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Abstract
Using double auction market experiments with both human and agent traders, we 
demonstrate that agent traders prioritising low latency often generate, sometimes 
perversely so, diminished earnings in a variety of market structures and configura-
tions. With respect to the benefit of low latency, we only find superior performance 
of fast-Zero Intelligence Plus (ZIP) buyers to human buyers in balanced markets 
with the same number of human and fast-ZIP buyers and sellers. However, in mar-
kets with a preponderance of agents on one side of the market and a noncompeti-
tive market structure, such as monopolies and duopolies, fast-ZIP agents fall into 
a speed trap. In such speed traps, fast-ZIP agents capture minimal surplus and, in 
some cases, experience near first-degree price discrimination. In contrast, the trader 
performance of slow-ZIP agents is comparable to that of human counterparts, or 
even better in certain market conditions.
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1 Introduction

Automation and low-latency technology have fundamentally transformed trading in 
marketplaces. In financial markets, algorithmic trading accounts for more than 50% 
of all trades (Financial Times, 2018). One perceived advantage of an algorithmic 
trader (AT) is the speed with which it can act (cf. Baron et al., 2019). Flash crashes, 
which are becoming increasingly common, raise the question of whether fast trad-
ing is beneficial in every market situation. Thin (illiquid) and unbalanced markets, 
where ATs congregate on either the demand or supply side of the market, can expe-
rience perverse disruptions with ATs incurring significant losses. The first promi-
nent flash crash of May 6th, 2 010 was triggered by a single large sell order executed 
by an AT. This resulted in a 6% drop in major equity indices (SEC, 2010).1 Events 
like flash crashes suggest that traders acting with ultrafast speed can have detrimen-
tal effects in thin and unbalanced markets. In particular, the presence of low-latency 
ATs can contribute to the occurrence of flash crashes in markets, as experimentally 
demonstrated by Asparouhova et al. (2019).2

We report on an exploratory study examining the effects of speed on allocative 
efficiency and trading performance in hybrid markets populated with human traders 
and ATs. One treatment variable is the speed at which the ATs act. In a hybrid ses-
sion, the ATs are one of two implementations of Zero-Intelligence Plus (ZIP here-
after) agents, introduced by Cliff and Bruten (1997). All ATs are either slow-ZIP, 
which seeks to submit limit orders every five seconds on average, or fast-ZIP, which 
seeks to submit limit orders every second on average. A second treatment variable 
is market balance, the trader composition of the demand or supply sides of the mar-
ket. We distinguish between balanced markets in which there is the same number of 
human and agent buyers and sellers and unbalanced markets in which one side of 
the market is populated by humans and the other side by a single type of AT. The 
third treatment variable is the market structure. We adopt three structures character-
ised by six sellers (Competitive), two sellers (Duopoly), and one seller (Monopoly) 
while maintaining a constant demand side of six buyers.

We find that the effects of speed on individual earnings and market performance 
are critically dependent on market structure and balance. Our first result is a par-
tially successful replication of Das et  al. (2001), who first demonstrated that fast-
ZIP agents outperformed human traders in balanced competitive markets. We only 
find superior performance of fast-ZIP agents compared to human participants as 
buyers in a similar balanced competitive market setting.3 In a second key result, in 

1 More recent prominent examples of flash crashes include the Japanese Yen in foreign exchange mar-
kets (Bloomberg, 2019; Reuters, 2019) where liquidity droughts around Japanese holidays and positional 
skews of retail traders can lead to thin (illiquid) and unbalanced markets and ideal conditions for flash 
crashes to occur.
2 Unlike Asparouhova et  al. (2019), we do not address the important phenomenon of the endogenous 
decisions to adopt robot traders and on which side of the market to operate, rather we study the condi-
tional impacts of such decisions.
3 Our findings thus suggest that the results of Das et al. (2001) are knife-edge and crucially rely upon 
factors such as market balance and structure, as well as potentially upon human trader characteristics.
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unbalanced monopoly and duopoly markets, we find that fast-ZIP sellers fail to exer-
cise market power and generate perverse market outcomes in which prices resemble 
first-degree price discrimination against the agent traders, echoing flash crash inci-
dences in financial markets. In contrast, as a third key result we find that slow-ZIP 
agents can outperform fast-ZIP agents, and in some cases even human traders under 
alternative market structures. Therefore, we provide evidence that slower speed/
patience, even by mechanical design, can lead to better trading performance under 
certain market conditions.

To assess the robustness, and in an ad hoc attempt to identify the mechanisms 
driving our results, we assess human adaptation and the correlations between indi-
vidual characteristics and documented treatment effects. It turns out that most of our 
results are robust to the inclusion of individual characteristics. In addition, as dem-
onstrated by the original experimental market studies of Smith (1962), adaptation 
plays a vital role in the convergence toward competitive market equilibrium. We find 
that the inferior trading performance of fast-ZIP agents improves over time, although 
human traders over time still retain this superior trading performance under most 
market conditions and trader roles. We also find that slow-ZIP buyers initially out-
perform human buyers (in corresponding baseline treatments) in both unbalanced 
competitive and duopoly markets. However, estimated adaptation effects suggest 
these earning differentials fully dissipate by the end of the experimental sessions.

We contribute to the literature on trading heuristics in the continuous double auc-
tion (CDA). After the seminal studies by Smith (1962, 1981) which established that 
CDAs robustly generate competitive equilibrium outcomes even with small numbers 
of traders, subsequent efforts attempted to develop accurate models of trader behav-
iour in the CDA (e.g., Wilson, 1987, Friedman, 1991, Easley & Ledyard, 1993, and 
Gjerstad & Dickhaut, 1998). Gode and Sunder (1993) pivoted this literature with 
simulations demonstrating that Zero Intelligence (ZI) agents, who randomly make 
welfare-improving trade proposals, robustly realised social welfare maximizing allo-
cations in a CDA.4 Their study triggered the development of incrementally more 
sophisticated trading agents to establish the lower bounds of rationality, at which 
ATs could reproduce the trading patterns of humans or even outperform them. Cliff 
and Bruten (1997) developed a prominent type of ZIP agent by augmenting ZI 
agents with the ability to learn from market events. Gjerstad and Dickhaut (1998) 
developed a trading agent that determines its actions based on subjective belief func-
tions of the probability of whether their bid or offer will be rejected; these functions 
are updated using observed market data. Both studies used computer simulations to 
demonstrate that their respective models are capable of generating price dynamics 
and allocative efficiency (the percentage of potential trade gains that are realised) 
similar to those generated in pure human experiments.

A subsequent wave of studies examined the interaction of human subjects and 
ATs in hybrid experiments and revealed asymmetries between the performance of 

4 In these ZI simulations, while the allocation of units generally coincides with the competitive equi-
librium one, prices only approached equilibrium ones during the latter stages of trading activity within 
trading periods as a result from the probabilistic Marshallian order of trades induced by the ZI strategies.
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humans and ATs. Das et al. (2001) first demonstrated that robot traders, following 
simple adaptive trading rules and reacting quickly, could outperform human traders 
while contemporaneously participating in a CDA. Gjerstad (2007) found that impa-
tient versions of the Gjerstad and Dickhaut agents performed similarly to humans, 
and pace has an important influence on the performance of agents, with patient ver-
sions of these agents fairing the best. Our results extend those of Gjerstad by dem-
onstrating that trading fast yields better results than trading slow primarily in bal-
anced competitive markets, and it yields the opposite results in less competitive and 
unbalanced market structures.

Grossklags and Schmidt (2003, 2006) conducted hybrid experiments in a 
more complex environment with agents following an arbitrage strategy. However, 
they found that the interaction between the trading agents and human participants 
decreased efficiency. Cartlidge et  al. (2012) and Angerer et  al. (2023) conducted 
human-agent experiments in which they varied the speed of the agents. The former 
found that agents that act too quickly have negative effects on market efficiency, 
while the latter found that faster agents are more effective at harvesting arbitrage 
opportunities in fragmented asset markets, resulting in stronger adherence to a law 
of one price.

We proceed to the next section, laying out our experimental design. In section 
three, we present extensive data analysis which establishes our main results. We dis-
cuss the limitations of our study and potential drivers of our treatment effects in the 
penultimate section. Section five concludes.

2  Experimental design

2.1  Market environment and treatments

Our experimental design focusses on the participation in a CDA with a commonly 
induced market supply and demand pair (Smith, 1976) in all treatments, as depicted 
in Fig. 1. The market supply (demand) schedule consists of the private costs (val-
ues) of individual units for sellers (buyers). We choose an asymmetric pair of supply 
and demand schedules. In the competitive equilibrium of this configuration, buy-
ers derive their profits fairly evenly across their traded units, while sellers derive 
a greater proportion of their profits from early traded units. Therefore speed, bal-
ance, and competitive factors can all impact buyers and sellers differently in this 
configuration.5

In addition to a competitive market structure, we also employ “non-competitive” 
market structures, monopoly, and duopoly, to explore the effects of speed in mar-
ket conditions with different levels of market power. The equilibrium characteris-
tics of these three market structures are summarised in Table  1. The competitive 
equilibrium yields a lower equilibrium price compared to a monopoly and duopoly 

5 We provide evidence that our results hold for an alternative supply–demand configuration in the simu-
lation results in “Online Appendix D”.
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structure when market power is concentrated on the seller side. We choose a con-
figuration in which the alternative solutions yield the same quantity traded as the 
competitive equilibrium. This allows us to focus on the agents’ ability to capture 
surplus through effective price negotiation rather than their ability to withhold units 
from the market.

Our experimental treatment design is presented in Fig.  2. There are 17 differ-
ent treatments in total. The first part of the treatment label denotes the number (1, 
2, or 6) and type (H–Human, FZ–Fast ZIP, SZ–Slow ZIP) of sellers, the second 
part denotes the number and type of buyers in the market. We establish baselines of 
pure human interactions for the market structures considered: competitive (6H-6H), 
duopoly (2H-6H), and monopoly (1H-6H). The balanced treatments (Balanced-FZ, 
Balanced-SZ) consist of 3 human buyers and sellers and 3 ZIP buyers and sellers. 
In these balanced treatments, each human trader has an agent ’clone’ with the same 
schedule of reservation values/unit costs. For unbalanced markets, human traders 
and ZIP agents populate only one side of the market, either the supply or demand 

Monopoly: Price=305, Quantity=18

Competitive: Price=260, Quantity=18

150

200

250

300

350

0 10 20 3018

ecir
P

Unit

Fig. 1  Aggregate supply–demand schedules. This figure presents the supply and demand schedules com-
mon to all treatments, with aggregate units on the x-axis and the price for individual units on the y-axis

Table 1  Theoretical equilibrium price, units traded, and earnings

This table provides for the three market structures the theoretical predictions for equilibrium price, units 
traded, seller and buyer aggregate earnings, and total market earnings

Market structure Equilib-
rium price

Units traded Sellers’ earnings Buyers’ earnings Total earnings

Competitive 260 18 1060 1050 2110
Monopoly 305 18 1870 240 2110
Duopoly 305 18 1870 240 2110
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side. For unbalanced competitive markets, slow/fast-ZIP agents are either buyers 
(6H-6SZ, 6H-6FZ) or sellers (6SZ-6H, 6FZ-6H). Similarly, for unbalanced duopoly 
markets, slow/fast-ZIP agents represent either duopolists (2SZ-6H, 2FZ-6H) or buy-
ers (2H-6SZ, 2H-6FZ), and for unbalanced monopoly markets, they represent either 
monopolists (1SZ-6H, 1FZ-6H) or buyers (1H-6SZ, 1H-6FZ). We conducted 8 ses-
sions for each treatment, except for treatment 2H-6SZ, for which we conducted 9 
sessions. In all treatments, the instructions state that there may be computer agents 
present in the market.

2.2  Trading agents

Cliff and Bruten (1997) developed ZIP agents which augment ZI traders with 
adaptive price expectations based on previously accepted or rejected bids and 
offers. In particular, agents start with an initial expectation of the transaction price 
pi based on their value or cost λi and a latent surplus demand (or profit margin) 
� ∶ pi(t) = �i(1 + �(t)).

Price expectations are adjusted every time a bid or offer is submitted to the mar-
ket and either accepted (resulting in a trade) or rejected (resulting in an addition to 
the order book). If a trade occurs at a price q that is higher than the expected price pi 
for unit i of a seller (buyer), the seller (buyer) increases (decreases) his profit margin 
μ. Otherwise, if q is less than pi, the seller (buyer) decreases (increases) his profit 
margin μ. The algorithm constrains the profit margin to be nonnegative. The size of 
the adjustment of the profit margin is proportional to a learning rate parameter β. We 
provide the complete specification of the ZIP algorithm in “Online Appendix B”.

As the ZIP algorithm uses reservation values in the formulation of bids or offers, 
we note that this generally leads to a bias, positive or negative depending upon the 
market supply and demand schedules, in the initial prices of any market period. Con-
sequently, our analysis does not compare the relative performance of buyers versus 
sellers. Rather, we analyse paired individual differences between human participants 

Fig. 2  Experimental treatment design. This figure provides an overview of the treatments in the experi-
ment. The first part of the acronym denotes the number of sellers and their type (H–Human, FZ–Fast 
ZIP, SZ–Slow ZIP), the second part denotes the number of buyers and their type (H–Human, FZ–Fast 
ZIP, SZ–Slow ZIP). In baseline treatments (6H-6H, 2H-6H, 1H-6H), traders consist of only human par-
ticipants. In balanced competitive markets, traders consist of three human buyers and sellers, and either 
three fast-ZIP buyers and sellers (Balanced-FZ) or slow-ZIP buyers and sellers (Balanced-SZ). For 
unbalanced markets, humans and ZIP agents are either on the demand or supply side of the market
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and trading agents in balanced markets (differences are calculated for each human-
agent pair with the same role and private values). For unbalanced markets, we fix the 
role and market setting to compare differences between human participants in the 
same role, trading against different types of ZIP agents or other human participants.

Our experimental treatments study two ZIP types defined by differential speed, 
i.e., fast-ZIP and slow-ZIP, related to their specific sleep–wake cycles. Agents are 
only allowed to submit or update their orders after a specific time interval. Fast-ZIP 
agents have a sleep/wake cycle that is a random variable with a uniform probabil-
ity distribution for 0.75 to 1.25  s; slow-ZIP agents’ sleep/wake cycle is a random 
variable with a uniform probability distribution for 3.75 to 6.25  s. Following the 
implementation of fast- and slow-ZIP agents by Das et al. (2001), fast- and slow-ZIP 
agents operate on slightly different information sets; slow-ZIP agents do not react to 
rejected bids or offers, whereas fast-ZIPs do.

2.3  Trading process

Each participant participates in a single treatment and session, consisting of one 
market setting. Each market setting is run for 8 consecutive trading periods, each 
lasting 2.5 min. A participant is privately informed of the redemption value for buy-
ers (or costs for sellers) vi for unit i, i = 1, …, 5 (i = 1, …, 15 for duopoly scenario, 
and i = 1, …, 30 for monopoly scenario), which is drawn from the specified supply 
and demand functions. The information about the private values/costs of the units 
is given to the trader at the beginning of each period. Each limit order and each 
transaction are valid for a single unit, and a crossing of bid and ask prices leads to a 
transaction price equal to the earlier submitted of the two. See “Online Appendix A” 
for the full set of instructions and screen captures of the software interfaces.

2.4  Experimental procedures and individual assessments

The experiment was conducted in the laboratory of the Centre for Behavioural 
and Experimental Research at Wuhan University and in accordance with its ethics 
guidelines. Participants were recruited using the Ancademy System (https:// www. 
yanzh onglab. com/). A total of 746 students (mean age = 20.2; Gender: 436 females; 
309 males, this data is missing for one subject) participated in 24 sessions. The 
participants were almost exclusively students from Wuhan University and enrolled 
in a broad cross-section of majors. An experimental session lasted no more than 
120 min. The minimum payoff was a show-up fee of 20 Chinese Yuan. Depending 
on their trading behaviour in the experiment, the average payoff per participant was 
82.7 Chinese Yuan (Min = 35.3, Max = 137.2).

To assess their individual characteristics, participants completed three tasks at 
the beginning of the experiment. The purpose of each respective task is to meas-
ure theory of mind, cognitive reflection, and reaction speed. Details of the tasks are 
provided in “Online Appendix C”. After completing the tasks, we provide partici-
pants with a hard copy of the instructions for market participation, which are also 
conveyed verbally by playing an audio recording to ensure consistency between 

https://www.yanzhonglab.com/
https://www.yanzhonglab.com/
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sessions. The translated instructions can be found in “Online Appendix A”. We also 
conduct a trial period before the actual experiment to acquaint participants with the 
trading interface. We implemented the above-described market design using a mar-
ket platform on the Ancademy System. The trading interface is depicted in Fig. A.4 
in “Online Appendix A”. At the end of the experiment, the participants complete a 
questionnaire with general questions about their age, sex, and background. In addi-
tion, they are asked to provide their assessments of the market with respect to the 
number of active computer agents and the number of buyers and sellers. The ques-
tionnaire is not compulsory for subjects and can be found in “Online Appendix C”.

3  Results

In this section, we highlight the differential effects of speed in both balanced com-
petitive markets and unbalanced markets. In balanced competitive markets, speed 
leads to superior performance of fast-ZIP buyers. In unbalanced markets, speed is 
detrimental to trading performance, as fast-ZIP agents are trapped in perverse mar-
ket outcomes. Fast-ZIP agents make price concessions too quickly, and thus realise 
lower profits compared to other trader types.

3.1  Balanced competitive markets

3.1.1  Data visualisations for representative trading sessions

We start by presenting the trade and price dynamics for a representative session of 
the competitive baseline treatment and each of the two balanced competitive treat-
ments. In Fig. 3a, the 6H-6H session exhibits variable trade prices at the beginning 
of the session and then converges towards the equilibrium price. In the Balanced-FZ 
session, Fig. 3b, market periods begin almost exclusively with ZIP-ZIP (ZZ) trades, 
followed by human–human (HH) and human-ZIP agent (HZ/ZH) trades. Like the 
6H-6H session, prices become less variable during the session, but the convergence 
to the equilibrium price takes more periods. In Fig.  3c, the Balanced-SZ session 
shows different dynamics. HH trades are the most prevalent type at the beginning 
of each period, and their transaction prices are noticeably lower than the equilib-
rium price. Furthermore, trades between humans and agents in the Balanced-SZ ses-
sion are more evenly distributed throughout the trading period compared to the Bal-
anced-FZ session, implying that human traders and slow-ZIPs trade at a comparable 

Fig. 3  Example trading sessions for balanced competitive treatments. This array of figures presents trade 
prices across the 8 trading periods for three representative trading sessions of the baseline and the bal-
anced competitive sessions. There is a representative subfigure for each of the three treatments: Humans 
only (6H-6H, a), Balanced-FZ (b), and Balanced-SZ (c). Triangles denote trades between two human 
traders (HH), dots denote trades between two ZIP agents (ZZ), and crosses denote trades between a 
human trader and a ZIP agent (HZ or ZH, with the first character denoting the type of seller and the sec-
ond the type of buyer). Seller-initiated trades, i.e., a limit ask is accepted, are further indicated by a black 
open circle. a Trade prices of a representative 6H-6H trading session. b Trade prices of a representative 
Balanced-FZ trading session. c Trade prices of a representative Balanced-SZ trading session

▸
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speed. In contrast, the clustering of ZZ trades implies that fast-ZIPs operate at a 
comparably faster speed. This observation is in line with the “robot phase transition” 
phenomenon found by Cartlidge and Cliff (2013).

Within a period, early prices in the Balanced-SZ and Balanced-FZ sessions are 
typically lower than the equilibrium price. The transaction prices then increase over 
the period. Closer inspection reveals that these early low prices are largely initiated 
by underpriced sell orders. These asks are more likely initiated by faster sellers; 
whose earnings inevitably suffer.

3.1.2  Trade prices, market efficiency, and earnings shares

Table 2 shows by treatment the average prices, average market efficiency (the ratio 
of total realised trader earnings and total earnings in equilibrium), and the realised 
earnings shares of each trader type: Human Sellers, Human Buyers, ZIP Sellers, 
and ZIP Buyers. Table  3 shows the results of the Wilcoxon signed rank test that 
compares the differences in the human and agent counterpart earnings at the session 
level. In all three treatments, market efficiency exceeds 98% on average, with nearly 
all potential gains from trade being realised. However, the distribution of earnings 

Table 2  Trade prices and earnings shares in balanced competitive markets

This table presents the average trade prices, market efficiency, and earnings shares of the types of sellers 
and buyers and by treatment for balanced competitive markets. Standard deviations are in parentheses

Treatment Average price Market efficiency Human earnings ZIP earnings

Sellers Buyers Sellers Buyers

Theoretical benchmark 260 100% 50.24% 49.76% – –
6H-6H (Baseline) 259

(11.731)
98.95%
(0.015)

48.73%
(0.103)

50.22%
(0.103)

– –

Balanced-FZ 254
(9.093)

98.90%
(0.014)

24.15%
(0.029)

24.82%
(0.022)

20.01%
(0.069)

29.92%
(0.071)

Balanced-SZ 245
(13.490)

98.39%
(0.028)

18.99%
(0.061)

32.06%
(0.064)

17.89%
(0.059)

29.45%
(0.055)

Table 3  Performance 
comparison between human and 
agent trader pairs in balanced 
treatments

This table presents the average individual earnings across periods 
and traders for different trader types (ZIP or H) at the session level 
for the two balanced competitive treatments (Balanced-FZ and Bal-
anced-SZ). Two-sided p values based on Wilcoxon signed rank test 
results are recorded in parentheses. ***, **, and * denote statistical 
significance at the 0.01, 0.05, and 0.1 levels

Treatment Buyers (ZIP vs. H) Sellers (ZIP vs. H)

Balanced-FZ z = 2.521**
(0.012)

z =  − 2.521**
(0.012)

Balanced-SZ z =  − 2.240**
(0.025)

z =  − 1.400
(0.161)
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among trader types varies significantly between treatments. Human sellers achieve 
24.15% of total earnings in the Balanced-FZ treatment, while only 18.99% in the 
Balanced-SZ treatment. In contrast, human buyers achieve a 7.24% earnings share in 
the Balanced-SZ treatment compared to the Balanced-FZ.

To compare the differences in human and their ZIP counterpart earnings at 
the session level, we present the results of nonparametric Wilcoxon signed rank 
tests in Table  3.6 We find that fast-ZIP buyers perform better than human buy-
ers (p value = 0.012), but fast-ZIP sellers perform worse than human sellers (p 
value = 0.012). Human buyers perform better than their slow-ZIP counterparts (p 
value = 0.025), while there is no significant difference between human sellers and 
slow-ZIP sellers (p value = 0.161).

3.1.3  Trading volume

Competitive equilibrium predicts that 50% of all trades will be between human and 
ZIP agents (HZ/ZH), and the remainder is evenly split between HH trades (trades 
between human traders) and ZZ trades (trades between ZIP agents). Table 4 provides 
detailed statistics on the percentage of trades between different types of traders.

In the Balanced-FZ treatment, approximately 35% of the trades are ZZ ones, 
likewise for HZ/ZH trades, and approximately 29% of the trades are HH ones. This 
leads us to reject the hypothesis that for a given trade the probability that both the 
buyer and the seller are human is 50% and that these probabilities are independ-
ent (Chi-square = 54.8, p value = 0.000). This bias towards HH and ZZ trades in the 
market is similar to the results of Cartlidge and Cliff (2013). In contrast, in the Bal-
anced-SZ treatment HZ/ZH trades represent 48% of the conducted trades, and HH 
and ZZ trades represent around 26%. In fact, we cannot reject the hypothesis that for 
a given trade the probability that both the buyer and the seller are human is 50% and 
that these probabilities are independent (Chi-square = 0.7, p value = 0.715).

Table 4  Statistics of trading volume in balanced markets

This table presents the average number of trades (Volume) and the standard deviation, and the distri-
bution of trades by treatment and trader types in balanced competitive markets in percent. HH denotes 
trades between two human traders, HZ/ZH denotes trades between one human trader and one ZIP agent, 
and ZZ denotes trades between two ZIP agents

Treatment Average volume SD. volume HH trades (%) HZ/ZH trades (%) ZZ trades (%)

6H-6H 18.59 0.75 100.00
Balanced-FZ 19.59 0.92 28.73 35.75 35.52
Balanced-SZ 18.70 0.89 25.75 48.36 25.89

6 Using the session as the unit of observation is a cautious approach to rule out possible dependencies of 
within session observations.
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3.1.4  Individual trader performance

To allow further control for other determinants of earning performance, we ana-
lyse individual period earnings using regression analysis. The dependent variable is 
the paired difference between the earnings of a human participant (EarningsH) and 
his ZIP agent clone in the same role with the same private values (EarningsZ). By 
regressing the earnings difference on a specific role (Buyer or Seller) in a specific 
treatment (Fast or Slow ZIP), we are comparing the performance of human partici-
pants and ZIP agents in the same role. We use two sets of regressors:

1. Treatment effects: the role and treatment of the paired human-agent difference, 
i.e. {Fast-Buyer, Slow-Buyer, Fast-Seller, Slow-Seller};

2. Adaptation effects: The interaction effects of Period number and role in treatment 
variables.

The dependent variable (EarningsH – EarningsZ) is regressed on the treatment 
variables in Model (1), and additionally on adaptation factors in Model (2). We con-
trol for individual characteristics in Model (3) to account for a variety of skills rel-
evant to the tasks in the experiment, in particular speed of reaction, cognitive reflec-
tion, and theory of mind. The results are presented in Table 5.

The regression results, reported in Table 5, establish the statistical significance 
of the differential trader-type performance while controlling for other potential con-
founding factors.7 Human buyers perform worse by 35.8 (p value = 0.000) ECU 
compared to fast-ZIP buyers, while human sellers perform better than their fast-ZIP 
seller counterparts by 29.2 (p value = 0.012) ECU. In contrast, human traders gen-
erally outperform slow-ZIP agents in the role of both buyer and seller, by 18.4 (p 
value = 0.026) ECU and 7.8 (p value = 0.188) ECU, respectively. Taking individual 
characteristics and adaptation effects into account, we can see that the superior per-
formance compared to slow-ZIP agents can be partially explained by the adaptation 
abilities of human traders. In contrast, the inferior performance of human buyers 
compared to fast-ZIP buyers remains significant after adjusting for adaptation effects 
and individual characteristics.

3.2  Unbalanced markets

3.2.1  Trade prices

In this section, we report the results for unbalanced markets organised by different 
levels of market structure: competitive, duopoly, and monopoly.

Figure 4 consists of a 5 × 3 array of time series figures depicting the intrape-
riod price dynamics by various treatments. The columns indicate market structure 

7 The reported p-values are calculated from hypothesis tests of zero effect applying the Wild cluster 
bootstrap-t procedures proposed by Cameron et al. (2008). This approach has been shown to obtain more 
accurate cluster-robust inferences when there are few (five to thirty) clusters.
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(competitive, duopoly, monopoly) and the rows indicate the trader population 
(human seller and fast/slow-ZIP buyers, all human traders, human buyers, and 
slow/fast-ZIP sellers). Each figure presents the time series of the average price 
dynamics for a treatment. The time series report the average price of the nth 
transaction in a period. This average is taken across all periods, markets, and ses-
sions of the specified treatment. The number of transactions can vary between 
individual periods. Therefore, the latter elements in these average time series may 
include fewer observations, resulting in possibly less precise estimates of true 
mean prices. To convey this, we use two different marks in these plots. A dot 
marks the average price if the nth transaction occurs in 95–100% of all periods, 

Table 5  Determinants of 
earning differences between 
human and agent trader pairs

The table presents regression coefficients of the difference in earn-
ings between human and agent trader pairs (EarningsH – EarningsZ) 
in balanced competitive markets on treatment and role variables 
(Fast or Slow indicates the treatment Balanced-FZ or Balanced-SZ, 
while Buyer or Seller denotes the role of the trader pair), adaptation 
effects (interaction effects of treatment variables with period num-
bers 1–8), and individual control variables. ***, **, and * denote 
statistical significance at the 0.01, 0.05, and 0.1 levels. P values are 
based on hypothesis tests of zero effect applying the Wild cluster 
bootstrap-t procedures (with 1000 repetitions) which are clustered 
by experimental sessions. These p-values are reported in parentheses

(1) (2) (3)

Treatment effect by type-role
Fast-buyer  − 35.8***  − 67.9***  − 56.3*

(0.000) (0.000) (0.076)
Slow-buyer 18.4** 14.3 26.5

(0.026) (0.376) (0.438)
Fast-seller 29.2** 27.7* 38.5

(0.012) (0.090) (0.152)
Slow-seller 7.8 0.3 12.5

(0.188) (0.960) (0.662)
Adaptation effects
Fast-buyer*period 9.2*** 9.2***

(0.010) (0.010)
Slow-buyer*period 1.2 1.2

(0.662) (0.662)
Fast-seller*period 0.4 0.4

(0.992) (0.992)
Slow-seller*period 2.1 2.1

(0.110) (0.110)
Number of observations 768 768 768
Number of clusters 16 16 16
R-squared 0.2 0.2 0.2
Individual controls No No Yes
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Fig. 4  Average trade prices by treatment. This figure presents the average trade prices for unbalanced 
market treatments and treatments with humans only as benchmarks (see Table 1). The time series in the 
figures plot the average price of the nth transaction of a period, averaged across all periods, markets, 
and sessions. The dots (●) represent the average prices for transactions that occur in at least 95% of all 
periods, while the crosses (×) represent the average prices for the transactions that occur in 80–95% of 
all periods
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and a cross marks the average price if that nth transaction occurs in 80–95% of all 
periods.

The first column in Fig.  4 shows the average trade price dynamics in unbal-
anced competitive market treatments. The human baseline, the 6H-6H treatment, 
shows strong price convergence towards the competitive equilibrium price. The 
price dynamics in the slow-ZIP buyer 6H-6SZ treatment and slow-ZIP seller 6SZ-
6H treatment are both similar to the 6H-6H treatment, albeit initial trade prices are 
lower for 6H-6SZ and higher for 6SZ-6H. In contrast, the 6H-6FZ treatment illus-
trates that fast-ZIP buyers perform worse than slow-ZIP buyers in the 6H-6SZ treat-
ment, as they lose more surplus to human sellers who achieve prices close to the 
monopoly equilibrium price. Similarly, fast-ZIP sellers in the 6FZ-6H treatment per-
form worse than their slow-ZIP counterparts, as human buyers are able to achieve 
prices approaching first-degree price discrimination.

The second column in Fig. 4 shows the average trade price dynamics in unbal-
anced duopoly market treatments. When comparing human-only 2H-6H treatment 
with slow-ZIP buyer treatment 2H-6SZ, the price convergence towards the equilib-
rium price in the 2H-6SZ treatment is not as pronounced as in the 2H-6H treatment, 
with prices remaining above the competitive equilibrium. Slow-ZIP duopolists, in 
the 2SZ-6H treatment, generate a price dynamic similar to that of human duopolists 
in the 2H-6H treatment.

In contrast, the fast-ZIP seller treatment 2FZ-6H shows that fast-ZIP duopo-
lists realise prices well below the competitive equilibrium. Fast-ZIP duopolists are 
not able to exert their market power like slow-ZIP agents. Similarly, human sellers 
achieve approximately first-degree price discrimination when trading with fast-ZIP 
buyers, capturing most of the potential market gains from exchange in the 2H-6FZ 
treatment.

The third column in Fig. 4 shows the average trade price dynamics in unbalanced 
monopoly markets. Human monopolists achieve the monopoly price for the first 
traded units on average when trading against human buyers, as shown in the fig-
ure for the 1H-6H treatment. We also observe some convergence towards the com-
petitive equilibrium price for units traded later in the period. In treatment 1H-6SZ, 
human monopolists generate lower prices for units traded early against slow-ZIP 
buyers but are more successful in negotiating higher trade prices for units traded 
later. In treatment 1SZ-6H, patient slow-ZIP monopolists are more successful at 
maintaining higher prices compared to their human counterparts. Human monop-
olists generate prices that essentially reflect first-order price discrimination when 
trading against fast-ZIP buyers. Perhaps because of the absence of competition from 
another seller, fast-ZIP monopolists perform better than fast-ZIP duopolists. How-
ever, trade prices are still below the competitive equilibrium price and well below 
the monopoly price.

3.2.2  Surplus shares

In the following analysis, we examine how the noted price dynamics in varying 
unbalanced market structures result in performance differences, as measured by 
surplus shares. Our operational definition of a surplus share is the percentage of 
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total potential gains from exchange captured. Table  6 shows the average trade 
prices, market efficiency, and the average buyer and seller surplus shares in the 
unbalanced treatments by market structure. The differences in surplus shares 
between fast-ZIP agents and the other two types are quite large and statistically 
robust, as we will report in Table  7, while the differences in surplus between 
human traders and slow-ZIP agents are statistically insignificant.

In the unbalanced competitive markets shown in Panel A, slow-ZIP sellers 
realise a smaller surplus share (43.47%) than human sellers (48.73%), while fast-
ZIP sellers only realise a surplus share of 14.31%. In comparison, slow-ZIP buy-
ers realise a larger surplus share (53.36%) than human buyers (50.22%), while 
fast-ZIP buyers only realise a surplus share of 17.47%, performing consistently 
worse compared to slow-ZIP agents in both the buyer and seller roles.

Table 6  Trade price statistics, volume, and surplus distribution of unbalanced markets

This table presents the mean and standard deviation of trade prices, volume (average number of trades), 
market efficiency (buyer and seller surplus share), and average seller and buyer surplus shares for unbal-
anced market treatments

Treatment Average price SD price Average volume Markets 
efficiency 
(%)

Surplus 
(Seller) 
(%)

Surplus 
(Buyer) 
(%)

Panel A: competitive market structure
Theoretical bench-

mark
260 – 18.00 100.00 50.24 49.76

6H-6H 259 11.73 18.59 98.95 48.73 50.22
6SZ-6H 253 9.94 19.00 98.69 43.47 55.21
6FZ-6H 223 10.34 20.02 98.12 14.31 83.81
6H-6SZ 254 13.16 18.64 98.45 45.09 53.36
6H-6FZ 293 8.24 20.38 96.38 78.91 17.47
Panel B: duopoly market structure
Theoretical bench-

mark
305 – 18.00 100.00 88.63 11.37

2H-6H 273 14.19 18.19 98.36 61.22 37.14
2SZ-6H 274 15.05 18.39 99.31 62.28 37.03
2FZ-6H 233 10.62 19.67 98.50 25.02 73.48
2H-6SZ 269 21.43 18.76 98.60 57.12 41.48
2H-6FZ 308 5.82 19.89 96.96 92.29 4.67
Panel C: monopoly market structure
Theoretical bench-

mark
305 – 18.00 100.00 88.63 11.37

1H-6H 297 20.46 16.50 94.45 76.21 18.25
1SZ-6H 306 6.41 16.63 96.82 86.00 10.81
1FZ-6H 242 7.32 19.22 98.67 33.30 65.38
1H-6SZ 298 17.35 17.56 98.74 81.34 17.41
1H-6FZ 316 3.74 17.67 98.91 96.96 1.95
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In the unbalanced duopoly markets shown in Panel B, the surplus share of slow-
ZIP sellers (62.28%) is only slightly larger than human sellers (61.22%). The same 
holds for slow-ZIP buyers (41.48%) who also perform slightly better than human 
buyers (37.14%). Similar to the unbalanced competitive market environment, both 
fast-ZIP buyers and sellers realise smaller surplus shares relative to slow-ZIP and 
human participants.

In unbalanced monopoly markets shown in Panel C, slow-ZIP monopolists 
achieve a larger surplus share (86.00%) than human monopolists (76.21%), whereas 
slow-ZIP buyers achieve only a slightly smaller surplus share (17.41%) than their 
human counterparts (18.25%). Fast-ZIP buyers (1.95%) lose most of the surplus to 
the human monopolist (96.96%).

Similar to Table 3, we compare the earnings differences between human traders 
and their ZIP counterparts at the session level using nonparametric Wilcoxon rank 
sum tests for unbalanced markets in Table 7. We show that both in the buyer and 
seller roles, both human traders and slow-ZIP agents significantly outperform fast-
ZIP agents at the 1% level. The differences between human and slow-ZIP agents are 
all statistically insignificant, and the sign varies by the market structure.

3.2.3  Individual trader performance

To provide a more nuanced look at the factors behind performance differences, we 
further analyse individual period earnings in unbalanced markets using regression 
analysis. We partition the unbalanced market data by trader role (Buyers, Sellers) 
and type of trader (human, slow-ZIP, fast-ZIP). We focus on a comparative analysis 

Table 7  Performance 
comparison between human 
and agent traders in unbalanced 
treatments

This table compares the average seller and buyer surplus for differ-
ent types of traders (H, SZ, or FZ) between treatments at the ses-
sion level and for unbalanced treatments (with humans on either the 
buyer or seller side. Two-sided p values based on the Wilcoxon rank 
sum test results are recorded in parentheses. ***, **, and * denote 
statistical significance at the 0.01, 0.05, and 0.1 levels

Market structure H versus SZ H versus FZ SZ versus FZ

Seller surplus (Treatments: H–H, SZ-H, FZ-H)
Competitive z = 1.365

(0.172)
z = 3.361***
(0.001)

z = 3.361***
(0.001)

Duopoly z =  − 0.420
(0.674)

z = 3.361***
(0.001)

z = 3.361***
(0.001)

Monopoly z =  − 1.470
(0.142)

z = 3.361***
(0.001)

z = 3.361***
(0.001)

Buyer surplus (Treatments: H–H, H-SZ, H-FZ)
Competitive z =  − 1.260

(0.208)
z = 3.361***
(0.001)

z = 3.361***
(0.001)

Duopoly z =  − 0.674
(0.501)

z = 3.361***
(0.001)

z = 3.464***
(0.001)

Monopoly z =  − 0.420
(0.674)

z = 2.943***
(0.003)

z = 3.363***
(0.001)
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of human trader performance across treatments, with the treatment effects denot-
ing the opponent type. We regress the aggregate period earnings of human sellers 
(buyers), in other words, realised producer (consumer) surplus, in a session on the 
treatment variables slow-ZIP and fast-ZIP (Model (1) and (4)) and adaptation effects 
(Model (2) and (5)) and further include individual characteristics in Model (3) 
and (6). Analysing human buyers and sellers separately across different treatments 
allows us to illustrate the differential treatment effects for buyers and sellers. The 
intercept reflects the baseline 6H-6H treatment.

Table 8 presents these regression results for unbalanced competitive markets. In 
the exclusively human subject, baseline aggregate seller (buyer) earnings are slightly 
less (more) than theoretical competitive equilibrium benchmarks. See the esti-
mated values of the intercept for Models (1), (2), (4), and (5). When slow-ZIP sell-
ers interact with human buyers, estimated Models (4)–(6) show no statistically sig-
nificant differences in their respective average aggregate earnings. However, when 

Table 8  Determinants of aggregate human earnings in unbalanced competitive markets

This table presents regression coefficients of total (human) buyer and seller earnings in unbalanced com-
petitive markets (6H-6SZ, 6H-6FZ, 6SZ-6H, 6FZ-6H) on treatment variables (fast-ZIP or slow-ZIP for 
treatments 6H-6FZ/6FZ-6H and 6H-6SZ/6SZ-6H), adaptation effects (interaction effects of treatment 
variables with period numbers 1–8), and individual control variables. ***, **, and * denote statistical 
significance at the 0.01, 0.05, and 0.1 levels. P values are based on hypothesis tests of zero effect apply-
ing the Wild cluster bootstrap-t procedures (with 1000 repetitions) which are clustered by experimental 
sessions and reported in parentheses

Dependent variable Aggregate human earnings

Theoretical benchmarks 6 Sellers (seller earnings: 1060) 6 Buyers (buyer earnings: 1050)

(1) (2) (3) (4) (5) (6)

Treatment variables
Intercept 1028.1*** 991.3*** 135.8 1059.7*** 1100.7*** 1024.6

(0.000) (0.000) (0.936) (0.000) (0.000) (0.204)
Fast-ZIP 636.8*** 813.3*** 859.5*** 708.7*** 854.8*** 851.7***

(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
Slow-ZIP  − 76.7  − 264.8*  − 277.6* 105.3 74.5 49.6

(0.406) (0.054) (0.056) (0.284) (0.606) (0.754)
Adaptation effects
Period 10.5 10.5  − 11.7  − 11.7

(0.428) (0.428) (0.376) (0.376)
Fast-ZIP*period  − 50.4***  − 50.4***  − 41.8**  − 41.8**

(0.004) (0.004) (0.014) (0.014)
Slow-ZIP*period 53.7*** 53.7*** 8.8 8.8

(0.002) (0.002) (0.614) (0.614)
Number of observations 192 192 192 192 192 192
Number of clusters 24 24 24 24 24 24
R-squared 0.7 0.8 0.8 0.7 0.8 0.8
Individual controls No No Yes No No Yes
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slow-ZIP buyers interact with human sellers, the slow-ZIP buyers’ average earnings 
are marginally significantly higher, − 264.8 ECU per period, than their correspond-
ing human buyers according to Model (2). However, the estimated time adjustment 
(slow-ZIP*Period) shows a significant decay in this advantage of 53.7 ECU per 
period.

The results are more definitive and negative for fast-ZIP buyers. Focussing 
on Model (2), human sellers aggregately initially earn 1804.6 ECU per period 
when interacting exclusively with fast-ZIP buyers. Recall that the total potential 
gain for the total market is 2110 ECU of which the sellers earn 1060 ECU in the 
competitive equilibrium. There is a significant decay of this human seller (fast-
ZIP*Period) advantage of -50.4 ECU per period. Still, at the end of an eight-
period experimental session, only a fraction of the excess human seller earn-
ings has dissipated. In the treatment that reverses the roles, 6FZ-6H, Model (5) 
shows that these estimated effects still hold. Human buyers’ initial average period 

Table 9  Determinants of aggregate human earnings in duopoly markets

This table presents regression coefficients of total (human) buyer and seller earnings in duopoly mar-
kets (2H-6SZ, 2H-6FZ, 2SZ-6H, 2FZ-6H) on treatment variables (fast-ZIP or slow-ZIP for treatments 
2H-6FZ/2FZ-6H and 2H-6SZ/2SZ-6H, respectively), adaptation effects (interaction effects of treatment 
variables with period numbers 1–8), and individual control variables. ***, **, and * denote statistical 
significance at the 0.01, 0.05, and 0.1 levels. P values are based on hypothesis tests of zero effect apply-
ing the Wild cluster bootstrap-t procedures (with 1000 repetitions) which are clustered by experimental 
sessions and reported in parentheses

Dependent variable Aggregate human earnings

Theoretical benchmarks 2 Sellers (seller earnings: 1870) 6 Buyers (buyer earnings: 240)

(1) (2) (3) (4) (5) (6)

Treatment variables
Intercept 1291.8*** 1491.8*** 1228.8 783.6*** 575.8***  − 394.9

(0.000) (0.000) (0.298) (0.000) (0.000) (0.698)
Fast-ZIP 655.4*** 479.0*** 485.5*** 766.8*** 1099.5*** 1079.8***

(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
Slow-ZIP  − 86.6  − 355.5**  − 404.8***  − 2.3  − 46.4 17.3

(0.534) (0.030) (0.002) (0.998) (0.744) (0.932)
Adaptation effects
Period  − 57.1***  − 57.1*** 59.4*** 59.4***

(0.000) (0.000) (0.000) (0.000)
Fast-ZIP*Period 50.4*** 50.4***  − 95.0***  − 95.0***

(0.006) (0.006) (0.000) (0.000)
Slow-ZIP*Period 76.8*** 76.8*** 12.6 12.6

(0.004) (0.004) (0.494) (0.494)
Number of observations 200 200 200 192 192 192
Number of clusters 25 25 25 24 24 24
R-squared 0.6 0.6 0.6 0.7 0.8 0.8
Individual controls No No Yes No No Yes
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earnings are 1955.5 ECU—essentially first-degree price discrimination levels of 
earning—with an estimated decay rate of − 41.8 ECU per period.

Turning our attention to the noncompetitive market treatments, we start with 
Table  9 which presents the regression results for aggregate human trader earn-
ings in duopoly markets. Model (1) establishes the statistical significance that the 
earnings of human duopolists are higher when trading against fast-ZIP buyers 
versus human buyers (p value = 0.000), and weakly lower when trading against 
slow-ZIP buyers (p value = 0.534). Models (2) and (3) reveal that, in pure human 
interactions, there is a breakdown in successful duopoly coordination as earnings 
erode across periods. However, the estimated coefficient on the interaction of the 
Period*fast-ZIP factor is essentially the negative of the estimated Period coef-
ficient. This indicates that excess human seller earnings do not dissipate when 
interacting with fast-ZIP buyers. In contrast, when trading against slow-ZIP 
agents, human earnings increase (reflected in a positive value of Period + slow-
ZIP*Period coefficient estimate), suggesting an adaptation effect by human trad-
ers leading to higher prices over time.

The performance differentials of alternative trader types in the role of duopolists 
selling to human buyers are found in Models (4)–(6) of Table 9. Human and slow-
ZIP duopolists earn statistically the same amounts, between the Duopoly and Com-
petitive predicted levels, when trading with human buyers. Furthermore, Model (5) 
reports that these profits slowly decay at similar rates across periods. Perhaps the 
most salient result is the exploitation of the fast-ZIP duopolists by human buyers. 
As seen in Models (4) and (5), human buyers are earning more than 1500 of the 
2110 potential gains from exchange when trading against fast-ZIP sellers. The pre-
dicted market power of the Duopoly fails perversely, the buyers’ predicted earnings 
are 240. As Models (5) and (6) show, there is a minor—but significant—recovery of 
earnings over the periods by the fast-ZIP duopolists.

Table  10 presents the regression results on the determinants of human trading 
performance in monopoly markets. Model (1) shows that human monopolists on 
average earn 1608 ECU when trading with human buyers, less than the predicted 
monopoly earnings of 1870 ECU. However, human monopolists on average earn 
2046 ECU when trading with fast-ZIP buyers, which is nearly 97% of the 2110 
ECU potential gains from exchange. When trading against slow-ZIP buyers, human 
monopolists earn 108.2 ECU more earnings on average than against human buyers. 
Models (2) and (3) incorporate potential adaptation factors of which the significant 
effect is for the human monopolists to increase their earnings across periods when 
trading with both fast-ZIP and slow-ZIP buyers.

Models (4)–(6) of Table 10 explore the earnings of human buyers when trading 
with different types of monopolist traders. Model (4) shows that when trading with 
a human monopolist, human buyers earn 385 ECU on average versus the theoreti-
cal benchmark of 240 ECU. However, when trading with a slow-ZIP monopolist, 
the human buyers’ earnings are lower and essentially at the theoretical benchmark 
levels. The human buyers, in stark contrast, are much more effective when trading 
with a fast-ZIP monopolist earning essentially 1,380 ECU on average. When allow-
ing for adaptation effects in Models (5) and (6), we find this ranking of human buyer 
earnings is robust. We further find a moderate upward trend in earnings for human 
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buyers when trading with either a human or a slow-ZIP monopolist, and a slight—
but significant—downward trend when trading with a fast-ZIP monopolist.

4  Discussion

In this section, we speculate on the underlying mechanisms driving our observed 
treatment effects and provide clarity on whether some treatment effects are driven 
by the asymmetry in the market demand and supply schedules or by market power 
differentials arising from the noncompetitive environment resulting from duopoly/
monopoly rather than duopsony/monopsony settings.

We propose two possible channels for the observed treatment effects. The first 
channel is the latency differences between slow- and fast-ZIP agents. Our results 
demonstrate that speed benefits ZIP agents in balanced competitive markets but is 

Table 10  Determinants of aggregate human earnings in monopoly markets

This table presents regression coefficients of total (human) buyer and seller earnings in monopoly mar-
kets (1H-6SZ, 1H-6FZ, 1SZ-6H, 1FZ-6H) on treatment variables (fast-ZIP or slow-ZIP for treatments 
1H-6FZ/1FZ-6H and 1H-6SZ/1SZ-6H, respectively), adaptation effects (interaction effects of treatment 
variables with period numbers 1–8), and individual control variables. ***, **, and * denote statistical 
significance at the 0.01, 0.05, and 0.1 levels. P values are based on hypothesis tests of zero effect apply-
ing the Wild cluster bootstrap-t procedures (with 1000 repetitions) which are clustered by experimental 
sessions and reported in parentheses

Dependent variable Aggregate human earnings

Theoretical benchmarks 1 Seller (seller earnings: 1870) 6 Buyers (buyer earnings: 240)

(1) (2) (3) (4) (5) (6)

Treatment effects
Intercept 1608.0*** 1702.4*** 1529.7*** 385.0** 256.7** 848.9

(0.000) (0.000) (0.000) (0.038) (0.042) (0.390)
Fast-ZIP 437.9** 310.1** 328.2** 994.4*** 1139.1*** 1152***

(0.012) (0.026) (0.020) (0.000) (0.000) (0.000)
Slow-ZIP 108.2  − 70.6  − 30.2  − 156.8  − 93.1  − 77.6

(0.456) (0.706) (0.898) (0.236) (0.378) (0.560)
Adaptation effects
Period  − 27.0  − 27.0 36.6*** 36.6***

(0.206) (0.206) (0.000) (0.000)
Fast-ZIP*Period 36.5* 36.5*  − 41.3***  − 41.3***

(0.086) (0.086) (0.006) (0.006)
Slow-ZIP*Period 51.1** 51.1**  − 18.2  − 18.2

(0.018) (0.018) (0.212) (0.212)
Number of observations 192 192 192 192 192 192
Number of clusters 24 24 24 24 24 24
R-squared 0.3 0.4 0.4 0.8 0.8 0.9
Individual controls No No Yes No No Yes
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detrimental in unbalanced markets and rather disastrous in unbalanced and non-
competitive markets. Das et al. (2001) found speed gave fast-ZIP agents an advan-
tage in two ways, executing on outlier limit orders and more often holding a limit 
order that partially defined the bid-ask spread when an outlier market order is 
placed. In unbalanced markets, the latter tendency to generate new outstanding bids 
or asks leads to quicker build-up on the side of the order book dominated by fast-
ZIP agents. Bossaerts and Plott (2008) refer to the pair limit order counts in the two 
order queues as the “jaws” of the market and note that prices adjust against the side 
of the market with the longer jaw. When the market is also non-competitive, the lack 
of sophistication and strategic behaviour further exasperates this dynamic.

A second potential channel is the variation within the group of human traders 
with respect to skill, sophistication, and strategic thinking. There has been ample 
evidence of differences in human trading behaviour against computerised agents 
compared to other human traders. We found that participants in our experiment have 
differential reaction times in our reaction time task, and faster reaction times are 
positively correlated with performance in non-competitive and unbalanced competi-
tive markets. In particular, quick reaction times benefit human buyers in duopoly and 
monopoly markets. Previous studies, e.g., Bruguier et al. (2010) and Corgnet et al. 
(2018), have found that eye test scores for theory of mind are positively correlated 
with individual earnings in experimental asset markets. We observed mostly oppo-
site results, high eye test scores are negatively correlated with earnings for those 
in competitive situations, except for the unbalanced competitive treatments. Theory 
of mind, which the eye tests attempt to measure, appears to work against humans, 
except when there is an opportunity to gain through tacit cooperation. Finally, we 
surprisingly found that CRT scores do not correlate with the market earnings of 
human participants, in contrast to the previously documented positive correlation 
in asset markets (e.g., Bosch-Rosa et al., 2018; Corgnet et al., 2015; Noussair et al., 
2016). However, we do observe that CRT scores are positively correlated with the 
ability to detect when a ZIP agent is participating in the market. How this multi-
dimension human trader variation modulates outcomes in hybrid markets is a ques-
tion whose answer is just beginning to be explored. We believe an inductive theory 
can be developed from experiments that systematically sort for these characteristics, 
inherent in the one human versus populations of algorithmic traders experiments of 
Tai et al. (2018).

Next, we provide an assessment of whether our asymmetric results for the buyer 
and seller roles arise from the generalised distribution of market power or inherent 
role differences. To assess this attribution, we further assess the robustness of our 
results by conducting simulation studies using alternative supply–demand schedules 
and market power distributions.8 We run these simulations using the same proto-
cols and software as the original experiment but replacing human traders with ZIP 
agents. In every scenario and every market structure, we conduct three different 

8 We thank a reviewer for suggesting this exercise. We report greater detail on this exercise in “Online 
Appendix D” and provide the simulation results and codes in the replication materials: https:// osf. io/ 
a8zem/.

https://osf.io/a8zem/
https://osf.io/a8zem/
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simulation treatments: a treatment exclusively with fast-ZIP traders, a treatment with 
fast-ZIP sellers and slow-ZIP buyers, and a treatment with slow-ZIP sellers and fast-
ZIP buyers. We conduct simulations for two scenarios: In Scenario (1), we hori-
zontally flip the market supply and demand schedules around the competitive equi-
librium price whilst retaining relative market power between buyers and sellers. In 
Scenario (2), in addition to flipping the supply–demand curves, we also reallocate 
market power from the supply to the demand supply side by holding the number of 
sellers constant at six and restricting the number of buyers to two (in an effective 
duopsony setting) and one (in a monopsony setting), respectively.

For Scenario (1), the simulations demonstrate that our results are robust if the 
market power remains with the sellers, and we only change the supply/demand 
schedules. For Scenario (1), with the flipped supply and demand schedules, slow 
buyers consistently outperform their faster counterparts in all three market struc-
tures (Competitive: 88.66% vs. 53.65%; Duopoly: 73.86% vs. 27.25%; Monopoly: 
49.97% vs. 14.67%), with differences significant at the 1% level. Similarly, slow sell-
ers achieve near first-degree price discrimination when trading against fast buyers 
and outperform their faster counterparts in the competitive (69.77% vs. 44.83%) and 
duopoly market structure (88.78% vs. 72.59%), with both differences statistically 
significant at the 1% level.

One exception applies for fast-ZIP and slow-ZIP monopolist sellers (1FZ-6FZ vs. 
1SZ-6FZ) as the fast-ZIP monopolist captures on average more surplus (85.33%) 
than the slow-ZIP monopolist (82.45%), which is statistically significant at the 5% 
level. When comparing prices from the two treatments, the slow-ZIP monopolist 
seller achieves higher prices (345) on average than his fast-ZIP counterpart (307). 
The 1SZ-6FZ subgraph in Fig.  D.2 illustrates that the slow-ZIP monopolist uses 
his market power effectively. However, the trading volume is lower in the 1SZ-6FZ 
treatment compared to the 1FZ-6SZ treatment, leading to slow-ZIP monopolists per-
forming worse than fast-ZIP monopolists, due to their average failure to trade all 
tradable units. Therefore, we generally conclude that our results on the superior per-
formance of slow-ZIPs compared to fast-ZIPs under unbalanced market structures 
hold for alternative supply–demand schedules in Scenario (1).

In Scenario (2), the market power shifts from sellers to buyers in an equivalent 
duopsony/monopsony scenario and the price dynamics are flipped, resulting in 
lower trade prices compared to the competitive equilibrium in most market struc-
tures. Slow-ZIP sellers consistently realise greater surplus than fast-ZIP sellers for 
all three market structures (Competitive: 69.77% vs. 44.83%; Duopsony: 63.84% 
vs. 15.89%; Monopsony: 42.11% vs. 6.98%), with all differences statistically sig-
nificant at the 1% level. Similarly, slow buyers outperform their faster counterparts 
in the competitive (88.66% vs. 55.65%) and duopsony market structure (97.32% vs. 
83.75%), with both differences statistically significant at the 1% level. One excep-
tion is again the monopsony setting, where the fast-ZIP monopolist buyer captures 
more surplus (85.29%) than the slow-ZIP monopolist buyer (93.02%), (6FZ-1FZ vs. 
6FZ-1SZ), which is statistically significant at the 1% level. This is again due to the 
low trading volume in the 6FZ-1SZ treatment, similar to the exception in Scenario 
1. Therefore, we illustrate that speed traps are not a particular phenomenon specific 
to buyers or sellers, but that speed can be detrimental to traders with greater market 
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power. However, the simulation analysis revealed one caveat of our results that the 
lower trading volume of slow-ZIPs can still lead to inferior performance compared 
to fast-ZIPs, despite more favourable transaction prices.

5  Concluding remarks

In this work, we conducted laboratory experiments to demonstrate potential high-
speed pitfalls for trading performance. While previous research has focused on the 
benefits of speed, we challenge the notion that speed is always good for trader per-
formance and present alternative market structures in which speed can be disadvan-
tageous. In particular, we show that speed can be beneficial in balanced markets and 
can lead to superior performance, depending on the role of the fast traders, but it 
can be detrimental in unbalanced and noncompetitive market conditions. Our results 
provide insight into the role of speed in different market conditions and demonstrate 
the pitfalls of speed for trader roles with more market power.

How might these insights apply in current markets? In a high-frequency world 
where speed is crucial for trading performance and co-location services and optic 
fibre connections are commonly used to shave microseconds off latency, this result 
is particularly relevant to highlight the pitfalls of speed in certain market conditions. 
Our study highlights the risks of speed and presents example market conditions in 
which speed can trap traders into perverse market outcomes. These extreme market 
conditions can be found during crashes, such as the Flash Crash on May 6, 2010, 
when a sell order executed by an algorithmic trader triggered a large sell pressure, 
leading to a 9% plunge in the Dow Jones Industrial Index (cf. Kirilenko et al., 2017). 
During these market conditions, high-speed algorithmic traders can be especially 
vulnerable as they may be incapable of adapting to non-standard market conditions. 
These considerations also highlight the importance of appropriate risk management 
for AT systems.
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