expert judgment supported by monitoring and research where available. The optimistic 

and pessimistic consequence estimates represented participantsô confidence in their best 

guess as 90% credible bounds. Two decision-makers responsible for intertidal reef 

management provided their combined value judgments for the trade-off stage, using the 

swing weight method. A weighted additive model was used to combine participantsô 

consequence estimates and decision-makersô weights assigned to each management 

objective (equation 1), and was used to generate decision scores for each management 

alternative under each ecological scenario. 

At the completion of the workshop participants filled out a brief survey to provide 

feedback on the aspects of the participatory modelling approach that they thought worked 

well and those they found to be particularly challenging (summarised in Appendix 6). 

6-3 Results 

Step 1 Clarify the decision context 

The focus of the participatory modelling workshop was to set management threshold(s) 

for H. banksii to enable state-dependent management of rocky intertidal reefs. 

Participants built on conceptual models and key ecological indicators developed by the 

management agency prior to the workshop (Pocklington et al., 2012). The spatial scale 

was restricted Point Lonsdale intertidal reef at Port Phillip Heads Marine National Park 

(MNP). The management time horizon was identified as 15 years, as this incorporates 

one full cycle of the decadal MNP management strategy (Ferns et al., 2003), and 

incorporates the turnover rate of intertidal reef communities (Underwood, 2000). The 

decision context involved balancing the environmental objective of maintaining the 

condition of H. banksii on intertidal reefs, with social objective of encouraging visitation 

to intertidal reefs and ensuring that management intervention is cost-effective. 

Step 2 Define management objectives and alternatives 

Seven management objectives were defined, however not all of these objectives were 

preferentially independent. To avoid double counting, a subset of the original objectives 

was identified, which included: maximise rocky intertidal reef communities, minimise 
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resources spent on management, maximise visitor satisfaction, and maximise visitor 

numbers to the intertidal reef (Table 6.1). The fundamental objective to maximise rocky 

intertidal reef communities is represented by the proxy indicator, H. banksii percentage 

cover, and all other indicators are direct measures of fundamental objectives (see full 

description in Table 6.1). 

Table 6.1 Summary of management objectives. 

Objective  Indicator Preference  Description 

Rocky intertidal 
reef communities 

H. banksii     
(% cover)  

Maximise H. banksii is a proxy indicator that represents 
the fundamental objective: rocky intertidal reef 
invertebrate and algal communities. Increased 
cover of H. banksii represents increased 
diversity of intertidal invertebrates and algae 
occurring in the mid-shore of rocky intertidal 
reefs. 

Resources Australian 
dollars ($) 

Minimise Resources combine the staff days (planning and 
on-the-ground staff days needed to manage 
Point Lonsdale intertidal reef) and budget for 
building/maintenance of infrastructure (e.g., 
signs) and educational costs (e.g., educational 
programs and production of Park Notes). 

Visitor 
satisfaction 

Satisfaction 
index (%) 

Maximise Visitor satisfaction is a key performance indicator 
used to measure visitor experience by the 
management agency. All Victorian marine national 
parks have the social objective: for the use and 
enjoyment of those parks by the public. 

Visitor numbers Thousands of 
people per year  

Maximise Visitation to all Victorian marine national parks 
is actively encouraged by the management 
agency.  

Four discrete management alternatives were defined that represent technically feasible 

approaches to managing the threat of trampling on the intertidal reef over the 15 year 

management time horizon, and include do nothing, status quo, medium protection, and 

high protection (Table 6.2). 
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Table 6.2 Summary of management alternatives. 

Name Description Total costi  

Do nothing No direct management of the intertidal reef. This incorporates a 
minimal amount of staff days and budget required to maintain the 
existing infrastructure (e.g., signs, markers and bins).  

$10,500 

Status quo The current management approach (as of 2013): weekly ranger visits 
(increased during summer); user group management (e.g., licensed 
tour operators); management of educational programs; and, 
infrastructure maintenance. 

$147,000 

Medium 
protection 

Doubling the ranger time and tripling the budget allocated to the 
intertidal reef: increased ranger visits; increased educational 
resources; increased infrastructure; partial reef closure during high 
temperature summer days; and, encouragement of the use of 
neighbouring intertidal reefs. 

$282,600 

High 
protection 

Doubling the ranger time and site hardening (e.g., installation of a 
stainless steel boardwalk) to restrict access to the intertidal reef and 
eliminate the trampling pressure.  

$737,600 

i Total cost is in Australian dollars ($), and is based on workshop participantsô estimates of the number of 
staff days and budget required to implement management alternatives over a three year period. 

Step 3 Develop ecological scenarios 

Ecological scenarios were developed for H. banksii, representing the current condition of 

H. banksii at Point Lonsdale intertidal reef, and three plausible futures of decline over the 

15 year management time horizon: 

Scenario 1: 70% coverðrepresenting the current condition of H. banksii at the MNP. 

Based on the average of nine years of monitoring data (Brown et al., 2013), 

and calculated as a baseline population mean (following equation 1, Box 

5.1);  

Scenario 2: 42% coverðrepresenting the lower bounds of natural variation of H. banksii 

at the intertidal reef. Based on nine years of monitoring data (Brown et al., 

2013), and calculated as the lower three sigma control limit of a mean 

control chart (following equation 3, Box 5.1); 

Scenario 3: 30% coverðconsidered a plausible decline in H. banksii, where recovery 

from trampling can take multiple years (based on experimental research; 

Povey & Keough, 1991; Keough & Quinn, 1998). 

Scenario 4: 15% coverðconsidered an undesirable condition of H. banksii (using expert 

judgement and experimental research; Povey & Keough, 1991; Keough & 

Quinn, 1998).  
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Step 4 Estimate consequences and explore trade-offs 

Participants worked in groups to provide a single set of best guess, optimistic and 

pessimistic consequence estimates of management alternatives on objectives under each 

ecological scenario (Table 6.3). Participants were generally more uncertain about the 

effectiveness of the more intensive management alternatives on objectives, resulting in 

wide uncertainty bounds for some objectives. Participantsô estimates of the effectiveness 

of the management alternatives on H. banksii cover also included substantial uncertainty. 

This was in part due to their uncertainty about the effectiveness of the more intensive 

management alternatives, as well as an acknowledgement that other natural processes 

(e.g., burn-off during summer) may continue to impact the H. banksii even after a 

trampling pressure has ceased.  

Two decision-makers provided their combined value judgments for the trade-off stage of 

this process, in the form of their weights for each objective (Table 6.3).
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Table 6.3 Estimated consequencesi of the management alternatives on management objectives under each ecological scenario and normalised 

weights. 

   Management alternative 

Objective Scenario Weightii Do nothing Status quo Medium protection High protection 

Rocky intertidal reef communities 70% cover  0.35 60% [45, 65] 70% [60, 75] 74% [62, 80] 80% [70, 85] 

(average percentage cover of H. banksii at 
the intertidal reef after three years of 
management) 

42% cover  27% [12, 35] 35% [20, 42] 50% [30, 55] 60% [40, 70] 

30% cover  20% [10, 30] 25% [15,35] 45% [25, 53] 55% [25, 65] 

15% cover  2% [0, 5] 5% [0, 10] 20% [5, 30] 30% [10, 40] 

Resources 70% cover  0.18 $10,500 $147,000 $282,600 $737,600 

(Australian dollars ($) over three years of 
management) 

42% cover      

30% cover      

15% cover      

Visitor satisfaction 70% cover  0.30 55% [50, 60] 70% [60, 80] 70% [60, 80] 75% [50, 85] 

(satisfaction index (%) after three years of 
management) 

42% cover  50% [45, 55] 65% [55, 75] 65% [55, 75] 70% [45, 80] 

30% cover  50% [45, 55] 65% [55, 75] 65% [55, 75] 70% [45, 80] 

15% cover  50% [40, 55] 65% [50, 75] 65% [50, 75] 70% [40, 80] 

Visitor numbers 70% cover  0.18 500 pax [400, 550] 500 pax [400, 600] 500 pax [400, 600] 500 pax [400, 1000] 

(thousands of people (pax) per year after 
three years of management.) 

42% cover  500 pax [400, 550] 500 pax [400, 600] 500 pax [400, 600] 500 pax [400, 1000] 

30% cover  500 pax [400, 550] 500 pax [400, 600] 500 pax [400, 600] 500 pax [400, 1000] 

15% cover  450 pax [350, 500] 450 pax [350, 550] 450 pax [350, 550] 450 pax [350, 950] 
i Consequence estimates include the ñbest guessò and the 90% credible bounds in brackets [pessimistic estimate, optimistic estimate]. 
ii Weights are normalised [0,1] and are based on the initial weights [0,100] specified by decision-makers.
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Figure 6.2 The nominal decision scores under the four scenarios for the management 

alternatives. 

Management alternatives include: do nothing (), status quo (), medium 

protection () and high protection (). Blue shading represents the best-case 

(upper bound) and worst-case (lower bound) decision scores. 

Steps 5 Explore uncertainty and risk tolerance, and set management thresholds 

Participantsô normalised consequence estimates and the decision-makersô normalised 

weights were combined to calculate decision scores for each management alternative 

under each of the four scenarios (following equation 1; Figure 6.2). The decision scores 

reflect the substantial uncertainty of participantsô consequence estimates for some 

management alternatives (Table 6.3; Figure 6.2).  

Following the pessimistic rule whilst interpreting Figure 6.2, a decision-maker would 

select the following best performing management alternatives under each ecological 

scenario: status quo under the 70% cover scenario; medium protection under the 42% and 

30% cover scenarios; and, status quo under the 15% cover scenario. Following the 

selection of the best performing management alternatives under each ecological scenario 

using the pessimistic rule, the decision-maker would set a management threshold 

implementation range for the medium protection at 15ï42% cover of H. banksii (Figure 

6.3). A risk-averse decision-maker may err on side of caution and set the medium 

protection management threshold at 42% cover of H. banksii. 
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Figure 6.3 Management threshold implementation range for the percentage cover of 

Hormosira banksii, informed by the pessimistic rule. 

Orange shading indicates the management threshold implementation range for the 

medium protection management alternative over the 15 year management time 

horizon, and areas with no shading indicate where to continue the status quo 

management alternative. The current condition of H. banksii (solid black line: 

mean percentage cover Ñ standard error) at Point Lonsdale intertidal reef is shown 

from 2004 to 2013. 

6-4 Discussion 

Setting management thresholds remains a challenging task in conservation (Bennetts et

al., 2007; Lindenmayer et al., 2013). This novel participatory modelling approach 

provides an accessible and effective method to set conservation management thresholds. 

This method allows management thresholds to be set in the face of competing objectives, 

the incorporation of scientific knowledge and value judgments about the management of 

the ecosystem, and does not require in-depth quantitative modelling skills. This approach 

assisted decision-makers to set a management threshold for the key ecological indicator, 

Hormosira banksii, to manage the ongoing threat of trampling on an intertidal reef. The 

multiple objectives of this case study (Table 6.1) reflect increasingly important, and often 
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competing components of conservation decision-making (e.g., Field et al., 2004; Martin

et al., 2011; Runge, 2011).  

The novelty of this approach lies in the unique combination of techniques, placed within 

a structured decision-making framework. The management threshold set in the case study 

encapsulated both empirical evidence, participantsô scientific knowledge, and value 

judgments. Empirical evidence included H. banksii research and monitoring results. 

Participantsô scientific knowledge was their quantitative estimates of the effect of the 

management alternative on objectives. Participantsô value judgements represented their 

preferences, priorities, and tolerance to risk. All of these sources of information are valued 

by conservation decision-makers (Cook et al., 2012) because conservation decision-

making is rarely a value-free process (Failing et al., 2007). 

Ecological scenarios are a vital feature of this approach to setting management thresholds. 

Scenario planning assists in defining scenarios for the key ecological indicator, and is a 

tool advocated for exploring the complexity of environmental systems and preparing for 

possible future changes (Peterson et al., 2003; Game et al., 2013). For instance, in this 

example scenarios could be developed to explore the consequences of future management 

interventions under different climate regimes. 

Careful consideration must be given to the experts selected for involvement in the 

participatory modelling process, as the collective performance of an expert group can be 

influenced by a lack of independence between participants and the expertise that they 

hold (Burgman et al., 2011a; Burgman et al., 2011b). In the H. banksii case study, 

participants collectively held expertise in marine protected area management and 

intertidal reef ecology. Another decision context may require a different combination 

scientific, management, or stakeholder expertise. Burgman et al. (2011a) provide tips for 

participant selection for approaches involving expert elicitation, such as: i) identifying 

the core expertise requirements and a pool of potential experts; ii) create objective 

selection criteria to select experts for involvement; and iii) identify any conflicts of 

interest and potential motivational biases of experts, and control these conflicts by 

balancing the composition of expert groups. Finally, it is important that a cross-section 

of experts are selected, including both men and women and experts at various stages of 

their careers (Burgman et al., 2011b). 
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The most positively reported aspect of the case study was that it was a well-organised and 

facilitated workshop (75% of participants; Table 1, Appendix 6). Well facilitated 

participatory modelling approaches can foster good communication and build trust 

between scientists and participants (Chapter 2; Addison et al., 2013). Part of the success 

of the workshop came from using the participatory modelling approach that did not 

require in-depth quantitative modelling skills. Widely accessible spreadsheet software 

was used to conduct multicriteria decision analysis, and model outputs (e.g., Figure 6.2) 

were created during the workshop and viewed immediately by participants. Thus, this 

approach is accessible to management agencies and participants with limited modelling 

expertise. 

This approach is not without some challenges. In particular participants can be subject to 

a substantial elicitation burden when involved in participatory modelling approaches 

(Martin et al., 2012). Sixty-three percent of participants indicated that elicitation of 

quantitative consequence estimates under each ecological scenario was a challenging 

aspect of the workshop (Table 2, Appendix 6). Due to time constraints, participants felt 

there was a lack of opportunity to document the assumptions and rationale behind the 

estimates effectively, and some also felt unqualified to provide quantitative estimates, 

noting a desire to revisit the quantitative modelling stage. These limitations can be 

overcome by documenting participantsô assumptions to reveal differences in 

perspectives, or documenting supporting information so that consequence estimates can 

be re-visited and updated with new scientific knowledge when available. Alternatively 

rapid prototyping can increase participantsô familiarity of the modelling process, and help 

refine, improve, or expand modelling steps as necessary (Blomquist et al., 2010). 

Uncertainty is an important component of any decision, and this will be interpreted 

differently by decision-makers depending on their appetite for risk (Regan et al., 2005). 

In this participatory modelling approach, multicriteria decision analysis outputs carry 

through the uncertainty associated with consequence estimates of management 

alternatives on objectives under each ecological scenario (Figure 6.2). This is unlike other 

approaches, such as stochastic dynamic programming, which only provide an optimal 

solution to setting management thresholds without illustrating uncertainty (e.g., Martin et

al., 2009). In our approach, a management threshold implementation range can be 

selected in the face uncertainty using one of three decision rules outlined in step 5 
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(Section 6-2-1). For example, a risk-averse decision-maker may take a precautionary 

approach and use the pessimistic rule to set a management threshold implementation 

range between 15% to 42% cover of H. banksii for the medium protection alternative 

(Figure 6.3). Where a management threshold will be set within the management threshold 

implementation range, will reflect a decision-makersô risk tolerance. A risk-averse 

decision-maker may err on side of caution and set the medium protection management 

threshold at 42% cover of H. banksii. 

In cases where the preferred management alternative is not apparent due to uncertainty, 

there are several techniques to clarify uncertainty that can be incorporated into the 

modelling approach. Sensitivity analysis can be used to highlight whether any model 

parameters need to be re-defined or re-estimated (von Winterfeldt & Edwards, 1986). 

Expected value of perfect information analysis can be used to assess the benefits of 

clarifying uncertainty before investing in potentially expensive data gathering exercises 

(e.g., Runge et al., 2011; Moore & Runge, 2012). Finally, if warranted, there could be 

investment in additional research to complement expert judgment, or experimental 

adaptive management could be used to trial management alternatives and determine their 

effectiveness (Walters & Holling, 1990).  

6-5 Conclusion 

This chapter addresses the need to quantify the condition of ecosystems and to clearly 

articulate when management intervention will occur (Samhouri et al., 2012; Lindenmayer

et al., 2013). The approach presented in this chapter is globally applicable to conservation 

management, but should be considered as one in a toolbox of available approaches to 

assist with setting conservation management thresholds under different circumstances. 

Other approaches include thresholds of potential concern (Biggs & Rogers, 2003), control 

limits on control charts (Chapter 5), stochastic dynamic programming (Martin et al., 

2009), and management thresholds developed in natural resource management (e.g., 

fisheries reference points; Link, 2005). Our approach is particularly appropriate in 

circumstances where management thresholds: i) must be set for environmental indicators 

in the face of competing objectives; ii) need to incorporate both scientific knowledge and 

value judgments about the management of the ecosystem; and, iii) must be set by 

participants with limited modelling experience. 
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This approach encourages decision-makers to define management thresholds and 

associated management actions now, rather than reacting to unexpected future ecosystem 

changes, and risking the loss of biodiversity through inaction. We acknowledge that 

budget revisions and changing organisational priorities may prevent implementing a 

particular management action. At the very least a breach of a management threshold 

should trigger an investigation to determine what new management strategies are 

attainable. Management thresholds developed using this approach will improve the 

integration of monitoring data in conservation decision-making and demonstrate a 

genuine commitment to state-dependent management of protected ecological systems. 
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CHAPTER 7  General Discussion 

Long-term biological monitoring data are becoming increasingly available to inform 

conservation efforts internationally (Magurran et al., 2010; Lindenmayer et al., 2012; 

Sergeant et al., 2012). However, there are many occasions where long-term monitoring 

data, like other forms of scientific evidence, have been of little use to conservation (Field

et al., 2007; Lindenmayer & Likens, 2010). I have presented a comprehensive 

investigation into the use of scientific evidence in conservation management, by 

addressing two research questions: i) what are the current barriers to the use of scientific 

evidence in conservation management?; and ii) what practical solutions can improve the 

use of scientific evidence, particularly long-term monitoring data, in conservation 

management? My research has targeted the scienceïmanagement interface, emphasising 

that both scientists and mangers can play a role in improving the use of scientific evidence 

in conservation around the globe. 

7-1 Current barriers to the use of scientific evidence in conservation 

management 

Barriers to the use of scientific evidence in conservation management are complex and 

intertwined, and span the scienceïmanagement interface (Figure 7.1). I documented 

many cases where decision-makers either incorrectly or altogether fail to use models to 

interpret scientific evidence in conservation decision-making (Chapter 2; e.g., Strayer, 

2008; Willms, 2010; Palomares et al., 2011). To understand why this is I explored the 

common objections to using models in decision-making from several fields of 

environmental management and found many objections to their use (Figure 7.1; Table 

2.1). For example, model development is often seen as too resource intensive by 

management agencies (e.g., Prendergast et al., 1999). Models themselves are often 

considered either too simple or too complex to be useful in decision support (e.g., 

Wilkerson et al., 2002). Poor communication by scientists can also seriously compromise 

decision-makersô acceptance of model outputs (e.g., McNie, 2007). 
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Figure 7.1 Common barriers to the use of scientific evidence in conservation 

management. 

I delved into the marine environment, where there are many long-term monitoring 

programs associated with subtidal rocky and coral reef ecosystems, to assess what barriers 

exist in the use of long-term monitoring data in marine protected area (MPA) 

management. Where long term biological monitoring data are available, I found that 

Australian MPA management agencies are not using these data comprehensively to 

inform management effectiveness evaluation (MEE; Table 3.3). Instead, these rich 

sources of quantitative data have been predominantly used to inform qualitative condition 

assessments (Figure 7.1). This goes against the recommendation that quantitative 

monitoring data when available should be evaluated using quantitative condition 
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assessments (Parrish et al., 2003; Hockings et al., 2008). By evaluating long-term 

monitoring data using qualitative condition assessments, Australian MPA management 

agencies are conducting their assessments in the same way as when no monitoring data 

exist. Qualitative assessments can be prone to biases and the assumptions of experts, and 

can compromise the accuracy and repeatability of outcome assessments in MEE 

(Burgman et al., 2011a; Cook et al., 2014).  

The key informants that were interviewed in Chapters 3 and 4 revealed that many 

Australian management agencies are intending to conduct quantitative condition 

assessments of biological monitoring data in MEE. However, they noted a range of 

challenges to implementing quantitative condition assessments for MEE in the future 

(Figure 7.1, Figure 4.1, and Figure 4.2). Some of the most pertinent challenges to the 

implementation of quantitative condition assessments in MEE included: a lack of agency 

capacity dedicated to monitoring and evaluation of biological indicators (a commonly 

cited issue in protected area management; Ferraro & Pattanayak, 2006; Leverington et

al., 2010); key uncertainties remain in the scientific understanding of marine systems and 

MPA management (also acknowledged in the marine science literature; Gaines et al., 

2010; Edgar et al., 2014); and, a lack of political and community support for, and 

understanding of MPAs (also reflected in the recent downgrading and degazettement of 

terrestrial and marine protected areas globally; Mascia & Pailler, 2011; Ritchie et al., 

2013; Bernard et al., 2014). 

On a positive note, key informants revealed many examples where long-term monitoring 

data have informed MPA management decisions (Figure 3.2). However, informants also 

revealed that MEE is rarely the sole mechanism facilitating knowledge transfer of 

scientific evidence into management action (Figure 7.1). This finding illustrates that 

while the first goal of MEE is being achieved (to enable environmental accountability 

and reporting), the second and arguably more important goal (to enable evidence-based 

management) is generally not being achieved (Hockings et al., 2006; Leverington et al., 

2010). The barriers revealed through my research add to the growing literature, which 

document challenges implementing MEE by terrestrial and marine protected area 

managers (Jacobson et al., 2008; Parr et al., 2009; Jacobson et al., 2014). The existence 

of these barriers further justified my second PhD research aim: to develop practical 

solutions to improve the use of scientific evidence in conservation management. 
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7-2 Practical solutions to improve the use of scientific evidence in 

conservation management 

In order to make models indispensable in conservation decision-making around the globe, 

I developed practical solutions for scientists addressing the three fundamental reasons 

why decision-makers object to models (Chapter 2; Figure 7.2). These are: i) 

misconceptions about the role of models in decision-making, ii) poor modelling practice, 

and iii) a lack of effective communication and/or trust between modellers and decision-

makers. First, scientists were encouraged to anticipate the common objections to models 

in decision-making (Table 2.2), including the misconceptions about the role models play 

in decision support. My second and most substantive practical recommendation was the 

use of structured decision-making to guide good modelling practice (Figure 2.1). 

Structured decision-making includes a series of steps allowing the incorporation of both 

scientific facts and values into conservation decision-making, acknowledging that 

decision-making is rarely a value-free process (Failing et al., 2007; Gregory et al., 2012). 

It is vital to embed models within a structured decision-making framework, as models on 

their own cannot support the entire decision-making process (this point is re-iterated 

throughout my thesis, particularly in Chapters 5 and 6). 

In Chapter 2, I also provided practical solutions relating to the social process of decision-

making, something rarely included in conventional scientific training (McNie, 2007; 

Figure 7.2). Involving decision-makers, stakeholders and experts (collectively 

participants) throughout the modelling process can improve the knowledgebase and 

social acceptance of decisions, and facilitate better conservation outcomes (Biggs et al., 

2011; Wassen et al., 2011; Muro & Jeffrey, 2012). Finally, good communication and 

trust-building will allow scientists to develop rapport with participants and help forge 

deeper and more appropriate linkages across the scienceïmanagement interface, helping 

to broaden the use of models in conservation (Figure 7.2). 
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Figure 7.2 Practical solutions to improve the use of scientific evidence in conservation 

management. 

Delving back into the marine environment, I developed a series of recommendations to 

improve the use of long-term monitoring data in the evaluation and evidence-based 

protected area management (Chapters 3 and 4). These recommendations are pertinent 

given the peer-reviewed literature predominately only addresses how to set management 

objectives, and select indicators to evaluate the effectiveness of marine protected areas 

(MPAs; e.g., Pelletier et al., 2005; Beliaeff & Pelletier, 2011; Kemp et al., 2012), and 
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very little attention has been paid to how to set quantitative targets to assess the 

effectiveness of MPAs. Whilst this study was based on interviews with marine scientists 

and managers from Australian protected area management agencies, the 

recommendations provided were directed at conservation practitioners around the globe 

as impediments with MEE facilitating evidence-based management have been observed 

in both marine and terrestrial protected areas globally (Leverington et al., 2010; Coad et

al., 2013). 

Internal audits of management effectiveness evaluation (MEE) frameworks should be 

undertaken to assess whether these procedures reflect MEE theory, particularly when it 

comes to using scientific evidence to ensure evidence-based management (Chapter 3; 

Figure 7.2). I recommended that management agencies harness the objectivity, 

repeatability and transparency that will flow from implementing quantitative condition 

assessment of long-term monitoring data. I also recommended that managers increase the 

frequency of evaluation (more frequent than the common 5 to 10 year cycle) to ensure 

MEE enables evidence-based management. This will improve the alignment of 

evaluations with evidence-based management, rather than solely meeting reporting 

requirements. Finally, I recommended that management agencies invest in targeted long-

term monitoring (Chapter 3) and also dedicate resources to the evaluation of monitoring 

data for MEE (Chapter 4). Acknowledging that outcome assessment is the most 

challenging and costly aspect of MEE (Pomeroy et al., 2005; Hockings et al., 2006), I 

suggested that management agencies forge strong and focused collaborations with the 

scientific community to ensure that existing and new long-term monitoring programs are 

targeted to the needs of MEE. Such collaborations could be formalised by creating: 

boundary organisations that employ scientists and managers that operate across the 

scienceïmanagement interface; more science positions within conservation management 

agencies; or, formal research agreements between conservation management agencies 

and external scientists (Cook et al., 2013). 

Conservation scientistsô expertise is required to develop procedural guidelines to support 

the development and routine undertaking of quantitative condition assessment for MEE 

(Figure 7.2; Chapter 4). These procedures should complement existing MEE frameworks 

(e.g., Pomeroy et al., 2005; Hockings et al., 2006), describe monitoring data requirements 

for quantitative condition assessments, and outline approaches for selecting indicators 
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and defining thresholds that represent the bounds of quantitative condition categories 

(something I addressed in Chapters 5 and 6). My final recommendation transcends the 

scienceïmanagement interface: I suggested that scientists and managers promote the 

value of protected areas to increase political and community support (Figure 7.2; Chapter 

4). Political factors affecting conservation efforts must be acknowledged and addressed 

by scientists and managers together for future conservation efforts to be effective (Mascia 

& Pailler, 2011; Ritchie et al., 2013). 

To demonstrate how to improve the use of long-term monitoring data in evidence-based 

management, I developed two globally applicable methodological approaches to assist 

with state-dependent conservation management (Chapters 5 and 6). State-dependent 

management is where management thresholds are used to interpret long-term monitoring 

data and alert decision-makers when management intervention is required to address 

undesirable ecosystem changes (Nichols & Williams, 2006; Lyons et al., 2008; Williams, 

2011). To illustrate these approaches I used a case study of the management of a key 

ecological species, Hormosira banksii, on rocky intertidal reefs in MPAs in Victoria, 

Australia. This case study was selected as there was a substantial amount of experimental 

research and long-term monitoring data available, providing a good foundation to 

demonstrate the application of the methodological approaches to setting management 

thresholds. In addition Parks Victoria, the management agency responsible for Victoriaôs 

MPAs, intend to use management thresholds to interpret monitoring data and to manage 

intertidal rocky reefs. Thus, this work was directly applicable to Parks Victoriaôs current 

work program. 

Turning to the field of statistical process control, I illustrated a series of practical steps to 

set statistically informed conservation management thresholds (Chapter 5). Control charts 

have been used in industrial applications for over 50 years and are simple visual 

management tools that show great promise for environmental management (ANZECC, 

2000; Burgman, 2005; Morrison, 2008). However, to date there has been no practical 

demonstration of the steps required to implement control charts for environmental 

management. Using the theory of control charts, I presented a methodological approach 

to develop management thresholds for conservation management (Figure 7.2; Figure 5.4). 

The steps of this approach were incorporated into a structured decision-making 

framework to emphasise the need for logical and transparent model development. 
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Through the H. banksii case study, I demonstrated how both warning and action 

management thresholds can be set using biological knowledge and decision-makersô 

judgements about the desired statistical properties of control charts (Figure 5.9). Whilst 

there are a number of challenges in control chart implementation for environmental 

management, I provided guidance for decision-makers and scientists to operationalise 

management thresholds, and to better integrate long-term monitoring data into evidence-

based conservation management. 

Finally, I introduced an alternative approach to setting management thresholds. This was 

a participatory modelling approach, designed to be useful when management thresholds: 

i) must be set for environmental indicators in the face of multiple competing objectives; 

ii) need to incorporate both scientific knowledge and value judgments; and, iii) must be 

set by participants with limited modelling experience. The participatory modelling 

approach follows the steps of structured decision-making, and is supported by a unique 

combination of techniques considered particularly useful for engaging participants 

throughout the modelling process (Figure 6.1; Figure 7.2). I demonstrated how even in 

the face of uncertainty, decision-makers can use this approach to set management 

thresholds for evidence-based management (Figure 6.3).  

The resulting management thresholds developed for H. banksii using these two 

approaches were different. Using the control chart approach to set management 

thresholds, resulted in setting an action management threshold (e.g., restricting access to 

the reef) on the �̅� chart at 43.5% cover, and a warning management threshold (e.g., 

precautionary visitor management) on the EWMA chart as the lower control limit ( = 

0.25, L = 2.75; Figure 5.9). On the other hand, the participatory modelling approach led 

to setting a management threshold at 42.0% cover of H. banksii for medium protection 

(e.g., precautionary visitor management; Figure 6.3). Clearly, different decision contexts 

lead to different management thresholds. The control chart approach assisted with setting 

management thresholds solely based on the environmental dimension of the decision 

context. Whereas, the participatory modelling approach assisted with setting management 

thresholds for a multi-objective decision context, involving participants with limited 

modelling experience. Both methodological approaches are valid, and their use should be 

entirely dependent on a conservation agencyôs decision context. In fact, these two 

methodological approaches should be considered as just two in a toolbox of available 
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approaches to assist with setting conservation management thresholds under different 

circumstances. Most importantly both approaches encourage decision-makers to define 

management thresholds and associated management actions now, rather than reacting to 

unexpected future ecosystem changes, and risking the loss of biodiversity through 

inaction. 

7-3 Recommendations for future research 

Whilst addressing the two aims of my thesis, my research has raised many interesting 

questions. My qualitative research investigating the use of long-term biological 

monitoring in the evaluation and evidence-based management of protected areas could 

be replicated on an international scale to explore the use of different types of scientific 

evidence in conservation management. For example how are other types of scientific 

evidence, such as short-term monitoring data (i.e., <10 years duration) or the outputs of 

experimental research or predictive models, used in the in the evaluation and evidence-

based management of protected areas? Global patterns in the use of scientific evidence in 

conservation management could be assessed against correlative factors such as the 

economic status, governance structures and the legislative requirements for conservation 

management of different countries. 

The two new methodological approaches designed assist with setting management 

thresholds for evidence-based conservation management (Chapters 5 and 6), could be 

extended to address more complex conservation management decisions. For example, the 

natural extension of my research into control chart construction for single species 

(Chapter 5) would be to scale this methodology up, so that it can be used to assess multiple 

environmental indicators (through attribute charts or multivariate control charts, Table 

5.1). Further research could also focus on the use of control charts, not just for monitoring 

environmental indicators (like H. banksii cover), but also indicators to represent social 

and economic objectives (e.g., visitor numbers to a protected area, and money spent 

educating visitors within a protected area). The natural extension to the participatory 

modelling approach to setting management thresholds (Chapter 6) is to scale this up so 

that the approach can assist with the simultaneous development of management 

thresholds for multiple environmental, social or economic objectives.  
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Finally, all of the research presented in my thesis could be pursued by sociologists to 

understand if and how decision support tools developed by conservation scientists are 

adopted and operationalised by conservation management agencies. This is a fascinating 

area of research that requires understanding of organisational change, including the 

process of accepting new technology and tools by individuals and organisations. 

7-4 Concluding remarks 

My research advances the understanding of the barriers to using scientific evidence in 

conservation management. It is clear that there are many factors are at play. The practical 

solutions that I have developed substantively address many important barriers and 

promote the comprehensive use of scientific evidence in conservation management by 

targeting the scienceïmanagement interface. Whilst scientists strive to develop novel and 

sometimes overly complex methodologies, conservation managers seek methodologies 

that are effective and simple to implement (Roux et al., 2006). I have been acutely aware 

of this divide, and I believe that my solutions are practical enough to be operationalised 

by conservation management agencies. 
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APPENDIX 1: Practical solutions for making models 

indispensable in conservation decision-making



(Starfield et al., 1990). Good modelling practice offers a

systematic, rational and transparent platform for synthesizing

existing knowledge, exploring the consequences of manage-

ment alternatives and identifying and evaluating uncertainty

(Starfield, 1997; Burgman, 2006). Detailed quantitative mod-

els are not a requirement for all decisions, as both qualitative

and quantitative representations of a system can effectively

support decision-making. Sound models can be formulated

using empirical data or structured expert judgement and

should be answerable to data and the fundamental rules of

probability and formal logic.

There are numerous examples where models have helped

conservation management decisions, and some of these

include the successful re-introduction of multiple popula-

tions of the hihi in New Zealand (Armstrong et al., 2007);

the successful re-introduction of gray wolves and manage-

ment of harvest quota for elk in Yellowstone National Park,

USA (Varley & Boyce, 2006); the successful conservation

efforts to protect the Kemp’s ridley sea turtle in the Gulf of

Mexico from anthropogenic stressors (Crowder & Heppell,

2011); and informing the adaptive management of trawl fish-

ing in the north-west shelf of Australia to mitigate impacts

to marine biodiversity (Sainsbury et al., 1997, 2000). How-

ever, despite their demonstrated benefits, models are still not

used in many conservation decisions (Cowling et al., 2003;

Roux et al., 2006; Knight et al., 2008). Instead, conservation

decisions are often supported by unstructured subjective

judgments, such as intuition, personal experience or unaided

expert opinion (Sutherland et al., 2004; Pullin & Knight,

2005; Cook et al., 2010).

Unstructured subjective judgments can lead to opaque,

biased conservation decisions that rest on hidden assumptions

and individual agendas (Burgman et al., 2011). The rejection

of models in favour of such unstructured judgments can lead

to unintended and unacceptable social, economic, political

and environmental outcomes. In many cases, heeding model

predictions over unstructured subjective judgments could

have averted significant social and/or environmental costs of

conservation decisions. Examples include: the decline and

local extinctions of Iberian lynx populations (Palomares et al.,

2011); the invasion of the zebra mussel throughout North

American waterways, incurring vast economic and ecological

impacts (Clark et al., 2001; Strayer, 2008); and large-scale tree

mortality and ecosystem collapse in North American pine for-

ests as a result of a rapid range expansion of mountain pine

beetles (Willms, 2010).

We are not claiming that all models used to support

conservation decisions are good. There are many cases where

ill-informed or inappropriate models have led to suboptimal

conservation outcomes. For example, decisions based on

fisheries models that overestimated stock sizes led to the

overfishing and eventual collapse of Canadian stocks of

Atlantic cod, which in turn resulted in major social and

economic impacts (Walters & Maguire, 1996). Improbable

assumptions in a model used to inform Florida panther

management produced inaccurate inferences about habitat

suitability that permitted development in important habitat

areas (Beier et al., 2006). In these cases, models were inade-

quate to support the decision context.

The question is why are models adopted to support deci-

sion-making in some instances, and not in others? In this

article, we explore this question by assessing common objec-

tions to using models in decision-making from several fields

of environmental management. We address a lack of

guidance in the literature by presenting a series of practical

solutions to help modellers substantively overcome

these objections. Our aim is to assist modellers improve the

effectiveness and relevance of their work in supporting

conservation decision-making.

COMMON OBJECTIONS TO THE USE OF

MODELS IN DECISION-MAKING

We reviewed scientific and grey literature for evidence of the

views and attitudes towards the use of models by those who

commonly participate in environmental decision-making.

We provide a simplified definition of participants, acknowl-

edging that participants can fall into multiple roles: decision-

makers (those with the legal/regulatory right or responsibility

for the decision), stakeholders (those involved in or affected

by a decision) and experts (scientists and others with direct

experience or knowledge of the problem at hand; Burgman

et al., 2011).

We searched published surveys and papers that document

the opinions of participants, and a range of government and

organization guidelines and reports that provide commentary

on the use of models in decision-making. We searched litera-

ture from the past two decades from the fields of conservation,

fisheries, water resource and weed management, climate

science and biosecurity using the web-based resources Google,

Google Scholar and Thomson Reuters Web of Science. Nine

common objections to the use of models in environmental

decision-making emerged, which relate to three broad catego-

ries: (1) the role of models in decision-making, (2) modelling

practice and (3) model outputs. We have selected two key

quotations that we believe best illustrate each of the nine

common objections, which are shown in Table 1.

The role of models in decision-making

Organizations may simply prefer unstructured subjective

judgements (such as unaided expert opinion), from either

internal decision-makers or relevant experts, to a model’s

predictions (Objection 1, Table 1). This may be because deci-

sion-makers: have a well-established relationship with trusted

experts (Cullen et al., 2001); are unfamiliar with working

with models (Pidgeon & Fischhoff, 2011); believe that models

do not result in better decisions (Hajkowicz, 2007; Marshall

et al., 2010); fear that models may diminish their autonomy

in the decision-making process (Heagney et al., 2011); or feel

that modellers, as organizational outsiders, have disparate

agendas (Gibbons et al., 2008).
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Many decision-makers also view model development and

use as too resource (time and/or money) intensive (Objec-

tion 2). In some cases, particularly for small-scale environ-

mental problems, this might be true (Possingham, 2009).

Alternatively, decision-makers may have limited access to the

requisite technical expertise, and outsourced modelling may

be prohibitively expensive (Prendergast et al., 1999).

Modelling practice

Decision-makers may consider models to be wrong, inaccu-

rate or inappropriate for a number of reasons. For instance,

when the model does not represent decision-makers’ concep-

tual understanding (Objection 3) or adequately capture

the social, economic and political elements of a decision

Table 1 Common objections to the use of models in decision-making

The role of models in decision-making

1. We don’t need models for decision-making, we have experts

(i) Where there is a ‘lack or inconclusiveness of fundamental science, or the lack of data, or where data reliability is questionable… quantitative risk

analyses cannot be sensibly undertaken. Where this is the case, expert opinion is used’ (Beale et al., 2008).

(ii) I am ‘good at doing what [I] do and… trust [my] own decision’ (a common perception of graziers (decision-makers) cited in Marshall, 2010).

2. Developing and using models in decision-making is too resource intensive

(i)‘Reserve selection algorithms are comparatively resource-hungry. In most countries conservation is grossly under-funded, and for many organizations

the cost of hardware, an expert operator, and the experimentation required may inhibit the use of reserve selection algorithms (even if the software

itself is free)’ (Prendergast et al., 1999).

(ii)‘Water managers, due to lack of resources and time have a need for better model-based tools as a means to support increasingly complex decision

making but that same lack of time and resources prevents them from being able to invest time and resources into the models, if the researchers

cannot invest the time in providing the type of non-technical requirements (such as maintenance, model re-calibration; documentation, confidence,

usability) they require’ (Borowski & Hare, 2007).

Modelling practice

3. Models do not represent my conceptual understanding of the decision context

(i)‘Models did not adequately incorporate or simulate managers’ experiential knowledge’ (Heagney et al., 2011).

(ii)‘Grower decisions include too many judgment factors and life situation variables for the models to be useful’ (Wilkerson et al., 2002).

4. Models focus on environmental considerations of the decision context, but fail to capture the social, economic and political factors which

influence conservation management options

(i) ‘I still think the human mind is better at processing this information if you have all the information’ (a statement made by decision-maker in

Hajkowicz, 2007).

(ii) ‘Currently available models are too simple because they do not consider the effects of cultural practices… on weed competitiveness when making

recommendations’ (Wilkerson et al., 2002).

5. Models are either too complicated or too simple

(i)‘Although scientific models are simplifications of reality, many remain so complex that they are seen as black boxes instead of transparent analytical

tools’ (De Smedt, 2010).

(ii) ‘From a biological standpoint… currently available models are too simple’ (Wilkerson et al., 2002).

6. There are insufficient data to do quantitative modelling

(i)‘To work effectively, sophisticated methods of site selection usually require higher-quality data than most managers can ever expect to have’

(Prendergast et al., 1999).

(ii)‘Quantitative (numerical) risk assessments are not common in a management context… because the data requirements are onerous, especially

considering that little information is available about the impacts of many introduced marine species’ (Hewitt et al., 2011).

7. Inadequate data quantity/quality leads to inaccurate model predictions

(i)‘Models themselves are currently too inaccurate to be of value in real-time decision making because insufficient data have been used in model

development for them to accurately predict competitive effects and yield losses in most situations’ (Wilkerson et al., 2002).

(ii) Decision-makers are ‘not convinced that seasonal climate forecasts can be very accurate…’ and that there is ‘not much point in a seasonal

forecast that is vague’ (a common perception of graziers (decision-makers) cited in Marshall et al., 2010).

Model outputs

8. I don’t understand the way scientists communicate

(i)‘It is often difficult understanding scientific information’ (a common perception of graziers (decision-makers) cited in Marshall et al., 2010).

(ii)‘Another constraint identified by water managers… was the lack of communication between water managers and researchers… Neither are they

sharing the same language for expressing results or the requirements of models’ (Borowski & Hare, 2007).

9. Model outputs are too uncertain for decision-making

(i)‘Water managers see a good potential to use models but they displayed an obvious lack of confidence in them –even in some of their own in-house

models… this lack of confidence can be overcome by investing resources into better forms of model uncertainty analysis and its communication’

(Borowski & Hare, 2007).

(ii)‘Many agency people apparently view admission of uncertainty as admission of weakness, and assume that the outcome of admitting weakness will

be inaction or ineffective compromise policy… It is very difficult to convince people who adopt such views that they will gain more credibility with

political decision makers by openly admitting uncertainty’ (Walters, 1997).
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(Objection 4). Models may be judged as too simple or too

complex to be useful to environmental decision-making

(Objection 5), for example, models are seen as too compli-

cated when they are unintuitive (Pidgeon & Fischhoff, 2011)

or as too simple because not all relevant factors are incorpo-

rated/used with adequate detail (Wilkerson et al., 2002).

Lastly, models may be considered to have limited capacity

for decision support when there is a lack of data to construct

a quantitative model (Objection 6) or because inadequate

data quality/quantity leads to inaccurate model predictions

(Objection 7). In some cases, these points are used to justify

qualitative analysis (Beale et al., 2008) or the use of unaided

expert opinion (Dinerstein et al., 2000; Beale et al., 2008).

Model outputs

Participants’ acceptance of model outputs, such as predic-

tions of ecosystem effects and evaluation of the effectiveness

of management alternatives, can be compromised by poor

communication throughout the modelling process by model-

lers (Objection 8). For instance, modellers can fail to cater to

different levels of technical understanding and reasoning

styles of their audience (Anderson, 2001; McNie, 2007).

Decision-makers can also feel overwhelmed when presented

with multiple possible outcomes from model outputs

(Pidgeon & Fischhoff, 2011) and can struggle with how to

use information about uncertainty in decision-making

(Objection 9). In fact, some decision-makers are averse to

openly admitting uncertainty (Walters, 1997).

By classifying common objections to models into these

three main categories, we note that many of the nine objec-

tions may apply to more than one category. For example,

objections relating to model uncertainty may affect partici-

pants’ views of the role of models in decision-making, mod-

elling practice and their acceptance of final model outputs.

PRACTICAL SOLUTIONS

We believe the common objections outlined above are symp-

toms of three fundamental issues: (1) misconceptions about

the role of models in decision-making, (2) poor modelling

practice and (3) a lack of effective communication and/or

trust between modellers and decision-makers. Here, we pres-

ent a set of practical solutions to address these fundamental

issues (summarized in Table 2). These solutions are based on

theory, empirical evidence (comparative studies and surveys/

interviews) and best-practice examples of the use of models

from conservation science, natural resource management and

social science.

Dispel common misconceptions about modelling

Modellers should work to dispel common misconceptions

about models in decision-making (Practical solution 1;

Table 2). Achieving this requires modellers’ to develop an

understanding of participants’ perceptions of the role of

models in decision-making and an awareness of their own

role in the decision-making context. We recommend that

modellers anticipate objections such as those listed below,

and emphasize the following points in response. By explicitly

addressing these misconceptions early in the model building

process, modellers will provide opportunities to dispel com-

mon misconceptions about models and should achieve

greater buy-in from participants regarding the use of models

to support decision-making.

1. Models diminish the autonomy of decision-makers (Objec-

tion 1): Models are tools for helping us think, not arbiters in

decision-making contexts. They provide decision support

Table 2 Practical solutions to help overcome the common

objections to using models in decision-making for conservation

management

Practical Solutions Helps address

objections:

1. Dispel common misconceptions about

modelling

1, 3–7

2. Use a Structured Decision Making/Adaptive

Management framework to guide good

modelling practice

(i) Use the problem formulation stage to

develop clear objectives and management

alternatives for the decision context

(see Fig. 1)

3, 4

(ii) Model consequences with participants

to adequately capture the complexity

and uncertainty of decisions (see Fig. 1)

1, 3–9

3. Improve the social process of decision-

making by engaging with decision-makers,

stakeholders and experts in participatory

decision-making

1–9

4. Improve communication

(i) Practice Daniels & Walker’s (2001)

seven key competencies of

communication (Box 1)

1–9

(ii) When adequate communication

skills are lacking seek specialist

training or use a skilled facilitator

1–9

(iii) Present scientific outputs in brief

and accessible formats

8, 9

(iv) Use storytelling (images, scenarios

and personal narratives) to enhance

communication

8, 9

5. Build trust

(i) Establish frequent personal contact

with decision-makers, for example

face-to-face meetings, telephone calls

and emails

1–9

(ii) Actively engage participants in

decision-making and promote genuine

opportunities for involvement and

collaboration

1–9

(iii) Communicate the outcomes of

the decision-making process to gain

trust from the wider community

1–9
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and should not replace decision-makers (Starfield, 1997). It

is important that both decision-makers and modellers are

clear that a modeller’s work is embedded in the decision-

making context. That is, just because a modeller has built a

model does not mean they have ownership of the decision

context; rather, they are only assisting the decision-making

process.

2. Models are too simple or complex and do not represent

decision-makers’ conceptual understanding or incorporate all

of the considerations of the decision context (Objections 3–5):

This misconception can be valid, particularly when model-

lers have failed to develop a model that is appropriate to

the decision context. Other than improving modelling

practice, modellers should communicate that all models

are simplifications of reality, vary in detail and complexity

and need not accurately or faithfully represent reality to

be useful (Box, 1979; Starfield et al., 1990). It is important

to also highlight that individuals’ mental models, which

reflect their conceptual understanding of a decision-making

context, are also simplifications of reality and will differ

based on individual values, perspectives and biases (Ven-

nix, 1999; Biggs et al., 2011). This is particularly relevant

to discuss with decision-makers, as they too should realize

that their own perception of a decision-making context

will be subject to a number of assumptions and biases,

which may differ from the perceptions of others (Burgman

et al., 2011).

3. Data are insufficient for modelling, or data quantity/quality

will generate inaccurate predictions (Objections 6 and 7): A

lack of data does not preclude model building (Starfield

et al., 1990; Leung & Steele, 2013). Decisions are often based

on incomplete data, and models are able to use knowledge

in the form of structured expert judgement and/or empirical

data (Walters, 1986; Krueger et al., 2012). Models should

always reflect the constraints of the decision-making context

(Hajkowicz et al., 2009; Possingham, 2009), and modellers

must ensure that models do not make predictions that are

more accurate than the information used to build them. The

choice of modelling technique will also depend on whether

qualitative or quantitative predictions are required for the

decision context.

Improve modelling practice

Structured decision making (SDM) and adaptive manage-

ment (AM) can provide a sound foundation for improved

use of models in decision-making (Practical solution 2; Fig. 1;

Holling, 1978; Walters, 1986). These frameworks systemati-

cally incorporate participant values, objectives and knowledge

in decision-making (Keeney, 1996; Runge et al., 2011). SDM

frameworks utilize a broad suite of decision-analysis tools to

aid rigorous, transparent and logical decision-making, some

of which are listed in Fig. 1. AM is a form of SDM, required

when decisions are recurrent and hampered by critical

Figure 1 The Structured Decision

Making/Adaptive Management

framework (based on Walters (1986) and

Gregory et al. (2012), and adapted from

Wintle et al. (2011)). Dashed lines

indicate the additional stage and

feedback loops of Adaptive Management.

Details of the steps within each stage are

listed, and examples of modelling

techniques that can assist the decision-

making process are listed alongside each

stage.
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uncertainty, and aims to maximize management and learning

outcomes (Williams et al., 2009; Runge, 2011).

Problem formulation

Problem formulation involves appropriately framing a prob-

lem to account for the decision context, by including partici-

pant values and regulatory requirements (Practical solution

2i; Fig. 1; Keeney, 1994; Runge, 2011). This process should

involve developing clear objectives and feasible management

alternatives. This is a creative and iterative process to stimu-

late and clarify thinking about management objectives, con-

straints, threats/risks and their consequences (Keeney, 1994).

This is a critical step, as the objectives drive the rest of the

decision-making process (Keeney, 1996). Modellers should

be involved in problem formulation so that they have a clear

understanding of the decision context when developing their

model to evaluate management alternatives (see Model

consequences).

When modellers engage participants at this stage, they

enhance their prospects to address relevant environmental,

social, economic and political values, improve representation

of different conceptual understandings and facilitate a collec-

tive understanding of the problem (thus overcoming Objec-

tions 3 and 4; Sandker et al., 2010; Biggs et al., 2011). In

Figure 1, we provide some qualitative techniques that can be

used to elicit structured expert judgements to assist in prob-

lem formulation. We highlight the role of values-focused

thinking (Keeney, 1994) and conceptual models (visual qual-

itative models; Heemskerk et al., 2003) which assist with

clarifying participants’ thinking, promote exploration of indi-

vidual biases and assumptions of the decision context and

assist in developing a shared understanding of the problem.

For example, Sandker et al. (2009) conducted visioning exer-

cises with participants to explore future scenarios of the deci-

sion context, using conceptual models and participant’s

knowledge of historic events. This provided a foundation for

participants to develop objectives and explore management

alternatives in subsequent modelling steps.

Model consequences

The purpose of models is to explore the consequences of

management alternatives, in relation to the objectives identi-

fied in the problem formulation stage (Practical solution 2ii;

Walters, 1986; Williams et al., 2009). These are models of

cause-and-effect, which are often referred to as process, or

system models. Decisions often are made under severe uncer-

tainty. Typically, it is difficult to make these decisions subjec-

tively, as transparency of the decision-making process can be

compromised (Burgman et al., 2011). Both quantitative and

qualitative models can be used to represent existing knowl-

edge and identify, explore and resolve the critical uncertain-

ties that impact on management decisions (Ramsey &

Veltman, 2005; Rumpff et al., 2011; Runge et al., 2011). In

Figure 1, we highlight different modelling techniques that are

commonly used to model consequences. The choice of mod-

elling technique should depend on the available ecological

and management information, and whether qualitative or

quantitative predictions are required for the decision context.

Whilst informing and validating model parameters with

empirical data is ideal, a lack of empirical data does not

prohibit model building (Starfield et al., 1990). Structured

expert judgement, acquired from elicitation techniques, can

be used to provide estimates of model parameters and their

uncertainties or to supplement empirical data (Kuhnert

et al., 2010; Speirs-Bridge et al., 2010; Runge et al., 2011;

Krueger et al., 2012; Martin et al., 2012). Within AM,

models can be updated with new data from experimental

manipulation or from monitoring relevant system variables

under the existing management regime. Targeted knowledge

updating is particularly useful in resolving the impacts of

uncertainty on management decisions (Evaluation step and

Learning and Review feedback loops in Fig. 1; Williams

et al., 2009; Runge, 2011).

Modellers can improve the relevance of their model to the

decision context by involving the original participants

throughout the model building process. This will promote

shared understanding of the concepts of cause-and-effect

relationships underlying the system. Recognition that models

can appear logically unintuitive to participants without mod-

elling experience may prompt modellers to select a particular

modelling technique for specific circumstances. For example,

modellers may opt for techniques that retain the visual con-

ceptual model used to formulate the problem, such as Bayes-

ian Networks (Nyberg et al., 2006; Rumpff et al., 2011),

which allow direct translation of data into a quantitative

model format. Retaining this visual aspect can be useful to

highlight to participants the model’s information and

assumptions (Lynam et al., 2007), thus avoiding the percep-

tion that models are black boxes (Objection 5).

There are relatively few published examples that illustrate

the involvement of participants in modelling consequences,

followed by the clear implementation of a model in conser-

vation decision-making. Arguably the most well-known

example is the AM of Mallard ducks by the US Fish and

Wildlife Service, where managers were involved in the pro-

cess of structuring hypotheses and models to determine

appropriate harvest rates of waterfowl (Nichols et al., 2007).

Other examples include Irwin & Mickett Kennedy (2008)

and Lynam et al. (2010), who describe the process of engag-

ing participants in workshops to structure and parameterize

Bayesian Networks to support AM projects for river and

estuarine ecosystems. Runge et al. (2011) and Moore & Runge

(2012) also engaged managers in problem formulation and

elicitation of predictions of the consequences of management

alternatives, using expected value of information (EVOI)

analysis to assess the need for AM of critically endangered

species and invasive weeds, respectively.

Despite modellers’ best efforts, decision-makers may still

resist using model outputs for decision support. There can

be many reasons for this, including the influence of
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unspecified competing objectives, or the effect of emotionally

charged or highly politicized situations. Modellers may find

they have little influence in these situations (Lee, 1993).

However, in some such situations, a modeller may have the

opportunity to address competing objectives from partici-

pants that are revealed through the modelling process. Once

revealed, competing objectives can be used to reformulate

the problem and remodel consequences.

The modelling techniques we highlight in this section

cover a range of qualitative and quantitative approaches,

some of which are much more complex and resource inten-

sive than others. Most importantly modellers should realize

that a model is not an end in itself (Lynam et al., 2007);

rather, it should be used for decision support, and sit within

the constraints of the decision-making context (Hajkowicz

et al., 2009; Possingham, 2009). By choosing a model that is

fit-for-purpose, following a SDM framework, involving par-

ticipants and demonstrating the benefits of using models in

decision support, modellers will begin to overcome many

decision-makers’ preferences for unaided expert opinion over

models (Objection 1), doubts about modelling practice

(Objections 3–7) and model outputs (Objections 8–9).

Improve the social process of decision-making

A SDM framework provides an opportunity for active partic-

ipation, but on its own does not encompass the means of

mediating the social processes and dynamics of decision-

making (Cundill et al., 2012). Given that social aspects of

decision-making are not part of conventional scientific train-

ing (McNie, 2007), we discuss the importance of engaging

participants, improving communication and building trust.

Participatory decision-making, by engaging participants in

model building in workshops for example, has been shown

empirically to improve management decisions in three key

ways (Practical solution 3): (1) knowledge-management bene-

fits—participants contribute new information, ideas and

solutions which improve the quality of decisions (Beierle,

2002; Bijlsma et al., 2011), (2) social benefits—participants’

learning is enhanced, and they have a greater sense of owner-

ship of decisions, leading to greater social acceptance and

uptake of decisions (Wassen et al., 2011; Muro & Jeffrey,

2012), and (3) environmental benefits—through improved

conservation outcomes (Brody, 2003; Sultana & Abeyasekera,

2008).

Whilst the involvement of participants in the initial stages

of decision-making can promote buy-in to the modelling

process and decision outcomes (Stauffacher et al., 2008;

Sandker et al., 2009; Franzen et al., 2011), the mere inclusion

of participants is not enough. The participatory process must

also be effective (Raymond et al., 2010). For example, active

involvement of participants in formulating problems and

contributing to management decisions (as recommended in

Improve modelling practice) can improve the social benefits of

decision-making (Yaffee & Wondolleck, 2000; Beierle, 2002);

a balanced representation of participants (i.e. involving

experts from different disciplines and various stakeholder

groups) can improve social, knowledge-base and environ-

mental benefits of decision-making (Newig & Fritsch, 2009;

Arvai & Froschauer, 2010); and, involving participants with

prior knowledge or involvement in the decision context can

improve the knowledge-base of decisions (Alberts, 2007).

Modellers should be aware that participatory model build-

ing can become challenging when participants hold divergent

views (Vennix, 1999; Biggs et al., 2011) or when participants

believe they play dual roles in a decision-making context

(e.g. both an expert and stakeholder; Burgman, 2005). There

may be little that modellers can do to remedy such chal-

lenges through the model building process, although improv-

ing communication and building trust will help (see Improve

communication and Build trust). Decision-makers should also

play an active role in anticipating and facilitating such chal-

lenges from the outset. In general, modellers will be in a

position to highlight the benefits of using models in decision

support and to address the common objections to models

(Objections 1–9) when they actively engage participants in

decision-making.

Improve communication

Good communication is the foundation for effective engage-

ment, collaboration and the acceptance of management deci-

sions (Roux et al., 2006; Welp et al., 2006; Reed, 2008). Poor

communication, in contrast, can lead to detrimental environ-

mental outcomes. For example, the damaging biological

invasions mentioned earlier (e.g. Clark et al., 2001; Willms,

2010) might have taken a different course if early risk com-

munications were judiciously incorporated into decision-

making.

As noted above, various modelling techniques can assist in

mediating the decision-making process and thus ease com-

munication challenges (Fig. 1). In addition, Daniels & Walk-

er’s (2001) seven key competencies in communication can

help modellers gain a deeper understanding of what is

required to be a good communicator (Box 1; Practical solu-

tion 4i). Unsurprisingly, empirical evidence suggests that

one-way communication is less effective at engaging partici-

pants compared with two-way, face-to-face communication

(Borowski & Hare, 2007; Newig & Fritsch, 2009). Active lis-

tening and demonstrating respect, openness, honesty and

understanding also create more constructive interactions

(Lewis & Relnsch, 1988; Tuler & Webler, 1999).

Modellers should seek specialist training in communica-

tion or employ a skilled facilitator, when communication

skills to competently engage participants are lacking (Practi-

cal solution 4ii; Daniels & Walker, 2001; Gibbons et al., 2008;

Reed, 2008). Some useful guidelines for group facilitation

can be found in Robinson (2005) and NOAA (2007), and

see Franco & Montibeller (2010) for guidelines on facilitated

modelling techniques from the field of Operational Research.

Cash et al. (2006) recommend that people who are known

and trusted by decision-makers and stakeholders are the
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most effective facilitators. Conversely, empirical evidence

suggests that facilitators should be independent of the deci-

sion-making organization and modeller (Mostert et al.,

2007). Modellers and decision-makers should assess the suit-

ability of different facilitators on a case-by-case basis.

Communicating model outputs is a crucial aspect of par-

ticipant engagement (Cash et al., 2006; Borowski & Hare,

2007). Modellers should be able to pitch their message to

different audiences, catering to different levels of technical

experience (Anderson, 2001; Lach et al., 2003). Brief outputs

written in accessible/plain language are effective for commu-

nicating with nonscientific audiences (Practical solution 4iii;

Janse, 2008). Modellers should practise creative communica-

tion of model outputs, such as storytelling, where images,

scenarios and personal narratives are used to resonate with

participants and give them a broad understanding of the

decision context, regardless of their prior knowledge of the

system (Practical solution 4iv; Moser & Dilling, 2004; Marx

et al., 2007; Somerville & Hassol, 2011).

By investing time in communicating well with partici-

pants, modellers will provide participants with a genuine

opportunity to contribute to the model building process.

Practising good communication will also give modellers an

opportunity to highlight the relevance of their role in deci-

sion-making, promote the acceptance of model outputs and

assist with dispelling many of the common objections to

models (Objections 1–9).

Build trust

Trust is an essential element of effective decision-making. A

lack of trust can be damaging. For example, a lack of mutual

trust between scientists and managers was blamed for the

failure of conservation efforts for the Iberian lynx (Palomares

et al., 2011).

To build trust, a modeller should demonstrate their pro-

fessional credibility and that of their modelling technique

(Moser & Dilling, 2004). Effective communication at the

early stages of a project is crucial. Investing time in frequent

personal contact, such as face-to-face meetings, telephone

calls and emails, will help modellers foster interpersonal

ties (Practical solution 5i; Gibbons et al., 2008; Janse, 2008).

During such interactions, modellers should demonstrate their

professional candour, an awareness of political sensitivities,

the relevance of their model to the decision context and a

willingness to change and adapt their approach to a problem

(Gibbons et al., 2008; Lusiana et al., 2011). In particular, a

modeller should not allow their values to influence the essen-

tial objectivity of their work (Krueger et al., 2012). Such

honest brokering is crucial for modellers to build and main-

tain trust with decision-makers (Pielke, 2007), but can be

very challenging as modellers who work closely with

decision-makers are bound to form value judgments about

the decisions in which they are involved.

As we have mentioned, simply involving participants in

the decision-making process will not guarantee success, nor

will it guarantee trust in modellers. To build trust, modellers

should carefully address the following three perceptions: (1)

participants’ perception—that participant involvement is

merely a token gesture (Voinov & Bousquet, 2010), (2)

experts’ and decision-makers’ perception—’lay’ stakeholder

opinions are untrustworthy and undermine the scientific

credibility of management decisions and should not be given

equal weight to ‘expert’ views (Treffny & Beilin, 2011), and

(3) decision-makers’ perception—participation of external

stakeholders may delay or even halt a decision (Bergh€ofer,

2007). Trust between participants and modellers can be

deepened by addressing such perceptions directly and openly

and by engaging participants in active group decision-mak-

ing where genuine opportunities for involvement and collab-

oration are promoted (Practical solution 5ii; Sultana &

Abeyasekera, 2008; Eden, 2011). Finally, trust can be deep-

ened between modellers and the wider community (those

not actively involved in the decision-making process), by

actively communicating the outcomes of the decision-making

process (Practical solution 5iii; Arvai & Froschauer, 2010).

By maintaining effective interactions and using models

suitable for the decision context, modellers can begin to gain

trust from participants. Once trust is established, modellers

will be in a much better position to dispel many of the

common objections to models (Objections 1–9).

CONCLUSION

In this article, we have provided practical solutions for mod-

ellers to help improve the effectiveness and relevance of their

work in conservation decision-making. We challenge model-

lers to view their contribution to decision-making as only

Box 1: Seven key competencies in communi-

cation (adapted from Daniels & Walker

(2001)).

1 Active listening to demonstrate respect and to be

exposed to others’ views.

2 Questioning and clarification to elicit and share infor-

mation and to build an understanding of others views,

preferences and positions for representation in models.

3 Feedback to enhance a learning process and focus

discussion on matters of substance, relationships or

procedure.

4 Self-monitoring to heighten awareness of our own

behaviour and its effect on others (e.g. being sensitive

to cultural, identity and relational differences).

5 Dialogue to develop shared understanding. This involves

open two-way communication, where all parties suspend

judgment, and actively and empathetically listen.

6 Model constructive communication behaviour to serve as

an example for others to replicate.

7 Collaborative/constructive argument to pool the knowl-

edge and analytical skills of all parties and to deepen

and transform individual knowledge.
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one of many tools for decision support. We reiterate the

importance of using a SDM framework to guide good mod-

elling practice and to ensure that models incorporate a deep

understanding of the decision context. We highlight a variety

of modelling techniques that can be used to support deci-

sion-making and encourage modellers to select models that

are both relevant to the decision context and that will engage

participants with varying levels of technical experience. We

emphasize the importance of participatory decision-making,

in which decision-makers, stakeholders and experts are

involved in all stages of the modelling process. Involvement

of participants in model building will promote a clearer col-

lective understanding of a problem and can improve the

knowledge-base and social acceptance of decisions and facili-

tate better environmental outcomes. Finally, we suggest mod-

ellers develop skills in communication and trust-building to

develop rapport with participants and anticipate and create

opportunities to dispel common objections to using models

in conservation decision-making.

The practical solutions outlined here represent a vision for

the use of models in an applied context. We hope that our rec-

ommendations help broaden the use of models, forging deeper

and more appropriate linkages between science and manage-

ment for the improvement of conservation decision-making.
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APPENDIX 4: Equations required to construct control charts 

(Appendix to Chapter 5) 

Table 1. Baseline population estimates used to construct control limits (following 

Montgomery (2009)). 

Baseline population estimate Equation 

Baseline population mean (�̿�; the average of subgroup means) 
�̿� =  

1

𝑚
 ∑ �̅�𝑖

𝑚

𝑖=1

 

Baseline population standard deviation (�̅�; the average of the within-subgroup 

standard deviations) �̅� =  
1

𝑚
 ∑ 𝑠𝑖

𝑚

𝑖=1

 

Baseline population range (�̅�; the average of the within-subgroup range) 
�̅� =  

𝑅1 +  𝑅2 … +  𝑅𝑚

𝑚
 

Baseline population fraction non-conforming (�̅�; the average of the within-

subgroup fraction non-conforming) �̅� =  
1

𝑚𝑛
 ∑ 𝐷𝑖

𝑚

𝑖=1

 

Baseline population of nonconformities (𝑐̅; the average of the within-subgroup 

nonconformities) 𝑐̅ =  
1

𝑚
∑ 𝑐𝑖

𝑚

𝑖=1

  

Baseline population of nonconformities (𝑢; the average of the within-subgroup 

nonconformities) �̅� =  
1

𝑚
∑ 𝑢𝑖

𝑚

𝑖=1

  

where �̅�𝑖 is the average of each subgroup, 𝑠𝑖 is the standard deviation of each subgroup, Ri is the range of each 

subgroup, Di is the number of nonconforming units in each subgroup (of size n), ci and ui are the number of 

nonconformities in each subgroup (used for the 𝑐̅ chart and �̅� chart respectively), and m is the number of subgroup 

observations made in the baseline population. 



 

208 

Table 2. Control limit construction for variable and attribute charts (following Montgomery (2009)). 

Name Equationi Definition 

𝒙 chart  
�̅� chart CLs = �̿� ±

𝐿�̅�

𝑐4√𝑛

 
Control limits based on the baseline population standard deviation (typically constructed for larger subgroup sample 

size (i.e., n > 5)). Where �̿� is the baseline population mean (see Table 1), �̅� is the baseline population standard deviation 

(see Table 1), L is the number of standard deviation units of the control limit (e.g., for a 3 control limit, L = 3), n is the 

subgroup sample size, and c4 is an unbiased estimator of the true population standard deviation (see Table 3). 

 �̅� chart 3σ CL = �̿� ±  𝐴2�̅� Control limits based on the baseline population range (typically constructed for smaller subgroup sample size (i.e., n < 

5). Where �̿� is the baseline population mean (see Table 1), �̅� is the baseline population range (see Table 1), and A2 is an 

unbiased estimator that accounts for the subgroup sample size (n) and is used to calculate the 3 control limit (see Table 

3). 

R chart  𝑅 chart upper 3σ CL =  𝐷4�̅� 

𝑅 chart lower 3σ CL =  𝐷3�̅� 

Control limits based on the baseline population range. Where �̅� is the baseline population range (see Table 1), and D3 

and D4 are unbiased estimators that account for the subgroup sample size (n) and are used to calculate the 3 control 

limit (see Table 3). 

s chart  𝑠 chart upper 3σ CL = 𝐵4�̅� 

𝑠 chart lower 3σ CL = 𝐵3�̅� 

Control limits based on the baseline population standard deviation. Where �̅� is the baseline population standard 

deviation (see Table 1), and B3 and B4 are unbiased estimators that account for the subgroup sample size (n) and are 

used to calculate the 3 control limit (see Table 3). 

p charts  

𝑝 chart 3σ CLs = �̅� ±  3√
�̅�(1 − �̅�)

𝑛
 

Control limits based on the variation in the fraction of nonconforming units within baseline subgroups. Where �̅� is the 

average fraction of nonconforming units per subgroup from the baseline population (see Table 1), and n is the subgroup 

sample size at each time point. If n varies, the average subgroup sample size (�̅�) or individual sample size ni can be 

used at each time point to calculate the control limits. 

c chart 𝑐 chart 3σ CLs = 𝑐̅ ±  3√𝑐 ̅

 

Control limits based on the variation in the number of nonconformities within baseline subgroups. Where 𝑐̅ is the 

average number of nonconforming units per subgroup from the baseline population (see Table 1). c charts require a 

constant sample size to be maintained throughout the monitoring program. If the sample size varies through the 

monitoring program, then a u chart can be used instead (see below). 

u chart 

𝑢 chart 3σ CLs = �̅� ±  3√
�̅�

𝑛𝑖

 

Control limits based on the variation in the number of nonconformities within baseline subgroups. Where �̅� is the 

average number of nonconforming units per subgroup from the baseline population (see Table 1), and ni is the subgroup 

sample size collected at each time point. 

i The control limit formulas for the �̅�, R and s charts include factors that are referred to as “unbiased estimators”, which adjust the estimates of the control limits to account for 

subgroup sample size (Table 3). These factors are recommended by Montgomery (2009) to provide more accurate estimates of the population standard deviation when constructing 

traditional control limits. 
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Table 3. Factors for constructing control limits for variable control charts (for full 

Table see Montgomery (2009), Appendix VI, p 702). 

𝒙 chart 

Factor for 

control limits 

R chart 

Factors for 3σ 

control limits 

s chart 

Factors for 3σ 

control limits 

Subgroup 

sample size (n) 
c4 D3 D4 B3 B4 

2 0.7979 0.000 3.2670 0.000 3.267 

3 0.8862 0.000 2.5750 0.000 2.568 

4 0.9213 0.000 2.2820 0.000 2.266 

5 0.9400 0.000 2.1150 0.000 2.089 

6 0.9515 0.000 2.0040 0.030 1.970 

7 0.9594 0.076 1.9240 0.118 1.882 

8 0.9650 0.136 1.8640 0.185 1.815 

9 0.9693 0.184 1.8160 0.239 1.761 

10 0.9727 0.223 1.7770 0.284 1.716 

15 0.9823 0.347 1.6530 0.428 1.572 

20 0.9869 0.415 1.5850 0.510 1.490 

25 0.9882 0.459 1.5410 0.565 1.435 
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Table 4. Control limit construction for CUSUM and EWMA charts (following Montgomery (2009)). 

Name Equation Definition 

CUSUM chart CUSUM control limits =  ±𝐻 Control limits based on a cumulative deviation from the baseline population mean. Where H is the 

decision interval (H = h)i. CUSUM charts can be used for monitoring subgroup means (n > 1) or 

individual observations (n = 1). 

EWMA chart EWMA control limits = 

�̿� ±  𝐿
�̅�

√𝑛
√

𝜆

(2 − 𝜆)
[1 − (1 − 𝜆)2𝑖] 

Control limits based on the baseline population mean. Where �̿� is the baseline population mean (see 

Table 1), �̅� is the baseline population standard deviation (see Table 1), n is the subgroup sample 

size, L is the width of the control limits, λ is a weighting factor (considered the memory of the 

moving average), and i is the sampling occasion (e.g., time step 3, i = 3).ii As the EWMA chart has 

been running for several time periods, the control limits will approach a steady value. EWMA 

charts can be used for monitoring subgroup means (n > 1) or individual observations (n = 1).  

Fast initial response control limits = 

�̿� ±  𝐿
�̅�

√𝑛
𝐹𝐼𝑅𝑎𝑑𝑗  √

𝜆

(2 − 𝜆)
[1 − (1 − 𝜆)2𝑖] 

where the fast initial response adjustment is defined as (Steiner, 1999): 

𝐹𝐼𝑅𝑎𝑑𝑗 = 1 − 𝑓1+𝑎(𝑡−1)

Modified fast initial response control limits = 

�̿� ± 𝐿
�̅�

√𝑛
𝑀𝐹𝐼𝑅𝑎𝑑𝑗√

𝜆

(2−𝜆)
[1 − (1 − 𝜆)2𝑖] 

where the modified fast initial response adjustment is defined as (Haq et al., 2013): 

𝑀𝐹𝐼𝑅𝑎𝑑𝑗 = {1 − 𝑓1+𝑎(𝑡−1)}
1+

1
𝑡

i To detect a small shift (1) in the process mean, the recommended values for h are 4–5 when k = 0.5 (Montgomery, 2009). 

ii To select values for L and , decision-makers must first specify the magnitude of the process shift (in  units) they wish to detect and choose the desired performance of the 

EWMA chart in relation to Type I and II error rates (Lucas & Saccucci, 1990; Neubauer, 1997; Montgomery, 2009). Values between 0.05 to 0.25 for  and 2.6 to 2.8 for L are 

recommended to detect to detect shifts <1.5 in the process mean (Lucas & Saccucci, 1990; Montgomery, 2009). 
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Table 5. Control chart plotted sample statistics (following Montgomery (2009)). 

Name Equation Definition 

𝒙 chart �̅�𝑖 The mean of each subgroup. 

R chart 𝑅𝑖 The range of each subgroup. 

s chart 𝑠𝑖 The standard deviation of each subgroup. 

p charts 𝐷𝑖/𝑛 The fraction non-conforming within each subgroup (i.e., the number of nonconformities (𝐷𝑖) divided by

the subgroup sample size (n). 

c charts ci The number of nonconformities within each subgroup (when n is constant). 

u chart ui The number of nonconformities within each subgroup (when n varies). 

CUSUM chart 𝐶𝑖
+ = max[0, �̅�𝑖 − (�̿� + 𝐾) + 𝐶𝑖−1

+ ] 

𝐶𝑖
− = max[0, (�̿� − 𝐾) − �̅�𝑖 + 𝐶𝑖−1

− ] 

The positive and negative cumulative sums (𝐶𝑖
+ and Ci

− respectively). Where �̿� is the baseline population

mean (see Table 1) or the target mean (𝜇0), �̅�𝑖 is the mean of each sampling occasion and 𝐶𝑖−1
+  and 𝐶𝑖−1

−

are the positive and negative cumulative sums of the previous sampling occasion. K is the reference value 

and is often selected to lie halfway between the baseline population mean and the out of control value of 

the mean that decision-makers are interested in detecting quickly (so that K = k; Montgomery, 2009). 

EWMA chart 𝑧𝑖 = �̅�𝑖 +  (1 − )zi−1 The exponentially weighted moving average (𝑧𝑖). Where λ is a weighting factor (considered the memory

of the moving average) that has a value between 0 and 1. The smaller the value of λ, the greater influence 

past data will have on 𝑧𝑖. �̅�𝑖  is the mean of each time step and 𝑧𝑖−1 is the exponentially weighted moving

average from the previous time step. The starting value (required with the first sample i = 1) is estimated 

from the baseline population mean of an “in control” process (𝑧0 = �̿�).
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APPENDIX 5: �̅� and EWMA control chart summary 

(Appendix to Chapter 5) 

�̅� control chart summary 

Table 1. �̅� chart calculations including an example time-series dataset generated

from the simulated populations under different disturbance regimes. 

Year i 2 

control 

limit1 

3 

control 

limit2 

Population 

Popn. 1 

𝒙𝒊

Popn. 2 

𝒙𝒊

Popn. 3 

𝒙𝒊

Popn. 4 

𝒙𝒊

Popn. 5 

𝒙𝒊

1 51.0 41.8 66.4 24.0 66.4 66.4 66.4 

2 51.0 41.8 66.4 24.0 66.4 63.4 66.4 

3 51.0 41.8 65.4 23.0 65.4 59.3 65.4 

4 51.0 41.8 70.0 27.5 70.0 60.9 70.0 

5 51.0 41.8 80.6 38.2 80.6 68.5 80.6 

6 51.0 41.8 67.4 24.9 67.4 52.2 67.4 

7 51.0 41.8 60.0 17.6 60.0 41.9 60.0 

8 51.0 41.8 77.6 35.2 35.2 56.4 61.1 

9 51.0 41.8 63.1 20.6 20.6 38.8 55.8 

10 51.0 41.8 73.4 31.0 31.0 46.1 49.5 

11 51.0 41.8 67.8 25.3 25.3 37.4 48.8 

12 51.0 41.8 55.7 13.3 13.3 22.4 54.1 

13 51.0 41.8 66.0 23.6 23.6 29.7 35.5 

14 51.0 41.8 76.2 33.7 33.7 36.8 22.9 

15 51.0 41.8 64.6 22.2 22.2 22.2 35.2 

1 2 control limit calculated using equation 3, Box 5.1, where �̿� = 70.4, �̅� = 20.1, n = 5, 

c4 = 0.94 and L = 2 
2 3 control limit calculated using equation 3, Box 5.1, where �̿� = 70.4, �̅� = 20.1, n = 5, 

c4 = 0.94 and L = 3 
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Figure 1. The five H. banksii populations showing different disturbance responses, 

presented on the �̅� control chart. The average percentage cover (blue line) and 

the 95% confidence intervals (blue shading) of the 1,000 replicate time-series 

datasets is shown for each population. The control limits of the �̅� control chart 

are: the 2 lower control limit (dashed line), 3 lower control limit (dotted 

line).  
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Exponentially weighted moving average (EWMA) control charts 

summary 

Table 2. EWMA ( = 0.05, L = 2.30) chart calculations including an example time-series 

dataset generated from the simulated populations under different disturbance 

regimes. 

Year 

i 

Lower 

control 

limit1

FIR 

lower 

control 

limit2

MFIR 

lower 

control 

limit3

Population

Popn. 1 

zi
4 

Popn. 2 

zi
4 

Popn. 3 

zi
4 

Popn. 4 

zi
4 

Popn. 5 

zi
4 

1 69.4 69.9 70.2 70.2 68.1 70.2 70.2 70.2 

2 69.0 69.6 69.8 70.0 65.9 70.1 69.9 70.0 

3 68.7 69.3 69.4 69.8 63.8 69.8 69.4 69.8 

4 68.5 69.0 69.1 69.8 61.9 69.8 68.9 69.8 

5 68.3 68.8 68.9 70.4 60.8 70.4 68.9 70.4 

6 68.2 68.6 68.7 70.2 59.0 70.2 68.1 70.2 

7 68.1 68.4 68.5 69.7 56.9 69.7 66.8 69.7 

8 68.0 68.3 68.3 70.1 55.8 68.0 66.3 69.3 

9 67.9 68.1 68.1 69.8 54.1 65.6 64.9 68.6 

10 67.8 68.0 68.0 69.9 52.9 63.9 63.9 67.6 

11 67.7 67.9 67.9 69.8 51.5 61.9 62.6 66.7 

12 67.7 67.8 67.8 69.1 49.6 59.5 60.6 66.1 

13 67.6 67.7 67.7 69.0 48.3 57.7 59.1 64.5 

14 67.6 67.7 67.7 69.3 47.6 56.5 57.9 62.5 

15 67.5 67.6 67.6 69.1 46.3 54.8 56.2 61.1 

1 Lower control limit calculated using equation 4, Box 5.1, where �̿� = 70.4, �̅� = 20.1, n = 

5,  = 0.05 and L = 2.30 
2 FIR lower control limit calculated using equation 5, Box 5.1, where f = 0.5, a = 0.3, �̿� 

= 70.4, �̅� = 20.1, n = 5,  = 0.05 and L = 2.30 
3 MFIR lower control limit calculated using equation 6, Box 5.1, where f = 0.5, a = 0.3, 

�̿� = 70.4, �̅� = 20.1, n = 5,  = 0.05 and L = 2.30 
4 The exponentially weighted moving average (𝑧𝑖) is calculated using equation 9, Box

5.1, where  = 0.05, z0 = �̿� = 70.4 and the observed mean is xi (Table 1) 
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Figure 2. The five H. banksii populations showing different disturbance responses, 

presented on the EWMA ( = 0.05, L = 2.30) control chart. The mean percent 

cover of H. banksii at each time step was modified to represent an 

exponentially weighted moving average using the weighting factor  = 0.05 

(following equation in Table 5 of Appendix 4). The mean (blue line) and the 

95% confidence intervals (blue shading) of the 1,000 replicate time-series 

datasets is shown for each population. The EWMA control limits are: the 

lower control limit (long-dashed line), the fast initial response lower control 

limit (dashed line) and the modified fast initial response lower control limit 

(dotted line). 
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Table 3. EWMA ( = 0.25, L = 2.75) chart calculations including an example time-series 

dataset generated from the simulated populations under different disturbance 

regimes. 

Year 

i 

Lower 

control 

limit1 

FIR 

lower 

control 

limit2 

MFIR 

lower 

control 

limit3 

Population 

Popn. 1 

zi
4

Popn. 2 

zi
4

Popn. 3 

zi
4

Popn. 4 

zi
4

Popn. 5 

zi
4

1 64.3 67.3 68.9 69.4 58.8 69.4 69.4 69.4 

2 62.7 65.9 66.9 68.7 50.1 68.7 67.9 68.7 

3 62.0 64.8 65.5 67.9 43.3 67.9 65.8 67.9 

4 61.6 64.0 64.4 68.4 39.4 68.4 64.6 68.4 

5 61.4 63.3 63.7 71.4 39.1 71.5 65.5 71.4 

6 61.3 62.9 63.1 70.4 35.5 70.4 62.2 70.4 

7 61.2 62.5 62.7 67.8 31.0 67.8 57.1 67.8 

8 61.1 62.2 62.4 70.3 32.1 59.7 56.9 66.1 

9 61.1 62.0 62.1 68.5 29.2 49.9 52.4 63.6 

10 61.1 61.8 61.9 69.7 29.7 45.2 50.8 60.0 

11 61.1 61.7 61.7 69.2 28.6 40.2 47.5 57.2 

12 61.1 61.6 61.6 65.8 24.8 33.5 41.2 56.4 

13 61.1 61.5 61.5 65.9 24.5 31.0 38.3 51.2 

14 61.1 61.4 61.4 68.5 26.8 31.7 37.9 44.1 

15 61.1 61.4 61.4 67.5 25.6 29.3 34.0 41.9 

1 Lower control limit calculated using equation 4, Box 5.1, where �̿� = 70.4, �̅� = 20.1, n = 

5,  = 0.25 and L = 2.75 
2 FIR lower control limit calculated using equation 5, Box 5.1, where f = 0.5, a = 0.3, �̿� 

= 70.4, �̅� = 20.1, n = 5,  = 0.25 and L = 2.75 
3 MFIR lower control limit calculated using equation 6, Box 5.1, where f = 0.5, a = 0.3, 

�̿� = 70.4, �̅� = 20.1, n = 5,  = 0.25 and L = 2.75 
4 The exponentially weighted moving average (𝑧𝑖) is calculated using equation 9, Box

5.1, where  = 0.25, z0 = �̿� = 70.4 and the observed mean is xi (Table 1) 
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Figure 3. The five H. banksii populations showing different disturbance responses, 

presented on the EWMA (= 0.25, L = 2.75) control chart. The mean percent 

cover of H. banksii at each time step was modified to represent an 

exponentially weighted moving average using the weighting factor  = 0.25 

(following equation in Table 5 of Appendix 4). The mean (blue line) and the 

95% confidence intervals (blue shading) of the 1,000 replicate time-series 

datasets is shown for each population. The EWMA control limits are: the 

lower control limit (long-dashed line), the fast initial response lower control 

limit (dashed line) and the modified fast initial response lower control limit 

(dotted line). 
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APPENDIX 6: Workshop feedback from participants 

(Appendix to Chapter 6) 

Table 1. Aspects of the workshop that participants thought worked well. Presented as a 

percentage of all responses provided by eight participants. 

Aspect of the workshop Percentage 

of responses 

The workshop was well organised and facilitated 75.0 

Workshop catering 37.5 

All of the group activities and discussion 25.0 

Group discussion and definition of management alternatives (step 2) 25.0 

Table 2. Aspects of the workshop that participants found challenging. Presented as a 

percentage of all responses provided by eight participants. 

Aspect of the workshop Percentage 

of responses 

Providing quantitative consequence estimates (step 4) 62.5 

Providing value judgments to trade-off objectives (step 4) 25.0 

Group discussion and definition of management alternatives (step 2) 12.5 

The time required for the workshop 12.5 
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