
How well do conservation auctions perform in achieving
landscape‐level outcomes? A comparison of auction formats and
bid selection criteria

Author
Iftekhar, MS, Latacz#Lohmann, U

Published
2017

Journal Title
Australian Journal of Agricultural and Resource Economics

Version
Accepted Manuscript (AM)

DOI

10.1111/1467-8489.12226

Rights statement
© 2017 Australian Agricultural and Resource Economics Society Inc.. This is the peer reviewed
version of the following article: How well do conservation auctions perform in achieving
landscape#level outcomes? A comparison of auction formats and bid selection criteria†,
Australian Journal of Agricultural and Resource Economics, Volume 61, Issue 4, Pages 557-575,
which has been published in final form at https://doi.org/10.1111/1467-8489.12226. This article
may be used for non-commercial purposes in accordance with Wiley Terms and Conditions for
Self-Archiving (http://olabout.wiley.com/WileyCDA/Section/id-828039.html)

Downloaded from
http://hdl.handle.net/10072/391565

Griffith Research Online
https://research-repository.griffith.edu.au

http://dx.doi.org/10.1111/1467-8489.12226
http://hdl.handle.net/10072/391565
https://research-repository.griffith.edu.au


1 
 

How well do conservation auctions perform in achieving landscape level outcomes? A 

comparison of auction formats and bid selection criteria 

Abstract 

This paper studies the performance of alternative auction design features (i.e., pricing mechanism and 

bid selection criteria) for securing wildlife zones across different holdings. We compare two pricing 

mechanisms: a discriminatory-price auction and a uniform-price ascending auction, and four bid 

selection criteria on the basis of: total bid, bid-per-value ratio, bid-per-area ratio and a mixed criterion 

where bids are formed on the basis of cost but they are selected based on the bid-per-value ratio. We 

develop a best-response group-bidding model for a discriminatory-price auction where bidders form 

optimal group bids for individual wildlife zones. In the uniform-price ascending auction, individual 

landholders respond to prices which are successively raised by the auctioneer and whenever all the 

landholders from a single zone agree to participate (i.e., the first zone is formed) the auction stops. 

Based on numerical simulations using a bio-economic model of malleefowl conservation, we observe 

that the discriminatory-price auction is more cost-effective than the uniform-price ascending auction. 

However, the budgetary cost-effectiveness of a discriminatory-price auction is sensitive to bidder 

uncertainty about the number of competing bidder groups and the highest cost of establishing a 

wildlife zone among these groups. In terms of bid selection, the mixed bid selection criterion performs 

best. We discuss the policy implications of these findings. 

Key words: Conservation auction; discriminatory-price auction; uniform-price auction; environmental 

service payments; group bidding; landscape auction  

JEL Classification: Q24, Q28, D47 
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1. Introduction 

As habitat fragmentation and degradation of the natural environment are occurring the need to protect 

nature on private farmland is rapidly increasing (Michael et al. 2014). To achieve better ecological 

outcomes often coordinated actions by multiple landholders are required. Improvement of 

environmental problems like salinity intrusion or nitrate pollution also requires joint actions by 

multiple landholders. Establishment of wildlife corridors in fragmented landscape is another area 

which requires coordinated actions across multiple holdings (Rolfe et al. 2008; Morse et al. 2009; 

Windle et al. 2009).  

To engage with private landholders, market-based instruments such as conservation auctions (or 

tenders) have been used in many countries such as Australia, USA and Canada. The Conservation 

Reserve Program (CRP) of USDA is one of the early programs to use an auction-based mechanism. In 

Australia, BushTender, EcoTender and the Auction for Landscape Recovery are some prominent 

examples (Stoneham et al. 2003; Whitten et al. 2007). There are also some recent examples of testing 

auction-based mechanisms in developing countries (Jack et al. 2009; Ajayi et al. 2012). Application 

of an auction-based mechanism for securing environmental services is attractive as it helps to discover 

market (supply) prices for non-market environmental goods and services. In addition, if the auction is 

competitive, it can improve the cost-effectiveness of environmental programs. However, the 

performance of a conservation auction depends on its design. 

Most of the work on conservation auction design has focused on standard auctions where bidders 

submit individual bids to an environmental agency which then selects bids from the lowest upward 

until a given budget is exhausted. This is commonly known as a budget-constrained auction where the 

auctioneer aims to maximize environmental value with a given budget. In a target-constrained 

auction, by contrast, the agency aims to secure a given environmental target at minimum budgetary 

cost. In this paper, we study a target-constrained auction where the objective of the agency is to secure 

a single wildlife zone which consists of land from multiple holdings. Such an auction would be 

suitable to capture ecological synergies among different landholdings within a zone. More precisely, 

we investigate the performance of alternative auction design features (i.e., pricing mechanism and bid 
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selection criteria) for securing wildlife zones across different holdings. In essence, we compare two 

pricing mechanisms: discriminatory-price and a uniform ascending price, and four bid selection 

criteria: based on total bid, based on bid-per-value ratio, based on bid-per-area ratio and a mixed 

criterion where bids are formed on the basis of total cost but the winning bid is selected on the basis 

of its bid-value ratio. The different bid selection criteria represent scenarios with different amounts of 

information available to landholders and the agency. We assess the performance of these auction 

design features against two criteria: budgetary cost-effectiveness and economic cost-effectiveness. 

The first criterion is concerned with how much the environmental agency has to pay on average to 

secure one unit of environmental service; the second criterion measures the average farm-level costs 

of supplying a unit of service. Due to rent seeking behaviour these two criteria do not always 

correspond to each other. 

Various aspects of landscape-scale auctions have been explored in the literature. For example, Rolfe 

et al. (2009) and Windle et al. (2009) studied whether running multi-round auctions facilitate the 

formation of wildlife corridors. The mechanism was designed to achieve landscape connectivity. They 

observed that most of the connectivity benefits were realized in the first few rounds. Reeson et al. 

(2011) tested the performance of a ‘lock in’ rule in improving coordination. Banerjee et al. (2015) 

studied whether releasing information about the agency’s spatial environmental goals improves 

auction performance or not. They observed that additional information has a negative impact on the 

cost-effectiveness of the auction. Recently, Fooks et al. (2016) studied the individual and joint effects 

of network bonuses and spatial targeting. They observed that spatial targeting improves auction 

outcomes whereas network bonuses have a negative impact. 

The pricing format is a key element of conservation auction design (Hanley et al. 2012). The most 

common pricing format used in conservation auctions is a sealed-bid, discriminatory-price mechanism 

where successful bidders receive their bid. See Latacz-Lohmann and Hamsvoort (1997) for a seminal 

model of optimal bidding in discriminatory-price auctions with a given budget. In such auctions, rent 

seeking through bid shading is a common phenomenon. However, a discriminatory-price auction 
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might be easier to understand by the bidders and easier to implement than a uniform-price auction 

(Brown et al. 2011).   

In a uniform-price auction, all winning bidders receive the same pay-off, which is either the lowest 

rejected bid or the highest accepted bid. There are some examples of the application of uniform-price 

auctions such as in Canada (Brown, Troutt et al. 2011) and Indonesia (Jack, Leimona et al. 2009). 

Auction theory has established that truth-telling is the dominant bidding strategy in uniform-price 

auctions (Cramton 1998). However, this strategy may not always be obvious to the bidders and high-

cost bidders may be reluctant to participate in a uniform-price auction (Latacz-Lohmann and Schilizzi 

2005). There are some comparative analyses of the price discriminating and the uniform pricing 

formats. For example, Krawczyk et al. (2016) studied the role of auction formats in achieving 

landscape outcomes using laboratory experiments. They observed that the discriminatory-price 

auction performed better than the uniform-price auction as it allowed better coordination among 

landholders. However, the studies so far concentrated on behaviour and performance of individual 

bidders. Without proper analysis, it is hard to tell which pricing method should be applied in a 

landscape auction which could involve both group as well as individual bidding.   

Similarly, there is limited discussion on which type of bid selection criteria should be used for a 

landscape auction. Previously, Iftekhar and Tisdell (2014) compared the performance of net benefit 

and benefit-cost ratio bid selection criteria in a lab experiment setting. They observed that there was 

not much difference between the two criteria in terms of aggregate outcomes. However, their model 

assumed that the bidders knew the environmental value of their respective wildlife corridors perfectly. 

In reality, landholders are more likely to have limited information about the environmental benefits of 

their lands. It is even more unlikely in a landscape auction where individual landholders have to know 

the environmental values of the zones they could be part of.  

Therefore, we have tested four bid selection criteria: based on (1) total bid, (2) bid-per-value ratio, (3) 

bid-per-area ratio and (4) a mixed scenario where bids are formed based on total cost and selected 

based on bid-per-value ratio. These represent information scenarios. The first selection criterion 
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assumes that landholders do not know the environmental values of the ecological zones and that the 

agency does not use this information for bid selection either. By contrast, the bid-per-value ratio 

selection is the most information-intensive criterion: it assumes that both landholders and the agency 

know the biodiversity value of the individual zones and use this information to form their bids, 

respectively select the winning bid. The bid-per-area ratio criterion considers land area as a proxy of 

biodiversity value. Finally, the last criterion reflects the situation where bids are assessed based on the 

ratio of $/biodiversity benefit (i.e. a bid-per-value ratio), but landholders are not knowledgeable of the 

conservation benefits1. Contrasting these four selection criteria would inform us as to which types of 

mechanisms are more sensitive to the availability of environmental value information. Comparing 

these design features will contribute to the development of more cost-effective and robust landscape 

auction designs. 

To compare the pricing mechanisms and bid selection criteria we first develop a best-response group-

bidding model for a discriminatory-price landscape auction and then conduct simulation experiments 

to compare different pricing formats and bid selection criteria using a bio-economic model. If a design 

does not perform well in the simulations it is highly unlikely that it will perform well in more 

complex situations, such as in economic experiments or in the field. Simulation experiments make it 

possible to assess the performance of an auction design under a wide range of scenarios. Outcomes for 

different design aspects are then systematically compared and evaluated.  

2. Conceptual framework 

The two auction mechanisms and four bid selection criteria are tested in the context of a landscape 

conservation program where the objective of the auctioneer is to select an ecological zone (which 

consists of a certain number of suitable sites from different holdings) at minimum cost. In a 

discriminatory-price auction, landholders from the same zone form a joint group bid2. In a uniform-

                                                           
1 We thank the Editor for suggesting this option. 
2 An alternative would have been to allow individual bids to be submitted and potential site synergies to be 

considered in the bid selection process. However, such a scheme would run the risk of not securing an adequate 

number of sites and failing to select bid combinations that maximize outcomes including ecological interactions 
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price ascending auction, individual landholders respond to the increasing price offer, and as soon as 

all the landholders from a zone agree to the program, the auction stops and winning landholders 

receive the current price. To avoid a multi-unit bidding problem it is assumed that each landholder can 

manage only one site and can be part of only a single zone. Under each of the two pricing 

mechanisms, we test the four bid selection criteria described above: based on total bid (TB), bid-value 

ratio (BVR), bid-area ratio (BAR), and the mixed scenario (TB-BVR). With BVR selection, the zone 

with the lowest bid per unit of ecological value is selected. Similarly, under BAR and TB the zone 

with the lowest bid per area and total bid are selected, respectively. Table 1 presents a summary 

description of the schemes. These are described in further detail below.  

<Table 1 here> 

Discriminatory-price auction 

In a discriminatory-price landscape auction, an optimal group bid is formulated for each ecological 

zone. The bidding model for DPA-TB is described below.  

A group balances net payoff and acceptance probability: a higher offer promises higher net payoff but 

reduces the probability of winning. Each group g therefore faces the problem of determining the 

optimal offer which maximizes their expected net payoff (𝐸(𝜋𝑔)). The group with the lowest offer 

will be selected. A group’s expected net payoff function is (Li and Zheng 2009): 

𝐸(𝜋𝑔) = 𝑃(𝑏𝑔(𝑐𝑔) ≤ 𝑏𝑘(𝑐𝑘), 𝑔 ≠ 𝑘) × [𝑏𝑔(𝑐𝑔) − 𝑐𝑔]… (1) 

The first part of the equation defines the probability that bid 𝑏𝑔(𝑐𝑔) is lower than all other bids, which 

could also be expressed as (1 − 𝐹(𝑏(𝑐)))𝑁−1. 𝑁 is the number of groups competing in the auction. 𝑐𝑔 

is the participation cost of group 𝑔 and 𝑏𝑔(𝑐𝑔) is a potential bid of group 𝑔. 𝐹(𝑏) is the cumulative 

distribution function of bids. Thus, equation 3 becomes 

𝐸(𝜋𝑔) = ((1 − 𝐹(𝑏(𝑐)))
𝑁−1) × [𝑏𝑔(𝑐𝑔) − 𝑐𝑔]… (2) 

                                                                                                                                                                                     
at lowest cost. Further, optimal bidding models for individual bidders which include the ecological inter-

dependencies among different sites are not fully developed yet and beyond the scope of this work. 
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Maximizing the expected profit function (2) with respect to bid and re-arranging terms yields the 

optimal group bid:  

𝑏𝑔
∗ = 𝑐𝑔 +

(1−𝐹(𝑏(𝑐)))
𝑁−1

(𝑁−1)(1−𝐹(𝑏(𝑐)))
𝑁−2

𝑓(𝑏(𝑐))
… (3) 

This is a best-response bidding function for individual groups. We denote a group’s bidding strategy 

as function 𝑏(𝑐) specifying the optimal bid a group should submit. Since, 𝑏(𝑐) is strictly increasing 

and differentiable with respect to 𝑐, 𝐹(𝑏(𝑐)) could be written as 𝐹(𝑐). Assume that the costs of all 

groups are uniformly distributed in the range of [𝑐, 𝑐̅] which is common knowledge among the 

bidders. Then the cumulative distribution function and the probability density function are  

𝐹(𝑏(𝑐)) = 𝐹(𝑐) =

{
 

 

              
𝑐𝑔 − 𝑐

𝑐̅ − 𝑐
               𝑖𝑓  𝑐 ≤ 𝑐𝑔 ≤ 𝑐̅          

0                    𝑒𝑙𝑠𝑒𝑤𝑒ℎ𝑒𝑟𝑒          
                            

 

… (4) 

𝑓(𝑏(𝑐)) = 𝑓(𝑐) =

{
 

 

              
1

𝑐̅ − 𝑐
               𝑖𝑓  𝑐 ≤ 𝑐𝑔 ≤ 𝑐̅          

0                    𝑒𝑙𝑠𝑒𝑤𝑒ℎ𝑒𝑟𝑒          
                            

 

Substituting (4) into (3) yields the best-response bid for group 𝑔   

𝑏𝑔
∗ = 𝑐𝑔 +

(
𝑐̅−𝑐𝑔

𝑐̅−𝑐
)
𝑁−1

(𝑁−1)(
𝑐̅−𝑐𝑔

𝑐̅−𝑐
)
𝑁−2

(
1

𝑐̅−𝑐
)

… (5) 

Simplifying equation (5)  

𝑏𝑔
∗ = 𝑐𝑔 +

𝑐−̅𝑐𝑔

𝑁−1
… (6) 

It is clear from (6) that the optimal group bidding strategy in a price-discriminating auction is one of 

overbidding: the bid consists of the costs incurred by the group (𝑐𝑔) and an increment as per the 

second term in (6). The amount of bid shading depends on the expectations on the number of groups 
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participating in the auction (𝑁) and the highest (𝑐̅) cost of participating groups3. Further, by taking the 

partial derivatives of the optimal bid equation (𝑏𝑔
∗) with respect to expected 𝑐̅ and 𝑁 it is possible to 

identify the rates of change (or the sensitivity of the optimal bids to the variable of interest): 

𝑏𝑔
∗

𝑑𝑐̅
=

1

𝑁−1
… (7a) 

𝑏𝑔
∗

𝑑𝑁
=

𝑐−̅𝑐𝑔

(𝑁−1)2
… (7b) 

By comparing (7a) and (7b) we can observe that the optimal bid increases linearly as the expectation 

on 𝑐̅ gradually rises whereas the optimal bid declines non-linearly as the expectation on the number of 

participating groups increases. We expect that the cost-effectiveness of the discriminatory-price 

auction would follow a similar pattern if all the participating groups use the same best-response 

bidding model. However, these models do not tell us whether a discriminatory-price auction would 

perform better than an alternative uniform-price ascending auction.  

The bidding models for DPA-BVR and DPA-BAR are identical to (5) except that the cost estimates 

are cost-value and cost-area ratios rather than total costs. Here we assume that bidders have 

information about the environmental values and the total area of their zone so that they can calculate 

the cost-value and cost-area ratios. For DPA-TB-BVR, it is assumed that the landholders use their 

group cost to form best-response bids and the agency selects the most cost-effective bid using the bid-

value ratio selection criterion. 

Uniform-price ascending auction 

The discriminatory-price auction model is compared to a uniform-price ascending auction (UAA) 

where the agency starts with a low price and gradually increases its offer. At each offer level, the 

landholders indicate whether they wish to participate at that price or not. The auction continues until a 

zone is formed (i.e., all the landholders belonging to that zone agree to participate in the program). As 

                                                           
3 It is possible that bidders do not know their own costs and values of their sites and zone perfectly. However, 

we do not model the impact of uncertainty over own cost and values to manage the scope of the paper. Rather, 

we test the impact of uncertainty with the cost distribution of competitors. Further, we test the impact of not 

using ecological benefit or area information on auction performance by comparing four bid selection criteria.  
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soon as the first zone is formed the auction stops and winning landholders receive the current price. 

We have tested the four price increment rules UAA-TB, UAA-BVR, UAA-BAR and UAA-TB-BVR 

as described in Table 1 above.  

While the theoretical models presented in equations 5 – 7b indicate how the bids in a discriminatory-

price auction would change (assuming all the participating bidders and groups are employing the 

same best-response bidding model) with respect to expectations on the number of groups and costs, 

they do not inform us about the relative bids (and cost-effectiveness) of a discriminatory-price auction 

vis-à-vis a uniform-price ascending auction. Therefore, we compare the two pricing mechanisms 

using a numerical simulation experiment for a particular case study context. 

3. A case study application 

The above-mentioned auction models are tested in the context of a malleefowl conservation program. 

Malleefowl (Leipoa ocellata) is a large ground dwelling bird, found in the semi-arid to arid 

shrublands and low woodlands. A sandy substrate and abundance of leaf litter are required for 

breeding. In suitable conditions, one to two pairs can be found per site. Malleefowl is listed as 

vulnerable in the Australian Environment Protection and Biodiversity Conservation Act 1999. Natural 

predators of malleefowl include fox and feral cats. We have developed the bio-economic model 

following Nicol and Chadès (2011), which we describe below. 

It is assumed that there are 25 landholders who are arranged in five distinct ecological zones; each 

zone consists of five landholders managing a single site each4. Each landholder (𝑖) can protect one site 

of habitat suitable for malleefowl. The area (𝑎(𝑖)) and ecological value (𝑚(𝑖)) of a site can vary from 

one landholder to another. A site can be occupied by malleefowl (𝑚(𝑖) = 1) or not (𝑚(𝑖) = 0). 

Following Nicol and Chadès (2011) it is assumed that malleefowl population in individual sites are 

subject to natural extinction and colonization. It is assumed that the extinction probability is 

influenced by predation and other types of stochastic extinction. The probability of extinction due to 

                                                           
4 For the sake of tractability, the number of zones and landholders has been kept low as the information used to 

populate the bio-economic model was derived from a limited number of sites. However, subject to the 

availability of information it is possible to increase the number of zones and landholders. It is also possible to 

assume different numbers of landholders in each zone. 
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predation is denoted by 𝑒𝑝𝑟𝑒𝑑(𝑖) and it is assumed that predation is only caused by fox i.e., 

𝑒𝑝𝑟𝑒𝑑(𝑖) = 𝑒𝑓𝑜𝑥(𝑖). 𝑒𝑓𝑜𝑥(𝑖) is a function of the time it would require for site extinction, 𝑒𝑓𝑜𝑥(𝑖) =

1 𝑡𝑒𝑥𝑡(𝑖)⁄ . 𝑡𝑒𝑥𝑡(𝑖) is a function of the habitat area. The probability of stochastic extinction is defined 

by 𝑒𝑠𝑡𝑜𝑐ℎ(𝑖) = 13/𝑎(𝑖). Finally, the probability of extinction is calculated as 𝑒(𝑖) = min(𝑒𝑠𝑡𝑜𝑐ℎ(𝑖) +

𝑒𝑝𝑟𝑒𝑑(𝑖), 1). 

Colonization probability would depend on the malleefowl condition of other sites and the distance 

from other sites. The colonization probability 𝜃(𝑖, 𝑘) between any two sites 𝑖 and 𝑘 is calculated as 

𝜃(𝑖, 𝑘) = 0.005𝑒−√𝑑(𝑖,𝑘)/5, where 𝑑(𝑖, 𝑘) is the distance between site 𝑖 and 𝑘. The closer the sites are 

the higher probability of re-colonization. So, the total probability of colonization of an empty site 

𝜑(𝑖) from all the occupied sites in the landscape can be written as 𝜑(𝑖) = (1 −𝑚(𝑖)) ×

∑ 𝜃(𝑖, 𝑘) ×𝑘,𝑖≠𝑘 𝑚(𝑘).  

Following Nicol and Chadès (2011) and Bode and Brennan (2011) we assume that to improve or to 

maintain the malleefowl status two management actions can be carried out on each site: fox baiting 

and malleefowl reintroduction. The effect of fox baiting is removal of 95% fox in the baited area 

which decreases the probability of extinction due to predation by 95% (i.e., 𝑒𝑝𝑟𝑒𝑑(𝑖) = 0.05 ×

𝑒𝑓𝑜𝑥(𝑖)). Malleefowl re-introduction allows an unoccupied site to become occupied. It is assumed that 

each attempted re-introduction has a 50% probability of success and that the probability of occupation 

𝑜(𝑖) increases by 50% if re-introduction is carried out on an empty site, i.e., 𝑜(𝑖) =  (1 − 𝑚(𝑖)) ×

0.50. 

Finally, the expected status of malleefowl for individual sites and a zone after all the processing are   

𝑣(𝑖) = min(𝑚(𝑖) −  𝑒(𝑖) × 𝑚(𝑖) +  𝑜(𝑖) × (1 − 𝑚(𝑖)) + 𝜑(𝑖), 1) 

𝑣𝑔 = ∑ 𝑣(𝑖)

𝑖,𝑖∈𝑔

 

…(8) 

𝑣𝑔 serves as metric of environmental outcome. We shall refer to it as ecological value in the 

subsequent analysis.  
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It is assumed that a fox-baited site will be baited with a density of 7.5 baits per km2 and baiting is 

repeated fortnightly to prevent re-infestation by foxes from outside the site during the baiting 

management period. The total area baited is 1.5 times the size of the site to prevent re-infestation. A 

bait would cost $2.07 (inflation adjusted for 2016) including purchase cost of a bait and labour cost to 

lay the baits (Nicol and Chadès 2011). Therefore, the cost of baiting a site (𝑐𝑏𝑎𝑖𝑡(𝑖)) for one year is: 

𝑐𝑏𝑎𝑖𝑡(𝑖) = 𝑎(𝑖) × 1.5 × $2.07/𝑏𝑎𝑖𝑡 × 7.5/𝑠𝑞𝑘𝑚 × 26/𝑦𝑒𝑎𝑟.  

Malleefowl re-introduction requires a captive breeding program. They are relatively easy to rear and 

have been successfully bred in Australian zoos. In suitable habitat conditions, 1-2 breeding pairs per 

site can be found. So, it is assumed that a re-introduction strategy would involve releasing 2 breeding 

pairs per site. Based on Nicol and Chadès (2011) it is assumed that from raising to releasing one 

animal would cost $1,498 (adjusted for 2016). The cost of re-introduction (𝑐𝑟𝑒−𝑖𝑛𝑡𝑟𝑜(𝑖)) in a site is 

𝑐𝑟𝑒−𝑖𝑛𝑡𝑟𝑜(𝑖) = $1498 × 2 × 2 = $5,992. Finally, the management cost of a site (𝑖) is 𝑐(𝑖) =

 𝑐𝑏𝑎𝑖𝑡(𝑖) × 𝑚(𝑖) +  𝑐𝑟𝑒−𝑖𝑛𝑡𝑟𝑜(𝑖) × (1 −𝑚(𝑖)).  To fix the management actions we assume that 

baiting will be carried out only if the site is occupied and re-introduction will be carried out only if the 

site is empty. The total management cost of a zone (𝑔) is then 𝑐𝑔 = ∑ 𝑐(𝑖)𝑖,𝑖∈𝑔 . As such, both benefits 

and costs will be different for different zones. 

4. Simulation experiment 

Our main research question relates to the performance of two different auction mechanisms in 

securing wildlife zones. As observed in equation (6), the optimal bid in discriminatory-price group 

bidding is sensitive to the number of groups and the highest participation (management) cost 𝑐𝑔̅ 

among the groups participating in the auction. However, for the sake of completeness we also 

consider the minimum participation cost among the participating groups. We simulate the 

performance of discriminatory-price auctions in a scenario where the bidders have perfect knowledge 

of the number of groups as well as the maximum and the minimum participation costs of the groups 

submitting an offer in the auction. Further, to test the sensitivity of the performance of the auction to 

the uncertainty of these parameters we construct two other scenarios: underestimation (40% lower 



12 
 

than the actual values) and overestimation (40% higher than the actual values). We thus compare the 

discriminatory-price auction with a uniform-price ascending auction in a total of 27 combinations of 

the above mentioned variables, i.e. 3 levels for number of groups × 3 levels for maximum 

participation cost × 3 levels for minimum participation cost. This will provide us with a 

comprehensive picture of the performance of the auction mechanisms. We developed our model using 

the General Algebraic Modeling System (GAMS©).  

Due to the stochastic processes involved in the model, we ran 20,000 simulations for each individual 

combination. In each simulation the following four steps are carried out. In the first step, following 

Nicol and Chadès (2011) and Day and Possingham (1995), profiles of individual sites (area, 

malleefowl status, distance between sites) are randomly generated based on the following uniform 

distribution: area (100 ha to 2700 ha), malleefowl status (0 or 1), distance between sites within a zone 

(4 to 5 kilometer) and distance between sites in two separate zones (6 to 8 kilometer). Ecological 

values and participation costs are calculated based on the randomly drawn profiles. In the second step, 

bids are formed following the auction models presented above. In the case of DPA, landholders within 

a zone form a group and prepare a joint bid based on the respective bid selection criteria. For 

simplicity, we assume that group bid formation does not involve transaction costs. In the case of 

UAA, landholders individually participate in the auction. They respond to the auctioneer’s offer as per 

their private information. In the third step, bids are selected based on each of the four bid selection 

criteria described above. In a discriminatory-price auction, one joint bid is selected, whereas, in a 

uniform ascending auction the auction continues until all landholders from a single zone are selected. 

The auction stops as soon as the first zone is formed. Finally, simulation outcomes are recorded. 

Then, a new simulation starts repeating the above-mentioned steps.  

The results are summarized in terms of two performance indicators:  

 Budgetary cost-effectiveness (BCE): It is the ratio of payment and ecological value of the 

selected zone. The lower the estimate, the better is the performance of the scheme (lower 

payment per unit of service).  
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 Economic cost-effectiveness (ECE): It is the ratio of participation cost and ecological value of 

the selected zone. The lower the estimate, the better is the performance of the scheme as it 

shows that relatively inexpensive zones with high biodiversity values were selected.  

5. Results 

We present our results in the following order: we first show the overall performance of the two 

pricing mechanisms and the three bid selection criteria, then the performance of the bid selection 

criteria separately under each of the two pricing mechanisms, and finally the performance of the 

discriminatory-price auction when bidders face uncertainty about the number of competing bids and 

the maximum cost among participating groups. Results for the two measures of auction performance 

(BCE and ECE) are summarized in Tables 2 to 5. Pairwise comparisons of means with equal 

variances tests are used to compare differences between the auction features. 

Performance of auction mechanisms and selection criteria 

Table 2 presents mean and median BCE and ECE values for the two auction mechanisms and four 

selection criteria. It can be seen that overall the discriminatory-price auction (DPA) has outperformed 

the uniform-price ascending auction (UAA) in terms of both budgetary and economic cost-

effectiveness. This means that, compared to the UAA, the DPA selected, on average, higher-value 

zones that were provided at lower cost. We can further observe from Table 2 that TB-BVR selection 

has achieved better budgetary cost-effectiveness than the other three mechanisms. However, BVR 

selection has achieved higher economic cost-effectiveness. Pairwise comparisons of means tests 

formally confirm (at 1% level of significance) that DPA>UAA for both BCE and ECE, while within 

the selection criteria TB-BVR>TB>BVR>BAR for BCE and BVR>TB-BVR>TB>BAR for ECE. 

However, the performance of different selection criteria may be sensitive to the auction mechanism 

and we should look at more disaggregated levels. 

<Table 2 here> 

<Table 3 here> 
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Performance of bid selection criteria under different auction mechanisms 

The first level of disaggregation compares the performance of the bid selection criteria separately 

under the two auction mechanisms. Pairwise comparisons reveal that, under a uniform-price 

ascending auction, both TB-BVR and TB have performed equally well and significantly better than 

BVR, and BVR has outperformed BAR in terms of budgetary cost-effectiveness (Table 3). By 

contrast, under a discriminatory-price auction, TB-BVR has performed significantly better than BVR, 

which, in turn, has performed significantly better than TB and BAR. Across auction mechanisms and 

selection criteria combinations, DPA-TB-BVR has performed significantly better than any other 

combination followed by DPA-BVR and DPA-TB. A TB-BVR selection captures the benefits of 

information asymmetry, as landholders do not know the conservation values and are thus unable to 

ask higher prices for high-value zones whereas the agency could select the most cost-effective zone 

based on bid-value information. 

In terms of economic efficiency (ECE), by contrast, BVR selection criterion has outperformed the 

other three criteria under both discriminatory and uniform pricing (Table 4). It should be noted that 

with BVR selection, group bids are formed based on the cost-value ratio of individual zones. Bid 

formation under BVR thus harnesses both cost and conservation value information. Such bids thus 

reflect the underlying conservation values of the zones better than bids formed under, TB-BVR, BAR 

or TB selection, and BVR selection is able to select more economically cost-effective zones. 

<Table 4 here> 

 Sensitivity of the discriminatory-price auction to bidder uncertainty  

The second level of disaggregation concerns the assumptions underlying a discriminatory-price 

auction (DPA). The theoretical model developed in section 2 suggests that DPA bids are sensitive to 

the expected number of competing bids (i.e. competition intensity) and the maximum cost among the 

participating groups. The higher the number of groups submitting zone bids, the more competitive is 

the bidding. The higher the expected maximum cost, the higher the optimal bid.  



15 
 

Since bidders know neither the exact number of bidding groups nor the maximum cost among groups 

with certainty, they will form expectations about these parameters. In the simulations, bidders’ 

expectations about the number of groups and minimum and maximum zone costs are varied between 

0.6 and 1.4. A value of 1.0 means that bidders have perfect knowledge of these parameters. The 

values 0.6 and 1.4 mean that bidders underestimate or overestimate the values of these parameters by 

40 percent. Such uncertainty may have implications for the relative performance of the two pricing 

mechanisms.  

We can observe from the mean and median values presented in Table 5 that the budgetary cost-

effectiveness of a DPA is higher when the groups overestimate the number of bidding groups and 

underestimate the maximum cost among the participating groups – a situation of perceived high 

competition intensity. As expected, uncertainty about the minimum cost among the participating 

groups has no effect on the budgetary cost-effectiveness of a DPA (Table 5). Conforming to 

theoretical predictions, the budgetary cost-effectiveness of the discriminatory-price auction declines 

linearly as the expectation on maximum cost moves from underestimation to overestimation. The 

BCE estimate improves non-linearly as the expected number of competing bids increases (especially 

when maximum cost is correctly estimated or is overestimated). When maximum cost is 

underestimated, changes in the expected number of competing bids do not influence BCE estimates.  

The results also show that there is very low or moderate impact of the three uncertain parameters 

(number of groups, maximum and minimum group costs) on the economic cost-effectiveness of the 

auction. Recall that the economic cost-effectiveness is calculated as the ratio of participation costs and 

ecological values and neither of these factors is influenced by the above uncertain parameters.  

<Table 5 here> 

We have explored the impact of bidder uncertainty on budgetary cost-effectiveness further by 

systematically varying and combining the uncertain parameters that affect the performance of the 

DPA under different selection criteria. Figure 1 presents the results of this exercise. The figure 

displays the difference in median BCE and ECE estimates between the DPA and UAA auction 
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mechanisms for individual combinations of number of competing bids and maximum cost among 

bidder groups.5 Negative numbers indicate better performance by DPA. It is clear from the figure that 

the discriminatory-price auction is outperformed by the uniform-price auction only when bidders 

underestimate the number of competing bids but overestimate maximum zone cost (such as 0.60/1.40) 

under all selection criteria – a situation of perceived low bidding competition. Otherwise, 

discriminatory pricing consistently outperforms the uniform-price auction or at least performs equally 

well.  

<Figure 1 here> 

6. Discussion  

This paper has analysed the performance of discriminatory and uniform pricing in the context of a 

landscape auction where it is possible to allow group bidding as well as individual bidding. We have 

compared the performance of these two pricing mechanisms under four bid formation and selection 

models, which require different amounts of information regarding conservation values of the zones 

offered for wildlife management. To the best of our knowledge, this aspect has not been explored in 

the literature yet.  

Based on a best-response model of group bidding, we have simulated and compared the cost-

effectiveness of a discriminatory-price and a uniform-price ascending auction in a particular context 

(conservation of malleefowl) which requires a joint effort of multiple landholders. We have observed 

that the discriminatory-price auction outperforms the uniform-price auction as a mechanism to 

establish ecological zones across different holdings. This finding conforms well to the literature. 

There is evidence of superior performance of the discriminatory pricing rule in conservation auctions 

in general. For example, Windle and Rolfe (2008) observed that a price discriminating auction was 

30% more cost-efficient than a uniform-price grant mechanism in an auction in Australia. Similar 

results were obtained by Deng and Xu (2015) for a case study in China. Cason and Gangadharan 

(2005) compared the outcome properties of uniform versus discriminatory-price auctions for reducing 

                                                           
5 We do not show the corresponding ECE estimates in Figure 1 since these are insensitive to these parameters. 
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non-point source pollution. They find that although overbidding was more pronounced in the 

discriminatory-price auction, the discriminatory format had superior overall market performance.  

However, the relative performance of a discriminatory-price landscape auction is sensitive to the 

bidders’ uncertainty about the number of competing groups and the highest conservation cost among 

the groups participating in the auction. When bidders underestimate competition intensity (i.e., low 

number of participating groups and low maximum conservation costs), a discriminatory-price auction 

may be outperformed by a uniform-price ascending auction. These findings are well in line with 

theoretical observations made by Latacz-Lohmann and Hamsvoort (1997). Other experimental studies 

have found similar results (Cummings et al. 2004). Further, and conforming to the theoretical 

predictions, the simulation results show that the budgetary cost-effectiveness of a discriminatory-price 

auction is completely insensitive to bidder uncertainty about the lowest conservation cost among the 

groups submitting a bid. From an agency perspective, it seems that it is more cost-effective if bidders 

underestimate the maximum cost and overestimate the number of bids. However, it does not matter 

whether bidders know the ‘true’ minimum costs or not. 

In reality, several additional factors could influence the relative performance of the two pricing 

mechanisms. For example, in the simulations, it has been assumed that the cost of group bid formation 

in a discriminatory-price auction is zero. If we change this assumption to a more realistic assumption 

of costly information collection and group formation, the relative cost advantages of a discriminatory-

price auction could quickly erode. In this situation, running a uniform-price ascending auction might 

be more cost-effective. There are several additional advantages of a uniform-price ascending auction. 

First, truth telling is a dominant property in a uniform-price ascending auction. Second, the uniform-

price auction does not require bidders to have information on the maximum cost of establishing 

individual ecological zones. Therefore, the uniform-price auction is less information-intensive and 

could be administratively easier to run.  

Our results also highlight the necessity to carefully consider bid selection. We observed that the 

performance of the TB-BVR selection criteria has performed best in terms of budgetary cost-
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effectiveness. Recall that in TB-BVR scenario the landholders do not know the environmental values 

of wildlife zones and they cannot use this information to form their bids. However, agencies could use 

environmental value information to select the most cost effective bid. This finding is in line with 

Banerjee et al. (2015) who investigated whether releasing information about the agency’s spatial 

environmental goals improves auction performance. They found that additional information has a 

negative impact on the budgetary cost-effectiveness of the auction. In terms of economic cost-

effectiveness, by contrast, BVR selection has outperformed the other three criteria under both 

discriminatory and uniform pricing. Environmental agencies should therefore apply BVR selection 

(and communicate environmental value information to bidders) if it is interested in maximizing 

economic cost-effectiveness.  

Finally, some comments on the limitations and future extensions are in order as our findings are 

specific to the case study of malleefowl conservation. First, we considered only one type of value 

distribution (where costs, area and ecological values are highly correlated), so the main results are 

applicable to our case study. It would be worthwhile to test a different example where there is a less 

strong (or even negative) relationship between area and ecological values. This could help to separate 

the performance of the selection criteria more clearly. Second, we did not study the impact of rent 

sharing among group members on the performance of a discriminatory-price auction. Similarly, we 

did not study the impact of own-cost or own-value uncertainty since we assumed these factors 

perfectly known. Finally, as mentioned before, group bid formation can be costly and it could vary by 

group size. Based on field observations it is possible to get an idea of the transaction costs of forming 

group bids. That would definitely change the cost-effectiveness performance of a discriminatory-price 

auction. All these issues should be explored further to cross-validate our findings. 
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Figure 1: Difference in median BCE between discriminatory and uniform-price auctions for different 

combinations of expected number of competing bids and estimated zone costs under the four bid 

selection criteria. Negative values indicate superior performance of the discriminatory-price auction. 
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Figure 1: Difference in median BCE between discriminatory and uniform-price auctions for different 

combinations of expected number of competing bids and estimated zone costs under the four bid 

selection criteria. Negative values indicate superior performance of the discriminatory-price auction.  
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Table 1: Auction mechanisms and bid selection criteria tested in the paper 

Pricing mechanisms / 

Selection criteria 

Description 

DPA-BVR Discriminatory-price auction (DPA) where bids are formed based on the 

cost-value ratio of individual zones and group bids are selected based on 

the bid-value ratio (BVR) of the offered zones. This is a high-information 

scenario as it assumes that landholders have information about the 

conservation value of their sites.   

DPA-TB Discriminatory-price auction where bids are formed based on the total cost 

of individual zones and group bids are selected based on the total bid (TB) 

of the offered zones. This represents a low-information scenario.  

DPA-BAR Discriminatory-price auction where bids are formed based on the cost-area 

ratio of individual zones and group bids are selected based on the bid-area 

ratio (BAR) of the offered zones. This is moderate-information scenario as 

knowledge of both size and costs (but not value) are required for bid 

formation and selection. 

DPA-TB-BVR Discriminatory-price auction where bids are formed based on the total cost 

of individual zones and group bids are selected based on the bid-value 

ratio (BVR) of the offered zones. This is an asymmetric-information 

scenario as the landholder groups do not know the conservation value of 

their zones whereas the agency has information on environmental values. 

UAA-BVR Uniform-price ascending auction (UAA) where the price per unit of 

environmental value is raised gradually, bidders compare with their own 

site’s cost-value ratio and respond positively when the price is higher than 

their cost-value ratio. The auction stops as soon as a zone could be formed 

from the willing landholders. This mechanism results in different 

payments for winning landholders according to the environmental value of 

their sites.  

UAA-TB Similar process as UAA-BVR, except that the prices are raised per site 

(irrespective of their value or size) rather than based on bid-value ratio. 

Winning landholders receive a uniform price irrespective of the value or 

size of their sites.  

UAA-BAR Similar process as UAA-BVR, except that the prices are raised per area 

rather than based on bid-value ratio. Winning landholders receive different 

payments depending on the size of their sites.  

UAA-TB-BVR Similar process as UAA-TB. Since the first formed zone is selected there 

is no application of BVR selection.  
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Table 2: BCE and ECE estimates by auction mechanism and selection criteria 

  BCE  ECE 

  Mean SD Median Mean SD Median 

Auction mechanism           

Discriminatory 8.96 2.39 8.57 7.55 1.70 7.43 

Uniform 10.83 2.44 10.79 8.17 1.74 8.14 

Selection criteria             

BAR 11.38 3.13 11.04 8.88 1.72 8.89 

BVR 9.55 1.79 10.46 7.37 1.50 7.34 

TB 9.50 2.38 9.30 7.67 1.71 7.69 

TB-BVR 9.14 2.25 8.83 7.50 1.61 7.45 

Overall 9.89 2.59 9.63 7.86 1.75 7.81 

BCE = payment/ecological value; ECE = participation cost/ecological value. Both BCE and ECE are 

expressed in $000 per unit value.  
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Table 3: Pairwise comparisons of means with equal variances test results for BCE estimates by 

selection criteria and auction mechanisms 

Comparison Mean Difference SE Unadjusted t P>t 95% CI 

UAA-BVR vs UAA-BAR -1.219 0.004 -283.300 0.000 -1.228 -1.211 

UAA-TB vs UAA-BVR -0.691 0.004 -160.460 0.000 -0.699 -0.682 

UAA-TB vs UAA-BAR -1.910 0.004 -443.760 0.000 -1.918 -1.902 

UAA-TB-BVR vs UAA-BVR -0.691 0.004 -160.460 0.000 -0.699 -0.682 

UAA-TB-BVR vs UAA-BAR -1.910 0.004 -443.760 0.000 -1.918 -1.902 

UAA-TB-BVR vs UAA-TB 0.000 0.004 0.000 1.000 -0.008 0.008 

DPA-BVR vs DPA-BAR -2.448 0.004 -568.790 0.000 -2.457 -2.440 

DPA-TB vs DPA-BAR -1.849 0.004 -429.650 0.000 -1.858 -1.841 

DPA-TB vs DPA-BVR 0.599 0.004 139.140 0.000 0.590 0.607 

DPA-TB-BVR vs DPA-TB -0.724 0.004 -168.300 0.000 -0.733 -0.716 

DPA-TB-BVR vs DPA-BVR -0.126 0.004 -29.160 0.000 -0.134 -0.117 

DPA-TB-BVR vs DPA-BAR -2.574 0.004 -597.960 0.000 -2.582 -2.565 

DPA-BVR vs UAA-BAR -3.854 0.004 -895.430 0.000 -3.862 -3.845 

DPA-TB vs UAA-BAR -3.255 0.004 -756.290 0.000 -3.264 -3.247 

DPA-TB vs UAA-BVR -2.036 0.004 -472.990 0.000 -2.044 -2.027 

DPA-TB-BVR vs UAA-BAR -3.979 0.004 -924.590 0.000 -3.988 -3.971 

DPA-TB-BVR vs UAA-BVR -2.760 0.004 -641.290 0.000 -2.769 -2.752 

DPA-TB-BVR vs UAA-TB -2.070 0.004 -480.830 0.000 -2.078 -2.061 

UAA-BAR vs DPA-BAR 1.406 0.004 326.640 0.000 1.397 1.414 

UAA-BVR vs DPA-BAR 0.187 0.004 43.340 0.000 0.178 0.195 

UAA-BVR vs DPA-BVR 2.635 0.004 612.130 0.000 2.626 2.643 

UAA-TB vs DPA-BAR -0.504 0.004 -117.120 0.000 -0.513 -0.496 

UAA-TB vs DPA-BVR 1.944 0.004 451.670 0.000 1.936 1.952 

UAA-TB vs DPA-TB 1.345 0.004 312.530 0.000 1.337 1.354 

UAA-TB-BVR vs DPA-TB-BVR 2.070 0.004 480.830 0.000 2.061 2.078 

UAA-TB-BVR vs DPA-BAR -0.504 0.004 -117.120 0.000 -0.513 -0.496 

UAA-TB-BVR vs DPA-BVR 1.944 0.004 451.670 0.000 1.936 1.952 

UAA-TB-BVR vs DPA-TB 1.345 0.004 312.530 0.000 1.337 1.354 
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Table 4: Pairwise comparisons of means with equal variances test results for ECE estimates by 

selection criteria and mechanisms 

Comparison Mean Difference SE Unadjusted t P>t 95% CI 

UAA-BVR vs UAA-BAR -0.996 0.003 -324.690 0.000 -1.002 -0.990 

UAA-TB vs UAA-BAR -0.840 0.003 -273.570 0.000 -0.846 -0.834 

UAA-TB vs UAA-BVR 0.157 0.003 51.120 0.000 0.151 0.163 

UAA-TB-BVR vs UAA-BAR -0.840 0.003 -273.570 0.000 -0.846 -0.834 

UAA-TB-BVR vs UAA-BVR 0.157 0.003 51.120 0.000 0.151 0.163 

UAA-TB-BVR vs UAA-TB 0.000 0.003 0.000 1.000 -0.006 0.006 

DPA-BVR vs DPA-BAR -2.023 0.003 -659.060 0.000 -2.029 -2.017 

DPA-TB vs DPA-BAR -1.581 0.003 -515.130 0.000 -1.587 -1.575 

DPA-TB vs DPA-BVR 0.442 0.003 143.920 0.000 0.436 0.448 

DPA-TB-BVR vs DPA-BAR -1.918 0.003 -625.100 0.000 -1.924 -1.912 

DPA-TB-BVR vs DPA-BVR 0.104 0.003 33.960 0.000 0.098 0.110 

DPA-TB-BVR vs DPA-TB -0.337 0.003 -109.970 0.000 -0.343 -0.331 

UAA-BAR vs DPA-BAR -0.088 0.003 -28.720 0.000 -0.094 -0.082 

UAA-BAR vs DPA-BVR 1.934 0.003 630.340 0.000 1.928 1.940 

UAA-BAR vs DPA-TB 1.493 0.003 486.410 0.000 1.487 1.499 

UAA-BAR vs DPA-TB-BVR 1.830 0.003 596.380 0.000 1.824 1.836 

UAA-BVR vs DPA-BAR -1.085 0.003 -353.410 0.000 -1.091 -1.079 

UAA-BVR vs DPA-BVR 0.938 0.003 305.640 0.000 0.932 0.944 

UAA-BVR vs DPA-TB 0.496 0.003 161.720 0.000 0.490 0.502 

UAA-BVR vs DPA-TB-BVR 0.834 0.003 271.690 0.000 0.828 0.840 

UAA-TB vs DPA-BAR -0.928 0.003 -302.290 0.000 -0.934 -0.922 

UAA-TB vs DPA-BVR 1.095 0.003 356.770 0.000 1.089 1.101 

UAA-TB vs DPA-TB 0.653 0.003 212.840 0.000 0.647 0.659 

UAA-TB vs DPA-TB-BVR 0.991 0.003 322.810 0.000 0.985 0.997 

UAA-TB-BVR vs DPA-BAR -0.928 0.003 -302.290 0.000 -0.934 -0.922 

UAA-TB-BVR vs DPA-BVR 1.095 0.003 356.770 0.000 1.089 1.101 

UAA-TB-BVR vs DPA-TB 0.653 0.003 212.840 0.000 0.647 0.659 

UAA-TB-BVR vs DPA-TB-BVR 0.991 0.003 322.810 0.000 0.985 0.997 
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Table 5: BCE and ECE estimates of the discriminatory-price auction under uncertainty regarding the 

number of competing bids and the maximum/minimum costs among bidder groups  

  BCE  ECE  

  Mean SD Median Mean SD Median 

Number of bids             

0.6 9.87 2.82 9.46 7.58 1.71 7.47 

1 8.71 2.07 8.43 7.53 1.69 7.41 

1.4 8.31 1.88 8.08 7.53 1.69 7.40 

Max cost             

0.6 7.65 1.66 7.45 7.52 1.69 7.40 

1 8.89 2.00 8.59 7.55 1.70 7.43 

1.4 10.35 2.59 9.92 7.57 1.70 7.45 

Min cost             

0.6 8.96 2.39 8.57 7.55 1.70 7.43 

1 8.96 2.39 8.57 7.55 1.70 7.43 

1.4 8.96 2.39 8.57 7.55 1.70 7.43 

Overall 9.89 2.59 9.63 7.86 1.75 7.81 

BCE = payment/ecological value; ECE = participation cost/ecological value. Both BCE and ECE are 

expressed in $000 per unit value. 

 

 

 

 

 

 

 

 

 

 


