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Abstract: 
We examine robot trading in two double auction environments with identical aggregate supply 

and demand curves but different individual agent supply and demand curves.  The Law of 

Supply and Demand, based on the aggregate curves, predicts the same competitive equilibrium 

price and quantity for the two treatments.  The individual supply and demand curves relative 

to the competitive equilibrium price predict individual profits.  The first treatment is 

constructed so that in competitive equilibrium the resulting incomes are equal for all agents.  

The second treatment is constructed to yield substantial income inequality in competitive 

equilibrium.  The third and fourth treatments change the strategy of all but one trader on each 

side of the market to a “sniper” strategy that is more aggressive.  While we find that the 

outcomes of the robot trading approximately match the theoretical predictions, we also find 

noisy trading produces inequality in the first treatment, and a reduction of inequality in the 

second treatment. In markets populated by snipers, the low realized efficiency reduces the level 

of profits, and profits are also more skewed than that predicted by the neoclassical theory.   
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1. Introduction

This paper applies methodology from the experimental economics and theoretical mechanism design 

literature to examine questions of fairness in market processes.  Following Reiter (1977) or Smith (1982), 

we begin with the deconstruction of complex social processes into three separable units, modelled 

independently, that together in interaction produce social outcomes: (1) the environment (also known 

as preferences, values, costs, endowments); (2) the institution (also known as processes or mechanisms, 

or more specifically, markets or auctions); and (3) the agents (including strategies, profit-maximizing or 

otherwise).   

To explore effects of the strategy component (3, above), we use computerized agents instead of human 

subjects.  We study two types of agents:  the Zero Intelligence (hereafter, ZI) agents introduced by Gode 

and Sunder (1993) in a series of papers, and Kaplan's Sniper agents described as high-performing in a 

tournament for submission of computerized agents. Another advantage of numerical experiments is the 

ability to easily generate orders of magnitude more observations over thousands of trading periods – 

more than could be generated from human subjects on a typical research budget.  Finally, we 

acknowledge that the growth of electronic apps with internal markets that organize services in 

transportation, hotel accommodation, and other aspects of our lives suggests that markets populated by 

various kinds of robots are no longer simply simulations of interest only to academia but are an 

increasing component of the real economy worthy of study in and of themselves.   

Our interest in fairness and market processes stem from popularized texts on income inequality by 

leading economists: 

For example, Thomas Piketty (2014) introduces his popular textbook on inequality by characterizing the 

study of income inequality in terms of a "slightly caricatured right3-left4 political conflict", suggests the 

3 "The right-wing free market position is that, in the long run, market forces, individual initiative, and 

productivity growth are the sole determinants of the distribution of income and the standard of living..." 

Picketty (2014), Introduction (kindle edition) 

4 "The traditional left-wing position... holds that the only way to alleviate the misery of the poorest 

members of capitalist society is through social and political struggle, and that the redistributive efforts 

of government must penetrate to the very heart of the productive process.  Opponents of the system 

must challenge the market forces that determine the profits of capitalists and unequal remuneration of 

workers... by nationalizing means of production or setting strict wage schedules.  Merely collecting taxes 

to finance transfers to the poor is not enough."  Picketty (2014), Introduction (kindle edition) 
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conflict exists due to conflicting analyses, and "only a detailed analysis of the socioeconomic 

mechanisms that generate inequality can sort out the competing truth claims …"   

Picketty's approach to understanding and explaining inequality, also shared somewhat by Galbraith 

(2012) and Stiglitz (2012), involves analysis of historical incomes, wealth, and social changes together 

with a skepticism of neo-classical assumptions of market behavior.   

While we are motivated by the observations and tools (such as the Lorenz curve) of this literature on 

fairness, our questions are not the broad questions previously asked, but rather a kind of limited, initial 

troubleshooting investigation.   Our initial questions are very basic: if we create an environment where 

competitive theory, I.e., reasoning based on the Law of Supply and Demand, predicts equal incomes at 

market competitive equilibrium, do we observe equal incomes in the numerical experiments? If we 

create an environment where competitive theory predicts unequal incomes, do we observe unequal 

incomes in the numerical experiments?  If we change the strategy of the robot agents from being more 

random towards being more strategic, do we observe the same results?  In an acknowledgement to 

previous research, we report and explore metrics such as the Lorenz Curve and Gini Coefficient in our 

environments. We can also examine whether these metrics or some others that become available in our 

environments are more effective in comparing outcomes.   

If market forces are somehow systematically unfair and promote inequality, perhaps this is something 

that one might easily observe in simple controlled environments – such as laboratory or numerical 

experiments -- without needing the complex back-story of the historical evolution of wealth, society, 

technology, laws, etc.  If an economic environment is purposely designed to yield equal outcomes in 

competitive equilibrium, yet the market generates substantial inequality, then the reasons could be 

investigated. Perhaps improvements to market rules or processes could be discovered, or at the very 

least, alternative processes compared.  Environments that have unequal outcomes in competitive 

equilibria can also be studied to see if markets make the situation worse.  If market forces are shown to 

simply behave according to known principles, without amplifying the inequality essential in an 

environment, then market forces are not the cause because the cause was identified in the 

environment.  By examining the effect of using different kinds of agents, we can test if market outcomes 

are sensitive to variation in trading strategies.   

Early human subject experiments with double auction market reported a surprising convergence 

towards the predictions of competitive theory and the Law of Supply and Demand – even in 

environments with few traders and imperfect information.  Later experimental economists have 

interpreted these observations into a sense that markets work better than expected5.  In a later series of 

papers, Gode and Sunder report a series of numerical experiments in market behavior that establish 

                                                           
5 Summarizing Vernon Smith's contributions, Eckel, Houser and Boettke (2017) write:  "He tells of his surprise when 
the first market [...altered from Chamberlin's setup to be more like a stock market...] converged to competitive 
equilibrium, and of his efforts to stress-test the environment to see if he could get a more reasonable result.  
However, as he might say, the darned thing continued to converge to equilibrium.  Little did he know at the time 
that the double auction would prove to be the most powerful of market institutions, ensuring convergence with or 
without incentives, and with as few as three buyers and sellers." (pp. 639-640) 
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high efficiencies of allocation and a repeated price dynamic towards competitive equilibrium in markets 

populated by "Zero Intelligence" (ZI) robot agents that simply bid or ask randomly within their respective 

budget constraints.   

Our study is certainly not the first in the experimental literature dealing with environments having 

unequal distributions of income or profit in either the theoretical competitive equilibrium or reported 

market outcomes. Both Smith (1965) and Smith and Williams (1990) found eventual, slow, price 

convergence to competitive equilibrium price in human-subject laboratory market environments where 

in competitive theory virtually only one side of the market would earn all profit.    Gode and Sunder 

show that similar environments populated by ZI robot agents show unequal profits but do not show as 

strong a price convergence, since there is no learning and periods are independent.  It is also by now 

well known that humans do not always maximize their own profit to the detriment of others in simple 2-

person Dictator and Ultimatum games. While beyond the scope of this paper6, these games reveal a 

complexity of behavior to simple one-person and two-person decision scenarios that stands in contrast 

to the success of competitive theory and its aggregate models of market behavior built upon simple 

profit-maximizing models of individual behavior in seemingly more complex market behavior scenarios.  

That competitive forces through market institutions can cause individual participants to create patterns 

of income that would cause inequalities with ethical difficulties for two-person scenarios or outside 

observers certainly suggests that there could be something about market processes that encourages 

inequality. But does this occur systematically? Can we say anything about market allocation processes 

beyond their efficiency or appearance of converging prices, that admits or refutes the critiques of self-

interest by those studying inequality?   

The remainder of this paper is organized as follows:  Section 2 introduces the Market Mechanism (the 

double auction), Market Environments, and predictions of competitive theory (the Law of Supply and 

Demand) in these environments.  Section 3 introduces the agents (ZI and Kaplan's Sniper) and their 

strategies, which are not profit-maximizing but involve randomization (ZIs) or rules-of-thumb (Kaplan 

snipers).  Section 4 reports the results of our numerical experiments with different combinations of 

environments and agents.  Section 5 presents conclusions.   

2. Market Mechanism, Environments, and Competitive Predictions 

 

Market Mechanism and Trading Rules 
We utilize a double auction as our market institution. A double auction is a multilateral process in which 

buyers and sellers can freely submit bids or asks and accept asks or bids submitted by others. This 

mechanism is chosen for the following reasons: First, major stock, currency, commodity, and other 

markets are organized as double auctions. Second, laboratory double auctions with human traders are 

known to yield outcomes consistent with predictions of neoclassical economic theory in a variety of 

                                                           
6 For an overview of dictator and ultimatum games, we refer the interested reader to the relevant chapters 
contributed to Plott and Smith's Handbook of Experimental Economic Results, Chapters 46-50.   
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environments. For example, such markets tend to achieve very high efficiency and can respond rapidly 

to changing market conditions, despite limited information available to participants (Smith 1962, 1982).  

In a double auction, at any moment a buyer could enter a bid by stating his or her desired price and 

quantity, or similarly, any seller could enter an ask by stating quantity and price.  Trade occurs when the 

highest bid price exceeds the lowest ask price, and the price is typically set to the earlier of those two 

orders.    

Several variations of the double auction are possible. The following features of our market setup are 

similar to those in Gode and Sunder (1993): (i) Each bid, ask and transaction was valid for a single unit 

only, (ii) bids must be increasing, asks must be decreasing, with respect to the current best bid and best 

ask (iii) a trade occurs when a new bid is made which exceeds a pre-existing ask, or when a new ask is 

made that is less than a pre-existing bid. Unlike Gode and Sunder's double auction and perhaps Smith's 

early work, in our double auction unused bids and asks are not cancelled at each successful trade but 

retained from one trade to the next, until the end of the trading period. We do cancel bids and asks that 

are replaced by that same agent's improved bid or ask.  When a trade occurs, the trading price is equal 

to that of the pre-existing bid or ask, whose acceptance is triggered automatically by the new entry.  

Besides these features, in our experiments, each trader had an opportunity to submit their bid or ask 

that occurred randomly, at a constant probability per unit of “experiment time”, resulting in arrivals of 

bids and asks following a Poisson distribution7 with individual rate 0.1/sec (or approximately 1 bid/ask 

per 10 seconds per agent).  Although the Poisson arrival distribution is used in other human-subject and 

numerical studies8, the primary effects here are to (i) effectively shuffle trader arrival and eliminate any 

spurious phenomenon based on serial correlation that could occur when specific traders always meet in 

a pre-defined order; and (ii) provide a method to limit the number of opportunities to trade in a market 

period that is closer to what occurs in human-populated markets, while we are using robot agents that 

could otherwise attempt to trade millions of times per second.    

Each double auction consisted of 40 traders, divided into 20 buyers and 20 sellers. In each auction, we 

set values for buyers and costs for sellers. Each market was run for a specified duration which allowed 

sufficient time for trading. At the beginning of each period, each buyer was endowed with the right to 

buy 3 units of an unspecified commodity “X”. The buyer was privately informed of their own redemption 

value 𝑣𝑖 of each unit 𝑖, and the buyer's profit from buying this unit at price 𝑝𝑖  was given by 𝑣𝑖 − 𝑝𝑖. The 

distribution of redemption values 𝑣𝑖 , 𝑖 = 1, 2, 3,….. n, defined the demand schedule for the commodity. 

At the beginning of each period, sellers were endowed with the right to sell up to 3 units of the 

commodity, 𝑐𝑖 being the cost of the ith unit to that seller. The seller's profit from selling the ith unit at 

price 𝑝𝑖  was 𝑝𝑖 − 𝑐𝑖. Sellers had no fixed costs and incurred costs only for units sold.   

                                                           
7 Technically, this is achieved by assigning time delays for future action from the conjugate exponential 
distribution.   
8 including Alton and Plott (2007) and Farmer, Patelli and Zovko (2005). 
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Market Environment:  Demand and Supply Schedules 
In our analysis, each market has 40 traders: 20 buyers and 20 sellers. Each buyer (seller) participates in 

the market for potential trades of up to 3 unique unit redemption values (or unit costs for sellers). We 

explore 2 treatment conditions, named “Market 1” and “Market 2”, such that 

(i) the overall aggregate demand and supply schedules are identical in each market, but  

(ii) the distribution of buyers’ values (sellers’ costs) varies across buyers (sellers) systematically. 

In Market 1, the sum of the 2 highest value (lowest cost) units for each buyer (seller) are 

equal. In Market 2, the sum of buyers’ values (seller’s costs) for buyer 1 (seller 1) is the 

highest (lowest) among all buyers (sellers). This sum of 2 highest value (lowest cost) units for 

buyers (sellers) goes down (up) successively for the remaining buyers (sellers) such that it is 

lowest (highest) for buyer 20 (seller 20). 

 

 

Figure 1 Aggregate Demand and Supply -- All Market Environments 

 

The distribution of redemption values and sellers’ costs for each market are described below. The 

theoretical competitive equilibrium price and quantity is also provided in the table caption.  

Market 1 
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The schedule of values and costs induced in market 1 is shown in the following table: 

Table 1: Values, Costs, CE Predicted Profits in Market Environment 1 

CE:  Price=250, Quantity=40-41, Gini coefficient=0 
Buyers Sellers 

No. Values Predicted profit No. Costs Predicted profit 

1 450 255 250 205 1 50 245 250 205 

2 445 260 245 205 2 55 240 255 205 

3 440 265 240 205 3 60 235 260 205 

4 435 270 235 205 4 65 230 265 205 

5 430 275 230 205 5 70 225 270 205 

6 425 280 225 205 6 75 220 275 205 

7 420 285 220 205 7 80 215 280 205 

8 415 290 215 205 8 85 210 285 205 

9 410 295 210 205 9 90 205 290 205 

10 405 300 205 205 10 95 200 295 205 

11 400 305 200 205 11 100 195 300 205 

12 395 310 195 205 12 105 190 305 205 

13 390 315 190 205 13 110 185 310 205 

14 385 320 185 205 14 115 180 315 205 

15 380 325 180 205 15 120 175 320 205 

16 375 330 175 205 16 125 170 325 205 

17 370 335 170 205 17 130 165 330 205 

18 365 340 165 205 18 135 160 335 205 

19 360 345 160 205 19 140 155 340 205 

20 355 350 155 205 20 145 150 345 205 
Notes: (i) The competitive equilibrium price is 250 and (ii) the competitive equilibrium volume is 40-41 units. (iii) The frequency of 
inframarginal (extramarginal) buyers’ values and sellers’ costs are 40-41 units (19-20 units) respectively. Thus, the frequency of 
inframarginal and extramarginal units are the same across buyers’ and sellers.’  

 

Market 2 
The schedule of values and costs induced in market 2 is shown in the following table: 

Table 2: Values, Costs, CE Profit Predictions in Market Environment 2 

CE:  Price=250, Quantity=40-41, Gini Coefficient = 0.166 
Buyers Sellers 

No. Values Predicted profit No. Costs Predicted profit 

1 450 350 250 300 1 50 150 250 300 

2 445 345 245 290 2 55 155 255 290 

3 440 340 240 280 3 60 160 260 280 

4 435 335 235 270 4 65 165 265 270 

5 430 330 230 260 5 70 170 270 260 

6 425 325 225 250 6 75 175 275 250 

7 420 320 220 240 7 80 180 280 240 

8 415 315 215 230 8 85 185 285 230 

9 410 310 210 220 9 90 190 290 220 
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10 405 305 205 210 10 95 195 295 210 

11 400 300 200 200 11 100 200 300 200 

12 395 295 195 190 12 105 205 305 190 

13 390 290 190 180 13 110 210 310 180 

14 385 285 185 170 14 115 215 315 170 

15 380 280 180 160 15 120 220 320 160 

16 375 275 175 150 16 125 225 325 150 

17 370 270 170 140 17 130 230 330 140 

18 365 265 165 130 18 135 235 335 130 

19 360 260 160 120 19 140 240 340 120 

20 355 255 155 110 20 145 245 345 110 
Notes: (i) The competitive equilibrium price is 250 and (ii) the competitive equilibrium volume is 40-41 units. (iii) The frequency of 
inframarginal (extramarginal) buyers’ values and sellers’ costs are 40-41 units (19-20 units) respectively. Thus, the frequency of 
inframarginal and extramarginal units are same across buyers’ and sellers.’  

 

Competitive Equilibrium Predictions 
A well-known definition of competitive equilibrium (CE) is the quantity Q* and price P* where the supply 

and demand schedules intersect (Marshall 1895, Walras 1877).  These theoretical competitive equilibria 

do not consider any properties about the market mechanism or agent strategies, they are simple 

functions of the market environment alone. The intersection yields a CE prediction for price at 250 in 

each market and the predicted volume of transactions is 40-41 units in each market.  Thus, the first 2 

highest value (lowest cost) units for buyers and sellers are inframarginal and the third unit is 

extramarginal, except for buyer 1 and seller 1 respectively. For buyer 1 (seller 1), the third unit is 

predicted to be exchanged at a profit of 0 or not traded at all.  Therefore, because the third unit of each 

trader either should not trade at P=250 or trade at zero profit, the value (cost) of the third unit is not 

predicted to have any impact on profit in the either market. Given the differences in the distribution of 

buyers’ values and sellers’ costs across traders, differences in the distribution of profits among traders 

are predicted across treatments. The competitive equilibrium prediction for profit distribution across 

treatments is as shown in Tables 1 and 2 above and can be summarized as follows:  

(i) Market 1: complete equality in distribution of profits (individual profits 205 per agent)  

(ii) Market 2: inequality in the distribution of profits (individual profits range from 110 to 300) 

In the following section, we describe the strategies for robot traders in these markets.  

3. Robot Agents and Strategies 
The earlier known characterization of equilibrium in dynamic double auctions was proposed by Wilson 

(1987). Cason and Friedman (1999) reported that beyond the prediction of high ex post trading 

efficiency in double auction markets, many of the other predictions of Wilson’s model are inconsistent 

with the behavior of human participants in laboratory experiments. In response to the difficulties of 

using sophisticated Game theoretic models to analyze and explain the experimental findings in dynamic 

double oral auctions, economists have begun to formulate explicit disequilibrium trading theories based 

on simple yet plausible rules of thumb (Rust, Miller and Palmer 1993). Other studies (Easley and 

Ledyard, Friedman, Garcia) suggested that rationality is not a necessary condition for observing efficient 
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outcomes and convergence to competitive equilibria in double auction markets.  Gode and Sunder 

(1993) showed that markets populated by robots that utilized zero-intelligence (ZI) trading strategies, 

exhibit very high ex post efficiencies, and the corresponding price trajectories frequently converged 

towards the competitive equilibrium predictions within each period. Across periods, however, there is 

no learning with ZI agents, as would occur with human agents and can be demonstrated with special 

environments such as the continuously refreshed environment of Brewer, Huang, Nelson, and Plott 

(2002). Together, these results suggest that the observation of prices that converge towards the 

predictions of the competitive equilibrium occur due to a stochastic sorting dynamic produced by the 

rules of double auction market in environment where gains from trade are scarce9. The ZI trading 

strategy environment, in which traders do not pursue profits and do not observe, remember, or learn 

but are restricted by market discipline, provides a useful benchmark with which outcomes could be 

compared when more sophisticated trading strategies may be employed. 10 

1. Zero Intelligence traders 
Each “zero intelligence” (ZI) trader generated random bids or offers (based on whether it is a buyer or 

seller) distributed independently, identically, and uniformly over a range of potential prices. Market 

discipline is imposed on trader behavior by restricting them from making direct (money) losses. Thus, ZI 

robot traders submit random bids and asks from a uniform distribution with support equal to its budget 

constraint. A buyer’s bids are distributed 𝑈[0, 𝑣], where 𝑣 is buyer’s value for the unit. A seller’s ask is 

distributed over the seller’s budget constraint 𝑈[𝑐, 𝐻] where 𝑐 is the seller’s cost for a unit and 𝐻 is an 

upper limit of potential trading prices. With ZI sellers, a pre-determined upper limit to trading prices is 

necessary as a uniform distribution over the seller’s actual budget constraint; 𝑈[𝑐, ∞) is ill-defined. 

Therefore, typically 𝐻 is set at least as high as the highest buyer’s value (Brewer et al. 2002).11,12 The use 

of ZI traders ensures minimal market discipline without any role for more sophisticated (strategic) 

behavior.  

2. Kaplan’s snipers 
The zero-intelligence trading strategy does not rely on sophisticated behaviour that human participants 

could deploy in double auction experiments. To address this deficiency, we also include, in some 

experiments, agents with a sophisticated trading strategy that emerged as the “winner” in a high stakes 

tournament reported in Rust, Miller and Palmer (1993) which was organized to isolate simple rule of 

thumb strategies that may be deployed by human participants in double auction markets. They received 

a total of 30 programs (rules of thumb trading strategies) of which 15 were submitted by economists, 9 

                                                           
9 Such as the existence of a "Marshallian path" as explored in Brewer, Huang, Nelson, and Plott (2002), whose 
experiments with continuously refreshed supply and demand environments remove the Marshallian path as a 
potential convergence dynamic.   
10 The ZI setup is a limiting case of the approach in Friedman (1991) and Easley and Ledyard (1992) who proposed a 
departure from strategic modelling of individual behaviour.  
11 For practical purposes, the support of the distribution from which the bids and offers could be made was 
restricted from (a) 1 up to the redemption value of the buyer and (b) seller’s cost up to H for a seller. 
12 Note that because of budget restrictions, the distribution from which bids and asks are drawn, depends on the 

induced values and costs. Therefore, the support of the distribution from which bids and asks were drawn 

randomly, is no longer identical across traders. 
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from computer scientists, 3 from mathematicians and remaining 3 from an investment broker, a 

professor of marketing and a joint entry from 2 cognitive scientists. Several of these programs emerged 

from working groups that co-developed sets of strategies. These groups include 7 entries from the 

Economics Science Lab (ESL) at University of Arizona, 3 from University of Minnesota and 2 each from 

University of Colorado (Economics) and Carnegie Mellon University (Computer Science) and 4 entries 

from the Santa Fe Institute. They provide a rich classification of such rules-of-thumb trading strategies 

that were employed by 100 contestants.  

The best performing trading strategy (program) was submitted by the university of Minnesota 

economist Todd Kaplan that earned the highest profits out of 30 trading strategies reported in Rust, 

Miller and Palmer (1993). Kaplan robots follow a “steal the deal” strategy, waiting for a low bid-ask 

spread or a mistake before accepting profitable trades, and then executing a "failsafe" at the end of the 

period if there is remaining opportunity. Thus, they require a market populated by other participants 

(other kinds of robots or humans) who are actively submitting bids and asks.13 In this trading strategy: (i) 

buyers’ wait until (current ask < redemption value) and either a low spread (current ask − current bid) < 

target or a "mistake" (current ask < lowest price seen in the previous period), then send a bid equal to 

the current ask. This causes a transaction.  Similarly, (ii) sellers’ wait until (current bid > cost) and 

(current ask − current bid) < target or (current bid > highest price seen in the previous period), then send 

an ask equal to the current bid. This causes a transaction.  The fail-safe involves an additional strategy of 

trading near the end of the period by accepting the current bid or ask if there is non-zero profit in doing 

so. Operationally, we define the "end of the period" as three or less expected action opportunities for 

the agent to act under the Poisson arrivals distribution.   

This is a simple trading strategy that can be described as nonadaptive, nonpredictive, non-stochastic and 

non-optimizing. The basic idea in the program to wait in the background while other do the negotiating, 

but when bid and ask get sufficiently close or someone makes a big mistake (or offers a "great deal"), 

jump in and steal the deal.  

Due to variation in market conditions (Market 1 and Market 2) and trading strategies we report the 

following treatment conditions in our paper: 

Table 3: Description of treatments 
Robot Trading Strategies Market 1 Market 2 

ZI strategy Market ZI-1 Market ZI-2 

Kaplan strategy Market K-1 Market K-2 

 

4. Results 
Because of the stochastic nature of market trading, due both to random strategies like that ZI robot 

traders and the random arrivals of individuals, there is significant variation in prices, volumes transacted 

and accumulated profits from period to period. Therefore, our results report 1000 replications (periods) 

of each market (treatment).  

                                                           
13 In our simulations, we populate the markets such that there is one ZI trader and rest are Kaplan traders on each 
side of the market.  



10 
 

Example Trading Periods 

Figures 2 and 3, below, present a single example trading period for a market (Market Environment 1) 

populated by ZI agents (Fig. 2), and 38 Kaplan Sniper agents with 2 ZI Agents-1 buyer and 1 seller (Fig. 3).  

Each time series displays experiment time on the horizontal axis, and price on the vertical axis.  Each 

single period example has a single period beginning at t=1000 and concluding just before t=2000.  Bids 

and asks are colored dots, and the series of transaction prices is connected by a line.  Recall that the 

price of a transaction is always determined by an earlier order, so it is common to see high bids 

triggering a transaction at a lower price, from the earlier pre-existing best ask, and it is common to see 

low asks triggering a transaction at a higher price, from the earlier pre-existing best bid.   

With the pure-ZI environment, a single typical period consists of dozens of trades (recall, CE predicts 40-

41 transactions).  In the example, most of these occur early in the period (only one trade after t=1200), 

and it is difficult to separate the individual trades visually in a figure that shows the entire period.     

With the Kaplan Sniper dominated environment, a single period has a much smaller number of trades, 

and we see the failsafe trades that Kaplan Snipers make at the end of the period arriving after t=1900.  

Recall that since the Kaplan Snipers always send bids and asks that accept pre-existing bid or ask in a 

trade, the only trades that can be made by a Kaplan Sniper are with the single ZI trader on each side of 

the market.  This means there can be at most 6 transactions between the ZI traders and Kaplan Sniper 

traders, and fewer than 6 transactions if the two ZI traders trade with each other.  

 

Figure 2 ZI robots – Market 1 -- example trading period  
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Figure 3 95% Kaplan Sniper, 5% ZI – Market 1 --  example trading period 

Prices 

The following figure describe the histograms of observed price in both markets by the trading 

environments. In the ZI trading environment the number of trades are symmetrically distributed around 

the competitive equilibrium price of 250 across markets.  In the Kaplan Sniper dominated environment, 

the trade price distribution shows two or three spikes, and some of these spikes occur away from the 

competitive equilibrium price prediction of 250. 

 Market 1 Market 2 
A. 100% ZI 

traders  
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B. 95% 
Kaplan 
Snipers 

  
Figure 4: Number of Trades (y-axis) by Prices (x-axis) in 1000 periods of each treatment 

To further investigate the distribution of observed prices, we regress observed price on market dummy 

(Mkt=0 for market 1; 1 for market 2) for the various trading environments. The results are reported in 

the following table.  

Table: Regression estimates for observed prices by markets 

 ZI traders Kaplan snipers 

 (1) (2) 

 price Price 

Mkt -0.01 -0.32 

 (0.34) (1.72) 

Constant 250.33*** 250.59*** 

 (0.24) (1.25) 

Observations 84974 8929 

Adjusted R2 -0.000 -0.000 
Notes: (i) “mkt” takes a value 0 for market 1 and 1 for market 2 (ii) Standard errors in parentheses * p < 0.10, ** p < 

0.05, *** p < 0.01(ii) Note that the number of observations in model 1 are much larger than model 2 due to much 

larger transactions in the markets populated by ZI traders than those populated by Kaplan snipers. 

 

Note that the coefficient for the intercept term is 250 and highly significant across trading 

environments. This result is consistent with the results in Gode and Sunder (1993). While the differences 

across markets are not significant across trading environments, the regression approach hides or ignores 

the fact that the Kaplan Sniper price distributions have peaks away from the competitive equilibrium of 

250, instead effectively averaging the prices at the distant peaks together.  

 Efficiency 

To investigate allocative efficiency across markets, we calculated average efficiency per period where 

efficiency was defined as total profit realized as a fraction of maximum profit possible.  In these market 

environments, this maximum possible profit is also the profit predicted by competitive theory. The 

following figure describes the histogram of periods by efficiency of allocation.  
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 Market 1 Market 2 
C. 100% ZI 

traders  

  
D. 95% 

Kaplan 
Snipers 

  
Figure 5: Number of Periods (y-axis) vs. Efficiency of Allocation (x-axis); 1000 periods of each treatment. The 

pure ZI trader markets show from 95-100% efficiency with peaks at 99% efficiency.  The two 95% Kaplan-Sniper 

dominated markets show from 5 to 15% efficiency and are peaked at 6.5% and 8% efficiency respectively.  

As evident from these figures, the average efficiency is very high and close to 100% in markets 

populated by ZI traders. However, the realized efficiency is drastically reduced in markets populated by 

Kaplan snipers. To further investigate the distribution of observed efficiency, we regress average 

efficiency on market dummy (Mkt=0 for market 1; 1 for market 2) for the various trading environments. 

The results are reported in the following table.  

Table: Regression estimates for efficiency by markets 

 ZI traders Kaplan snipers 

 (1) (2) 

 efficiency Efficiency 

Mkt -0.00 -0.24*** 

 (0.03) (0.08) 

Constant 99.01*** 7.45*** 

 (0.02) (0.06) 

Observations 2000 2000 

Adjusted R2 -0.000 0.003 
Notes: (i) “mkt” takes a value 0 for market 1 and 1 for market 2 (ii) Standard errors in parentheses * p < 0.10, ** p < 

0.05, *** p < 0.01 
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The estimates for the intercept term in markets populated by ZI traders is 99.01. The estimate for the 

coefficient for market dummy is not significant. In markets populated by Kaplan snipers, the estimate for 

the intercept term is 7.45 which is low when compared with the maximum possible of 100.  This low 

efficiency occurs because no trading occurs between a Kaplan Sniper Buyer and a Kaplan Sniper Seller, 

so much of the profit possible in the market at competitive equilibrium never occurs.   

The estimate for the coefficient for market dummy is negative and highly significant. This suggests that 

the realized efficiency is slightly lower in market 2 than in market 1.  Because the snipers only trade with 

the ZI traders, and since the two ZI traders (buyer 20 and seller 20) are configured to have lower CE 

profits in Market 2 (profit=110 @CE) vs Market 1 (profit=205@CE), there is less for the snipers to obtain 

from trading with the ZIs in Market 2 and a greater proportion of profit available from (missed) trades 

between snipers and this is reflected in the lower realized efficiency in Market 2.  

Distribution of Profit: Lorenz Curves and Gini Coefficients 

The realized cumulative distribution of profit shares (Lorenz curves) across traders in treatment 1 over 

1000 periods are shown in the following figure for markets 1 and 2 for various trading environments. 

Each Lorenz curve is constructed by first dividing the earned profit in 1000 periods by the total profit 

earned by all agents in the treatment for the 1000 periods to get profit shares in the range 0.0-1.0.  Then 

the profit shares are sorted from low to high.  The Lorenz curve is the cumulative profit share (across all 

agents earning less than or equal to the current agent) vs the proportion of agents represented.  A 

Lorenz curve showing a straight line from (0,0) to (1,1) represents equal profit distribution. 
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 Market 1 Market 2 
E. 100% ZI 

traders  

  
F. 95% 

Kaplan 
Snipers 

  
Figure 6: Lorenz curves for aggregate profit of 1000 periods in each treatment.  The blue line shows 

the Lorenz curve representing an equal profit distribution for each agent.  The green line shows the 

Lorenz curve representing the profit distribution at the competitive equilibrium price of P=250 [note: 

in Market 1 the green line and blue lines should be identical].  The orange line shows the realized 

Lorenz curve representing the sum of profits of 1000 periods of the specified market environment and 

agent type.     

From the Figure 6-E, it is obvious that the realized distribution of profit shares is consistent with 

neoclassical predictions for the case where all traders are ZI traders. In market 1, the realized 

distribution of profit shares appears close to perfect equality and for market 2, the realized distribution 

produces the level of inequality appears close to the neoclassical predictions.  There are slight 

differences, which must be towards inequality in market 1.  The slight differences in market 2 appear to 

be towards slightly more equality because the orange curve (realized) lies above the green curve 

(neoclassical), indicating that the lower and middle profit-ranked agents earn slightly more of the total 

profit than is expected at competitive equilibrium.  This is also confirmed in the individual profit 

statistics in Appendix A, Table A-2, Buyers and Sellers 18-20.   

However, the results are different for the environment where most traders are Kaplan snipers. In both 

market 1 and market 2, the realized distribution of profit shares is more unequal than that predicted by 

the neoclassical theory. The Lorenz curves hide who earns various amounts of profit, but from checking 

the profit values (see Appendix A) we see the ZI traders in both markets realize shares of profit much 

larger than those predicted by the theory and these shares are absolutely much larger than the realized 

profit shares of Kaplan snipers. Therefore, it is not the case that the aggressively strategic Kaplan snipers 

are “robbing” the non-strategic ZI of their fair share, but instead the Kaplan snipers execute most trades 
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in their “failsafe” mode at the end of the period, at whatever prices the two ZIs (buyer 20 and seller 20) 

have set after several rounds of undercutting their own previous bids and asks.   

Gini Coefficients 

Instead of defining Gini coefficients for the sum of profits over 1000 periods -- which is likely to yield a 

similar outcome as the Gini coefficient and Lorenz curve are related -- we will look instead at 

distributions of Gini coefficients calculated for each period.    

Gini coefficients are obtained from the formula: 

Gini Coefficient = Sum of Absolute differences in profits over all (n2) pairs/(2*(n-1)*sum(profit)) 

Where the division by (n-1), instead of n agents, is a normalizing factor suitable for small samples.  If all 

agent profits are equal, the pairwise absolute differences are all zero and the Gini coefficient is zero.  If 

only one of n agents has profit P and the rest receive nothing, 2*(n-1) of the pairwise agent differences 

in profit are P, and the rest are zero, yielding G=2(n-1)P/(2(n-1)P = 1.0.  

 

 

Figure 7:  Histogram of single period Gini Coefficients for 100% ZI Agents, Market 1. 

The mean G is 0.1990 

 

Recall that Market 1 is designed to produce equal profits in competitive equilibria.  Here we see that 

individual periods do provide unequal profits.  This is to be expected given the noisy nature of ZI trading 

that shows a broad price distribution.   
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Figure 8:  Histogram of single period Gini Coefficients for 100% ZI Agents, Market 2. 

The mean G is 0.2427 

In Market 2 the Gini coefficient of competitive equilibrium profits is expected to be 0.166.  Here, with ZI 

traders we see 75% of periods above 0.22 and a mean of 0.2427.  This indicates that in single periods, 

inequality is worse according to the Gini coefficient, than what would be expected in competitive 

equilibrium.  

 

Figure 9:  Histogram of single period Gini Coefficients for 95% Kaplan Sniper Agents, Market 1. 

The mean G is 0.9517 
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As expected from the Lorenz curves of the Kaplan Sniper dominated markets, the Gini coefficients are 

quite high.  This is because most of the profit is earned by the two ZI agents, with very little earned by 

the snipers (see Appendix A).  

 

Figure 10:  Histogram of single period Gini Coefficients for 95% Kaplan Sniper Agents, Market 1. 

The mean G is 0.9295 

 

 

Profit breakdown by individual agents 

The following figures describe the mean realized profit for traders across markets by trading strategy 

environment.  
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Figure 11:  Trader Mean Profit for ZI Agents, Market 1, averaged over 1,000 periods 

 

Figure 11 shows that Market 1 populated with ZI agents exhibits roughly equal profits (red bars), which 

are in noisy agreement with the constant blue bars (theoretical profit at CE of 205 with price P=250).   

 

 

 
Figure 12: Trader Mean Profit for ZI Agents, Market 2, averaged over 1,000 periods 

 
 
Figure 12 shows that Market 2 populated with ZI agents exhibits unequal profits (red bars), which are in 
noisy agreement with the varying blue bars (theoretical profit at CE with price P=250).  Differences 
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between the observed profits and the theoretical profits are seen to be favouring low-profit buyers and 
sellers (red bar higher than blue bar) as opposed to high-profit buyers and sellers (red bar lower than 
blue bar).  That is, the overall market outcome averaged over the 1,000 periods is slightly more equal 
than would be expected from the competitive equilibrium prediction. 
 
 

 
Figure 13: Trader Mean Profit for 95% Kaplan Sniper Agents, 5% ZI Agents, Market 1, averaged over 

1,000 periods. 
 

 

Figure 13 shows that Market 1 dominated by Kaplan Sniper agents exhibits very low average profits for 

the snipers, only a few percent of the expected profit in competitive equilibrium.  The two ZI Agents 

(Buyer 20 and Seller 20) have observed average profit somewhat lower than the CE predictions but 

above all of the sniper profits.  ZI agent profits appear almost equal.  Sniper profits, while low, also 

appear to vary significantly in comparison with other snipers. 
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Figure 14: Trader Mean Profit for 95% Kaplan Sniper Agents, 5% ZI Agents, Market 2, averaged over 

1,000 periods. 

 

Figure 14 shows that Market 2 dominated by the Kaplan Sniper agents also shows that profit of sniper 

agents is on average small compared to the competitive equilibrium predictions.  Here (unlike Figure 13 

which is otherwise similar) the two ZI agents (Buyer 20 and Seller 20) have average profits exceeding the 

predictions of competitive equilibria.   

Sorting out what is happening in the Kaplan Sniper dominated markets requires more data than can be 

discerned from simple rearrangements of the means of agents’ profits, whether displayed as a Lorenz 

Curve or compared directly with CE predictions.  In Appendix A the statistical properties of the individual 

buyer’s and seller’s profit are reported.  We report, for each agent, that agent’s Min, Max, Median, 

Mean, Skewness, and Excess Kurtosis of single period profit for the 1000 periods in each treatment.  

Some patterns that can be seen from the tables in Appendix A: 

• Agents receiving zero profit occurs rarely in the ZI-populated markets (min is rarely zero, 

medians are never 0), but occurs frequently among the Kaplan Snipers in the Kaplan Sniper-

dominated markets (mins are all 0s, medians also show frequent 0s).   

• In the Kaplan-Sniper dominated markets, the ZI agents (Buyer and Seller 20) show mean profits 

slightly above competitive equilibrium profits, and the Kaplan Sniper agents show very low 

mean profits compared to competitive equilibrium.   

• There is some slight skewness and slight excess kurtosis, still significant at the 0.999 level, 

among the ZI agent profits in both Market 1 and Market 2. Max profits are occasionally double 

or more of the expected profit, and similarly the median being less than the mean, all showing 
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the effect of randomness in generating “fatter tails” of occasionally larger profits for agents in 

the ZI-populated markets in both Market 1 (equality) and Market 2 (inequality). 

• In the Kaplan Sniper-dominated markets, the ZI agents show statistically significant negative 

excess kurtosis and the Kaplan Sniper agents show large amounts of excess kurtosis, often have 

zero median profits but high max profits.  This suggests that the ZI agents’ profit distributions in 

the Sniper markets are more compact than in the 100% ZI markets, and that the sniper profits 

have long lottery-like tails.  

The explanation of this set of observations is that it is the consequences of the snipers never trading 

among themselves.  Snipers trade only with the two ZI agents, who are essentially a 

monopolist/monopsonist pair.  The sniper strategy attempts to obtain advantage by initially only trading 

only on exceptionally good offers (“mistakes”) by the ZI agents, or by stealing their deals when the bid-

ask spread is low (a rare event because ZI agent behavior does not seek to progressively tighten market 

spreads before trading but rather is simply random across the budget constraints).  However, these two 

trading events are rare compared to the “failsafe” trades snipers attempt at the end of the period.  

There are then two different effects affecting the price of the failsafe trades:  (i) the ZI agent 

occasionally lowering their ask (or raising their bid) and the market rejecting attempts to raise the ask or 

lower the bid, causing the price filtered through the market from the ZI agent to become progressively 

better, and (ii) the panic “failsafe” mode of the Kaplan Sniper agents buying or selling at any available 

price that is profitable.  The first effect would tend to lower profits of the ZI agents, but the second 

effect may raise profits of the ZI agents by causing the trading of units that are extramarginal relative to 

competitive equilibrium but still within the Kaplan Snipers’ budget constraints.   

5. Conclusions 

An initial reaction to our paper might be that we merely show the predictions of the competitive 

equilibrium, which often produce convergence to a unique CE price and very high levels of allocative 

efficiency are true in environments where agents are merely budget constrained (ZI traders), in accord 

with earlier work by many others. It is not surprising that in this kind of environment, where agents do 

not bring any further sophistication in their strategies, the predicted and observed distribution of profits 

across traders is also consistent with the predictions of the competitive equilibrium. In markets, which 

are designed to be produce complete equality in the distribution of profits, the double auction 

mechanism approximates that outcome. In a market, where some ex post inequality in the distribution 

of profits is chosen, the realized distribution of profits is still consistent with the predictions of the 

competitive equilibrium. These results, however, are conditional on the trading strategies chosen for the 

agents on each side of the market.   

In the environment where agents trading strategies are proxied by a trading strategy (sniping) which is 

known to perform better than any other trading strategy submitted in a previous robotic double auction 

tournament, the observed distribution of profits and levels of efficiency are not consistent with the 

predictions of the competitive equilibrium. Although the observed average prices in this environment is 

still very close to the CE prediction, the price distribution is multipeaked and the observed levels of 

efficiency are very low and much below those observed in market environments populated by the ZI 
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traders. The observed distribution of profits in this environment is much worse than the CE predictions. 

The low frequency of efficient trades and dependency of snipers to react to existing bid-ask 

environment is clearly not a very successful strategy in this environment which produces a more skewed 

distribution of income.  

In terms of whether, we can say anything about market allocation processes beyond their efficiency or 

appearance of converging prices, the answer is yes. The convergence of prices to competitive 

equilibrium predictions, reported in earlier work, and especially when averaged or aggregated to reduce 

variance, can mask the distributional consequences of market processes. In this paper, we have 

reported one such scenario where market outcomes are much worse than that predicted by the 

competitive model.  

The ZI strategy, while non-strategic, through its random trading behavior contributes a kind of beneficial 

speculation that lubricates trading by offering a price even in the absence of information.  The snipers’ 

strategy goes beyond self-interest to embody a kind of harmful opportunism, in the form of avoiding any 

chance of making a pricing mistake early-on, while capitalizing on mistakes made by others, that is 

incompatible with market efficiency and beneficial outcomes.  

While it is true that the trading strategy identified as more sophisticated and successful in one 

environment is not universally most successful, the assertion that merely pursuing self-interest is 

sufficient to guarantee high levels of ex-post allocative efficiency seems misplaced.   
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APPENDIX A 

Statistical Properties of Agent Individual Profit Distributions 

 

Note:  Under assumptions of Normality, the standard errors of Skewness and Excess Kurtosis from a 

sample of size n are sqrt(6/n) and sqrt(24/n) respectively.  For n=1000, the 0.999 significance levels 

(z=3.3) are +/- 0.26 for Skewness and +/- 0.51 for Excess Kurtosis.   

 

Table A-1:  ZI Agents - Market 1 

Buyer 

CE 
Profit at 
P=250 Min Max Median Mean Std. Dev Skewness 

Excess 
Kurtosis 

1 205 15 499 211 214.04 75.15 0.17 0.49 

2 205 15 494 205.5 210.96 75.81 0.43 0.65 

3 205 10 448 204 206.83 74.77 0.17 0.16 

4 205 13 475 199.5 205.06 74.19 0.36 0.41 

5 205 15 547 203 204.76 72.89 0.31 0.47 

6 205 45 475 205 209.68 71.74 0.39 0.16 

7 205 13 500 202 205.03 73.74 0.36 0.53 

8 205 9 483 198 201.43 72.83 0.41 0.67 

9 205 22 525 199.5 203.32 73.04 0.44 0.68 

10 205 18 512 194 200.72 70.87 0.53 0.57 

11 205 10 489 194 198.09 70.87 0.42 0.62 

12 205 9 481 195 201.02 70.92 0.48 0.54 

13 205 15 409 191 194.12 66.46 0.30 -0.01 

14 205 16 422 197 200.68 69.07 0.37 -0.09 

15 205 8 519 192 197.89 68.76 0.55 0.60 

16 205 13 432 196 197.76 68.05 0.29 0.02 

17 205 28 476 190.5 197.09 68.66 0.60 0.66 

18 205 17 478 194.5 198.98 70.88 0.36 0.25 

19 205 10 455 192 198.37 67.71 0.49 0.40 

20 205 16 470 194 200.12 68.02 0.51 0.64 

      

   

Seller 
 

Min Max Median Mean Std. Dev Skewness 

Excess 
Kurtosis 

1 205 1 472 212 217.28 78.43 0.24 -0.01 

2 205 5 521 213 219.68 77.68 0.41 0.64 

3 205 0 523 205 208.05 73.76 0.28 0.30 

4 205 13 481 203 209.56 75.18 0.35 0.18 

5 205 14 467 205 208.73 75.48 0.32 0.29 

6 205 29 515 199 203.40 73.44 0.43 0.34 

7 205 7 516 202.5 206.79 70.78 0.46 1.02 

8 205 7 467 196 198.88 73.31 0.29 0.22 

9 205 20 477 200 204.24 71.93 0.37 0.31 
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10 205 3 496 195 200.97 73.13 0.41 0.52 

11 205 4 462 199 203.88 73.86 0.29 0.11 

12 205 21 492 192 198.33 70.62 0.49 0.53 

13 205 22 440 197 203.55 74.27 0.42 0.11 

14 205 23 445 195 199.75 70.04 0.31 -0.03 

15 205 19 453 192 198.75 66.77 0.41 0.43 

16 205 32 410 194 198.71 65.32 0.35 0.29 

17 205 38 513 190 198.56 68.00 0.60 0.80 

18 205 18 484 192 198.03 69.90 0.61 0.52 

19 205 32 452 191 197.32 67.22 0.49 0.25 

20 205 35 455 194 198.82 64.58 0.53 0.60 

          

Table A-2:  ZI Agents - Market 2 

Buyer 

CE 
Profit at 
P=250 Min Max Median Mean 

Std. 
Dev Skewness 

Excess 
Kurtosis 

1 300 42 598 286 292.09 82.31 0.28 0.55 

2 290 9 583 275 277.02 81.33 0.17 0.55 

3 280 51 566 266 269.70 82.85 0.25 0.10 

4 270 61 529 249 254.21 76.26 0.29 0.39 

5 260 37 606 246 248.32 77.89 0.23 0.63 

6 250 19 524 235 236.06 77.33 0.23 0.31 

7 240 11 511 224 228.27 77.38 0.31 0.51 

8 230 22 523 211.5 216.73 75.25 0.41 0.66 

9 220 18 454 207 209.40 72.86 0.36 0.36 

10 210 24 469 198 202.75 72.14 0.41 0.50 

11 200 27 438 190 195.45 68.53 0.42 0.12 

12 190 13 487 181 189.31 72.68 0.51 0.59 

13 180 20 412 176 184.22 69.85 0.45 0.16 

14 170 20 415 168 172.92 64.19 0.31 0.14 

15 160 8 401 157 163.94 65.70 0.56 0.31 

16 150 5 393 152 158.60 64.85 0.47 0.22 

17 140 12 354 139.5 147.40 63.31 0.61 0.35 

18 130 6 367 136 139.93 60.10 0.56 0.50 

19 120 6 402 127 135.23 61.96 0.77 0.84 

20 110 0 350 117 124.74 57.98 0.69 0.54 

         

Seller 
 

Min Max Median Mean 

Std. 
Dev Skewness 

Excess 
Kurtosis 

1 300 88 590 289 290.83 83.24 0.32 0.23 

2 290 15 573 276 280.39 80.99 0.18 0.25 

3 280 38 632 263 265.27 79.39 0.27 0.85 

4 270 38 560 254.5 259.70 78.41 0.29 0.42 

5 260 34 578 250.5 248.84 76.87 0.13 0.23 

6 250 27 565 235 239.36 76.14 0.43 0.77 

7 240 44 510 229 230.53 71.81 0.27 0.13 
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8 230 21 642 219 225.22 75.04 0.48 1.14 

9 220 9 604 206.5 212.22 73.67 0.58 1.34 

10 210 10 465 200 203.85 69.47 0.38 0.39 

11 200 17 473 189 196.40 74.46 0.52 0.38 

12 190 28 425 185 192.29 72.05 0.52 0.24 

13 180 13 433 175 179.60 67.89 0.43 0.28 

14 170 9 422 166.5 171.83 65.66 0.41 0.46 

15 160 15 423 162 167.34 64.78 0.48 0.37 

16 150 8 388 149 155.66 61.89 0.51 0.26 

17 140 16 411 139 149.58 65.27 0.77 0.75 

18 130 1 409 130.5 141.19 65.65 0.78 0.69 

19 120 8 419 126 133.46 60.23 0.71 0.90 

20 110 4 434 121 129.03 60.93 0.67 0.76 

                  

Table A-3: Kaplan Sniper Agents (95%) with ZI (5%) - Market 1 

Buyer 
 

Min Max Median Mean 
Std. 
Dev Skewness 

Excess 
Kurtosis 

1 205 0 302 0 9.44 41.01 5.30 30.75 

2 205 0 298 0 8.01 35.07 5.54 35.54 

3 205 0 293 0 8.12 35.02 5.50 34.98 

4 205 0 288 0 8.09 35.33 5.67 36.81 

5 205 0 282 0 8.28 36.12 5.68 36.19 

6 205 0 275 0 8.20 35.46 5.56 34.40 

7 205 0 273 0 6.89 30.24 6.17 45.22 

8 205 0 263 0 7.41 33.85 6.01 39.79 

9 205 0 265 0 5.63 27.73 6.91 54.71 

10 205 0 257 0 6.79 32.19 6.42 44.62 

11 205 0 250 0 5.68 29.08 6.85 50.74 

12 205 0 247 0 5.65 27.22 6.77 51.00 

13 205 0 244 0 5.12 27.57 7.29 56.50 

14 205 0 235 0 5.84 29.50 6.52 44.25 

15 205 0 230 0 4.14 22.93 8.28 74.56 

16 205 0 223 0 2.61 20.13 10.20 107.19 

17 205 0 224 0 4.64 26.45 7.29 54.03 

18 205 0 219 0 4.44 26.33 7.36 54.24 

19 205 0 215 0 2.57 18.81 10.29 108.09 

ZI-20 205 10 414 183 186.29 85.81 0.15 -0.56 

Seller 
 

Min Max Median Mean 
Std. 
Dev Skewness 

Excess 
Kurtosis 

1 205 0 302 0 8.53 37.68 5.59 35.58 

2 205 0 295 0 8.22 37.39 5.66 35.62 

3 205 0 294 0 6.61 33.07 6.39 46.36 

4 205 0 290 0 8.99 40.27 5.47 31.96 

5 205 0 284 0 8.25 38.36 5.79 35.87 

6 205 0 279 0 8.08 34.75 5.78 37.98 

7 205 0 270 0 7.49 33.05 5.90 39.33 

8 205 0 265 0 7.84 34.07 5.84 38.08 
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9 205 0 263 0 7.10 31.78 6.03 40.81 

10 205 0 259 0 5.29 27.38 7.23 58.75 

11 205 0 253 0 6.63 30.31 6.37 44.91 

12 205 0 250 0 5.32 26.48 7.19 57.69 

13 205 0 243 0 3.92 20.93 8.86 92.51 

14 205 0 237 0 5.23 27.84 7.23 54.83 

15 205 0 234 0 3.72 23.15 8.63 78.56 

16 205 0 230 0 3.23 21.11 9.43 93.59 

17 205 0 225 0 5.52 29.96 6.57 42.82 

18 205 0 219 0 3.44 21.95 8.80 79.38 

19 205 0 212 0 2.92 20.79 9.42 89.29 

 ZI-20 205 0 400 191 190.54 85.92 0.05 -0.66 

 

Table A-4: Kaplan Sniper Agents (95%) with ZI (5%) - Market 2 

Buyer 
CE Profit at 
P=250 Min Max Median Mean 

Std. 
Dev Skewness 

Excess 
Kurtosis 

1 300 0 305 0 14.07 46.50 3.52 11.69 

2 290 0 299 0 14.12 46.79 3.57 12.32 

3 280 0 266 0 12.80 42.49 3.54 11.84 

4 270 0 285 0 9.82 37.91 4.23 17.75 

5 260 0 332 0 13.75 45.53 3.66 13.54 

6 250 0 276 0 10.02 37.51 4.10 16.68 

7 240 0 268 0 9.94 36.50 4.06 16.48 

8 230 0 266 0 10.13 36.48 4.18 18.17 

9 220 0 257 0 10.88 38.64 3.84 14.43 

10 210 0 160 0 7.28 29.65 4.39 18.56 

11 200 0 249 0 8.55 32.78 4.31 18.87 

12 190 0 250 0 8.33 32.59 4.45 20.29 

13 180 0 272 0 6.19 27.66 5.36 31.32 

14 170 0 236 0 7.14 28.47 4.60 21.73 

15 160 0 230 0 5.85 24.69 4.91 24.85 

16 150 0 228 0 5.91 26.72 5.01 25.84 

17 140 0 189 0 5.85 24.89 4.57 20.15 

18 130 0 230 0 6.28 26.76 4.68 22.62 

19 120 0 190 0 5.18 22.87 4.63 20.61 

ZI-20 110 1 314 121 121.66 63.14 0.22 -0.59 

         

Seller 
CE Profit at 
P=250 Min Max Median Mean 

Std. 
Dev Skewness 

Excess 
Kurtosis 

1 300 0 303 0 14.53 47.06 3.46 11.39 

2 290 0 388 0 13.76 48.14 3.93 15.90 

3 280 0 289 0 13.70 43.65 3.39 10.86 

4 270 0 289 0 11.35 40.63 4.02 16.56 

5 260 0 282 0 11.18 39.54 3.97 15.92 

6 250 0 259 0 10.52 38.29 3.88 14.42 

7 240 0 273 0 9.00 34.59 4.21 17.54 

8 230 0 234 0 10.32 36.75 3.77 13.49 
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9 220 0 262 0 8.55 34.32 4.60 21.96 

10 210 0 255 0 9.09 34.69 4.32 19.03 

11 200 0 247 0 7.42 30.50 4.60 21.37 

12 190 0 292 0 8.14 31.69 4.44 20.89 

13 180 0 245 0 7.63 31.01 4.63 22.46 

14 170 0 239 0 7.05 30.26 4.83 24.16 

15 160 0 233 0 7.80 30.67 4.51 20.97 

16 150 0 229 0 7.03 29.28 4.76 23.51 

17 140 0 223 0 6.46 27.61 5.02 26.42 

18 130 0 214 0 5.73 25.11 5.04 26.58 

19 120 0 189 0 5.45 23.15 4.50 19.30 

 ZI-20 110 2 304 119 122.92 63.39 0.25 -0.61 

 

 




