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1. Introduction

We study algorithmic arbitrageurs (which we call Arbitrage Robot Traders or
ARTS) in the laboratory and assess their type-specific benefit for the capital market and
the social costs of wealth extraction. ARTs are significant actors in financial equity
markets.® The profitability of ARTs depends on their search and transmission speed,
i.e., its latency relative to the latency of the other traders (e.g., Carrion, 2013; Hasbrouck
and Saar, 2013; Brogaard et al., 2014; Biais, Foucault, and Moinas, 2015; Budish,
Cramton and Shim, 2015; O’Hara, 2015; Wah, 2016; Baron, Brogaard, Hagstromer and
Kirilenko, 2018; Brogaard and Garriott, 2019).?

We experimentally explore the market impacts of alternative ARTSs that seek
riskless arbitrage in fragmented markets. In a controlled laboratory setting we can
measure the effects relative to baseline treatments that are not available in the real world
as, e.g., the unambiguously defined expected dividend value of assets. We consider
ARTSs that differ by either providing liquidity through the submission of limit orders or
by taking liquidity through the exclusive submission of market orders. In the latter
group we also analyse latency differences.

Through experiments with concurrent human and ART participation, we
address the following questions with an emphasis on social costs and benefits:

(i) In terms of pricing efficiency across assets, do ARTSs help to induce the law-
of-one-price?

(i) In terms of fundamental value, do ARTs help to increase pricing
efficiency??

! Menkveld and Yueshen (2019) report on arbitrage in fragmented markets where cross-asset arbitrage
effectively connects buyers and sellers.

2 Latency arbitrage opportunities are plentiful according to Wah (2016). Wah measured in 2014 across
11 US exchanges 69 arbitrage opportunities per security per day in 495 securities of the S&P 500, which
existed for 0.87 seconds; a $3 billion market for high frequency traders, according to her estimates.

3 Mispricing has two dimensions in this study; (i) price discrepancies across twin shares and (ii)
deviations from fundamental dividend value. The former point reflects the fact that arbitrage
opportunities happen in real time, and the elimination of arbitrage opportunities does not guarantee one
average price. The latter point refers to the traditional view that market equilibrium requires that the no-
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(iii)  How does an ART’s latency impact its performance?

(iv)  To what extent do ARTSs transact in markets, and what are the social costs
in terms of gains that ARTSs reap from human subjects?

We approach these questions by implementing an experimental asset market
design for twin-shares trading with perfectly correlated cash flows (Charness and
Neugebauer 2019). Price discrepancies between the two twin-shares offer an arbitrage
opportunity, but as Charness and Neugebauer report, human subjects generally fail to
exploit arbitrage opportunities. In this study, we introduce algorithmic arbitrageurs that
detect, or attempt to generate, and then exploit arbitrage opportunities. In total we
consider four treatments: (1) The “NOART” treatment replicates Charness and
Neugebauer with solely human participants; (2) The “FastART” treatment incorporates
a low latency liquidity taking ART; (3) The “SIowART” treatment incorporates a high
latency liquidity taking ART. SIowART and FastART are liquidity taking in that they
only place market orders. Finanlly, (4) the “LiquidART” treatment incorporates a
liquidity providing ART that posts both market and limit orders.

Our results suggest that the three ARTs push markets towards the law-of-one-
price. This effect is greater when the ART provides liquidity rather than only absorbing
liquidity. Also, liquidity provision seems crucial for improving pricing efficiency vis-
a-vis fundamentals as only the LiquidART improves price efficiency. The reduced
mispricing comes at a social cost incurred through the extraction of aggregate wealth
from human traders in the market.* Even in our quite thin markets this cost never

amounts to more than 30% of the expected value of a single trader’s endowment, which

arbitrage condition holds (e.g., Harrison and Kreps 1979). Shleifer (2000) states the traditional view in
the context of efficient markets as follows (p. 4); “the process of arbitrage brings security prices in line
with their fundamental values even when some investors are not fully rational and their demands are
correlated, as long as securities have close substitutes.” In our setting such an impact of arbitraging is not
straight forward.

4 The asset structures and induced preferences in our experiment do not permit welfare generation via
gains from exchange. Thus, the ARTs can only capture wealth from the human participants.



is about one-half the standard deviation (57%) of a subjects’ market earnings. Further,
the ART’s wealth extraction does not discriminate against any subject with respect to
the subject’s trading strategy and individual characteristics such as cognition, gender,
or risk attitude.

Our study contributes to two modest streams of the experimental asset market

literature on (i) arbitrage and (ii) ART participation.

(1) The literature on arbitrage in laboratory experiments includes O’Brien and
Srivastava (1991) and Abbink and Rockenbach (2006) who look at subjects’ skills to
choose replicating portfolios of options and stocks. Rietz (2005) reports on a prediction-
market experiment with state-contingent claims, where arbitrage opportunities are
easily spotted. Charness and Neugebauer (2019) conduct an asset market experiment
with perfectly correlated twin-shares. Both studies suggest that subjects fail to exploit
arbitrage opportunities in the laboratory.® Bossaerts, Shachat and Xie (2018) study the
drivers of arbitrage opportunities in a one-asset setting. Bossaerts et al. report that more
competition and the existence of higher endowments of traders are factors that reduce
arbitrage opportunities whereas relaxing margin requirements or restrictions on short
sales do not.

(if) We contribute to the nascent literature using experimental methods to study
ARTSs in financial markets. A recent survey of the literature on algorithmic trading in
experimental asset markets suggests that there are a handful of related studies on ARTs
in such markets (Bao, Nekrasova, Neugebauer and Riyanto 2021). Harrison (1992)
suggests that an ART can help informational efficiency and decrease mispricing

between spot and futures markets. Rietz (2005) and Grossklags and Schmidt (2006)

5 Oliven and Rietz (2004) report a considerable share of arbitrage opportunities, which market
participants fail to exploit, also outside of the lab in a three-months long prediction market (i.e., the
IOWA election market).



study arbitrage in a prediction market and report mixed evidence. Rietz reports that the
arbitrageur was involved in most trades in the experiment, and Grossklags and Schmidt
find a lower rate of ART’s involvement and no significant effect on market efficiency
in terms of the law-of-one-price. Berger, DeSantis and Porter (2020) study latency
arbitrage within one market in which a sniper algorithm exploits market orders to find
increased transaction activity. Finally, Neugebauer, Shachat and Szymczak (2020) test
the Modigliani and Miller theorem of dividend policy irrelevance with and without
ART to find, similarly to what we report here, that the law-of-one-price is more
supported with than without ART.

We do not investigate competition among algorithmic arbitragers in this study.
Related research studies algorithmic market makers in a single market setting report,
depending on the research question, market quality enhancements or no enhancement
with algorithmic trading (Aldrich and Lopez Vargas 2019; Asparouhova, Bossaerts,
Rotaru, Wang, Yadav and Yang 2019). Differently from the above cited ART
experimental studies that investigate the effect of centralized arbitrage, subjects choose
algorithms for trading in the latter studies. These studies thus make progress on the
important issue of endogenous algorithmic trader adoption.

The paper is organized as follows. In section 2, we present the details of the
experimental design, and in section 3 we discuss testable hypotheses. Section 4 presents

the results of our study, and section 5 concludes.



2. Experimental design

We present the following aspects of our experimental design: the economic
environment including asset structure and trader endowments; the constraints on short
sales and leveraged purchases; the continuous double auction market institution; our

ARTS’ strategies; and the experimental procedures.

2.1 Economic environment

Following Charness and Neugebauer (2019), we implement arbitrage markets
in the Smith et al (1988) formulation of multi-period lived assets. This setting has two
financial securities, asset A and asset B, that generate cash dividends for ten periods
and can be traded for cash in the continuous double auction market. Units of each asset
pay a dividend in each of the ten periods and then expire without a redemption value.
Each period the units of asset A generate a common cash dividend that is a realization
from random variable with four equally-likely outcomes, {0, 8, 28, 60}. The ten
dividends are independent random draws. Therefore, the expected value of the single
dividend is 24 cash units. If there are t remaining periods the expected sum of future

dividends is 24t. Asset B also pays a dividend each period.

The dividend value of a unit of asset B is always equal to that of asset A plus 24
cash units. Therefore, the dividends of assets A and B are identical modulo a shift, and
thus perfectly correlated. Asset B can be thought of as mixed financial fund that
combines (at a 50:50 ratio) the risky asset A with a fixed income security that pays 24
cash units per period with certainty. Further the expected value of a single dividend of
asset B equals 48 cash units, and if there are t remaining periods the expected sum of

future dividends for holding a unit of asset B is 48t cash units. The law-of-one-price



asserts the difference between prices of assets A and B must be 24t cash units, where t

indicates the remaining number of dividend payments.

In our setting, which replicates the correlation treatment of Charness and
Neugebauer (2019), there are nine human traders. Prior to period one, every subject
receives an endowment: 1300 cash, and four units each of assets A and B. Following
Charness and Neugebauer (2019), and to remain consistent with common arbitrage
practice, we allow limited leveraged purchases and short sales. At any point in time a
trader’s holding of cash must exceed -2600, and the holdings of each asset A and B
must exceed -8. Note when, in case of a short position, a trader holds a negative amount
of an asset and a dividend is generated the trader pays, rather than receives, the
dividends on those units. We assume traders derive utility solely from their final cash
holdings at the end of period ten, after all dividends have been paid. Each trader has
full information regarding these preceding elements. If traders are risk neutral and seek
to maximize the expected value of their terminal cash holdings, then the respective
expected fundamental dividend values of assets A and B, and corresponding prices in
a rational expectation equilibrium, are respectively 24t and 48t, given the remaining

number of dividend paymentst=1, ..., T, T = 10.

2.2 Continuous double auction

Each period, prior to the determination and payment of dividends, traders can
simultaneously buy and sell units of the assets in separate markets for the two assets.
There is a continuous double auction market (CDA) for each of the assets. A CDA is
open for a fixed length of time in which traders may generate publicly observable quotes
which can lead to bilateral trades. Traders can take four types of actions. The first two

are limit orders. A limit bid, bid!, is an amount of cash units at which the trader is willing



to purchase a unit of asset j. A limit ask, ask!, is an amount of cash units a trader is
willing to accept to dispose of a unit of asset j. These limit bids and asks are publicly
displayed in the order book. Limit bids are listed from highest to lowest, and limit asks
are listed from the lowest to highest. The difference between the lowest limit ask and
the highest limit bid defines the bid-ask spread. A trader may submit multiple limit bids
(asks) for an asset as long as their holdings of the asset (cash) does not fall below -8

units (-2600 cash units).

There are two other actions a trader may take: market buys and market sells. A
trader submits a market buy by accepting to purchase a unit at the lowest outstanding
limit ask in the order book. This generates a transaction in which the trader submitting
the market buy and the trader who submitted the lowest outstanding ask trade at that
ask price. Similarly, a trader submits a market sell by accepting to sell a unit of the asset
at the highest outstanding limit bid in the order book. This generates a transaction in
which the trader submitting the market sell and the trader who submitted the highest
outstanding bid trade at the bid price. Note that whenever a transaction occurs the
involved limit order(s) are deleted from the order book. Further any remaining limit
asks for the seller, and limit bids of the buyer, are also deleted from the order book of
the asset.® We forbid traders from submitting market orders that would trade with one
of their own limit orders. We clear the order books for both assets when the trading

period expires. Screen shots and instructions are appended to the paper.

® Charness and Neugebauer (2019) used this implementation, which makes the submission process for
subjects easier. Clearing a trader’s position prevents subjects from inadvertently taking on larger short
positions than intended, and subjects can react fast to changes in the order book as they do not need to
cancel outstanding bids before submitting enhancing ones.



2.3 Arbitrage robot trading

We consider two types of ARTSs. Each type seeks out riskless arbitrage utilizing
only the same information available to the traders. One ART type only makes market
orders, exclusively absorbing market liquidity. We call these Market Order ARTs. The
other type generates arbitrage by creating limit orders in one market that, if accepted,
can be paired with a market order in the other market for a certain profit. This type of
ART provides market liquidity. We call this type Limit Order ART or LiquidART, short
for Liquidity providing ART. In any pair of markets for assets A and B, there is at most
one ART and up to 9 human trader subjects. The following is a summary of the

treatments and the corresponding ART strategies:

1. FastART: Immediate exploitation of arbitrage opportunity by market orders -
liquidity taker;

2. SlowART: Delayed exploitation of an arbitrage opportunity by market orders -
liquidity taker. The ART waits until four subsequent human market actions have
been taken before executing the arbitrage opportunity if it stills exists;

3. LiquidART: Submits a delayed matching limit order in the other market;
immediate exploitation of subjects’ market order - liquidity maker and taker.
The ART waits until (at least) two subsequent human market actions have
occurred before submitting the matching limit order. The ART’s delayed limit
order appears on the order book if it is the best in the market and whilst the
matched human order is outstanding. Arbitrage is immediate upon a subject’s
acceptance of the ART’s order, the ART simultaneously accepts the matched
human order; and,

4. NOART: No ART involvement; only human traders.

2.3.1 Market Order ART

Market Order ARTs exploit the bid-ask arbitrage opportunities across markets
that violate the law-of-one-price in view of the perfect correlation of dividends. In each
trading period the law-of-one-price dictates the price of asset B is equal to the price of
asset A less twenty-four (i.e., the expected dividend) times the number of remaining
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dividend draws, i.e., Ps — Pa = 24t. There are two cases in which market fragmentation
allows for a riskless arbitrage using simultaneous market orders. First, when the highest
limit bid for asset B exceeds the lowest limit ask for asset A by more than 24t cash
units. Then the ART simultaneously sells B and buys A in a pair trade by market order.
This pair trade yields a certain, riskless gain equal to bid® — ask” — 24t. Second, when
the difference between the lowest limit ask for asset B and the highest limit bid for asset
A is less than 24t cash units, then the market order pair (Sell A, Buy B) results in a
certain gain of 24t — (bid® — ask®). We implement two variants of the Market Order
ART which differ in their latency of market order execution.

The FastART executes the required market order pair immediately when an
arbitrage opportunity arises. Effectively, this renders the FastART’s reaction time
shorter than that of any human trader as human traders do not even get to observe an
arbitrage opportunity in the order book. The SIowART executes the required pair of
market orders, conditional upon the arbitrage opportunity still existing, only after a total
of four human generated market actions have been taken once the arbitrage opportunity
arises. We implement the SIowART to allow human traders the opportunity to exploit
arbitrage opportunities. Despite the fact that the SIowART has probably very limited
relevance for real-world trading, we use this treatment in the lab to control for the speed

effect vis-a-vis the FastART treatment.

2.3.2 Limit Order ART

The LiquidART monitors the order books for both assets. When a human
generated limit order arrives in one market it formulates a corresponding limit order
(including an arbitrage premium) for the other market. For example, if a human trader

submits a limit bid for asset A, say bid”, then the LiquidART formulates a
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corresponding limit bid for asset B, hid . This limit bid is chosen such that if a

human were to accept it and the LiquidART were to accept bid,* simultaneously, then

the LiquidART receives a certain profit. To ensure this is arbitrage, bidfiquid is

determined as

bld Bquid

—bid* +24t ¢,

where = is the profit margin of the arbitrager determined by a random variable
distributed uniformly over the interval [0, %] . This interval sets the profit margin of

arbitrage gain to no more than one-half the difference in the assets’ dividend values.

Note, a new < is drawn independently for each limit order submitted by a human trader.

The LiquidART only submits bid ;. if it exceeds all outstanding bids for asset B,
with a delay of two human generated market actions.” The LiquidART immediately

cancels its bid if the corresponding human bid, bid?, is either accepted with a market

sell or cancelled. If a human trader accepts the LiquidART’s limit order, bid, , the

LiquidART immediately accepts the best outstanding bid for asset A, generating an

arbitrage gain of at least <.

When a human trader submits a limit ask for asset A, ask”, then the LiquidART

B

formulates a limit offer for asset B, ask,,;, , according to

ask (jyq = asky' +24t + ¢

"We implemented this response delay in an attempt to obscure the market participation of the LiquidART
from the subjects.
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A similar logic as before prevails for the submission and cancellation of askLBiquid , as

well the execution of arbitrages. Finally, we note that the LiquidART follows

symmetric processes in market A for human traders’ limit orders for asset B.

2.4 Experimental procedures

We conducted all of our experiments at the experimental economics laboratory
in the Newcastle University Business School. We recruited subjects through e-mail
invitations from random selection from a pool of economics and science students at
Newcastle and Northumbria universities via ORSEE (Greiner 2004). A subject could
participate in only one experimental session. A session consisted of the following

timeline which lasted approximately two and one-half hours.

1. Informed consent,

An investment task to elicit individual risk attitudes,

3. A Cognitive Reflection Task (CRT) to elicit individual propensities for Level
2 thinking,

4. A public reading of the market instructions including a quiz to ascertain
understanding of the asset and dividend structures, and two separate three-
minute practice rounds with the CDA without ART participation,

5. A sequence of three iterations of markets of ten trading periods — new
endowments each iteration. Trading periods lasted 180 seconds in the first
iteration, and 120 seconds in the last two iterations® °,

6. A random die roll by one of the subjects determined which of the three market
iterations contributed to the subjects’ earnings,

7. Subjects completed a debriefing questionnaire, and

8. Subjects were privately paid a £3 show-up fee + earnings from the investment
(risk elicitation) task + earnings from the CRT (Cognitive Reflection Task) +
earnings from the randomly selected market iteration. In case of a negative
final cash balance, not including the show-up fee, a subject’s market earnings
would be zero.

N

8 We allowed more time in the first market for people to get accustomed to making decisions and the
user interface. There is no evidence (including questionnaire reports) that subjects were short of time in
the shorter intervals.

® For the analysis we have pooled the data from the three markets. In Appendix A we provide figures that
show the outcomes of the single markets.
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The investment task was introduced by Charness and Gneezy (2010) to provide
a simple and intuitive assessment of an individual’s degree of risk aversion. A subject
chose anamount 0 < X <£10 to allocate to a risky asset that paid with equal probability
0 or £2.5X, and to a safe asset £10 - X > 0 to be paid out with certainty.'° We randomly
selected one of the nine participants in the asset market to receive the payoff from their
investment decision.

The second task was the CRT (Frederick 2005), which consisted of three
questions asked in a random order.* Subjects had 90 seconds to answer the questions
and were rewarded with £1 per correct answer. These questions are designed to separate
whether the responder adopts Level 1 thinking (quick response without reflection) or
Level 2 thinking. We developed these tasks and our CDA implementation using the

software ztree (Fischbacher 2007).

2.5 Experimental treatments

Our experiment design varies the presence and type of ART.*? Also, we adopt a
between-subject design in which a group of nine traders experience the same ART
presence/type in all three market iterations. In total we analyze four treatments:

NoART?3, SIowART, FastART and LiquidART (see Table Al).

10 Note that the payoffs in the investment and CRT tasks were expressed in British Pounds. We introduced
the ECU in the instructions for the market trading tasks, which we distributed only after the Investment
and CRT tasks.

11 (1) A hat and a suit cost $110. The suit costs $100 more than the hat. How much does the hat cost? (2)
If it takes 5 machines 5 minutes to make 5 widgets, how long would it take 100 machines to make 100
widgets? (3) In a lake, there is a patch of lily pads. Every day the patch doubles in size. If it takes 48 days
for the patch to cover the entire lake, how long would it take for the patch to cover half of it?

12 When there is an ART participant, there is exactly one. It can be viewed as dispatched by an entity
outside the set of traders and its earnings are retained outside the group of traders. The instructions
indicate that there may be a computerized participant. We didn’t explicitly state its earnings are retained
by the experimenter. Due to the competitive nature of the market experiment, we don’t model the
possibility this invokes other-regarding preferences.

13 We conducted one-half of the NoArt sessions with an announcement in the instructions there was the
possibility of an algorithmic trader participating. We refer to this as the NoBot treatment, and the other
half of those sessions, which we call the Baseline treatment, we gave no such announcement. We
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3. Measures and hypotheses

3.1 Law-of-one-price

One benevolent view on arbitrageurs in markets is that they establish the law-
of-one-price. To assess the extent the law-of-one price is satisfied in our setting we
adopt the cross-asset price discrepancy measure introduced by Charness and

Neugebauer;

(1) "D = TlZ%PM(FB F) “

where P' and F,' denote respectively the average price and the fundamental value of

securities A and B when t dividend draws remain. We expect that the ART’s presence

positively impact conformity to the law-of-one-price.

Hypothesis 1. PD will be lower in the SIowART, FastART and LiquidART

treatments than in the NOART treatment.

3.2 Market mispricing
A subtler question is how arbitrageurs impact mispricing in the market.
Mispricing is frequently measured by the Relative Absolute Deviation from

fundamental dividend value (Stoeckl et al. 2010).

) RAD' = (f‘T)‘li‘Pt‘ -F/|

introduced this variation to test for a potential announcement effect as documented by Farjam and
Kirchkamp (2017). We find no significant announcement effect, which is consistent with the findings of
Leal and Hanaki (2018). We provide the details of this analysis in Appendix B.
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Here, F' is the average fundamental dividend value of asset i = {A, B} over the T =10
periods of the asset market. Below we refer to the two respective measures as RAD*
and RADS,

The arbitrage strategies of our ARTs have no direct trading relation to fundamentals.
We note that the potential of an ART to reduce RAD measurements, i.e. correct
mispricing, in a market might depend upon the location of bids and asks relative to the
fundamental values when the ART transacts and on the type of ART. Since we have no
behavioral theory, we cautiously offer the following hypothesis on the ability of ARTs
to improve price efficiency.

Hypothesis 2. RAD' is unaffected by ART participation in markets.

3.3 Arbitrageur gains and exposure

In an attempt to inform social policy and assess ARTs’ impact on wealth
distribution we ask, how much does an arbitrageur skim the returns of market
participants? In our experiment, we can measure unrealized arbitrage opportunities and
realized arbitrage gains. By construction, the FastART transacts more than the

SIowART. Accordingly we expect the following.

Hypothesis 3. The FastART experiences greater gains than the SIowART.

The hypothesis is not trivial, during the preceding time SIowART acts upon a
pricing discrepancy, the discrepancy may disappear or widen. If the latter case is more
frequent, the hypothesis is flawed. In the experimental literature of algorithmic trading
in experimental asset markets, algorithmic traders that act at the pace of human traders
seem to perform better than very fast algorithmic traders (see Gjerstad 2007, Peng,
Shachat, Wei, Zhang 2020, and the survey of Bao et al. 2021), but evidence on the
impact of arbitrager latency is missing.
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3.4 Individual Trader Characteristics

Subjects in economic market experiments are typically paid according to their
investment performance. Trader characteristics that have a positive impact on the
individual earnings of market participants include cognitive abilities (see Charness and
Neugebauer 2019, and the survey of Bosch-Rosa and Corgnet 2021). On the other hand,
excessive trading has a negative impact on performance (e.g., Odean 1999; Carbone,
Hey and Neugebauer 2021). We speculate that ART participation may reinforce the
shortcomings of poor trading behavior and potentially increase income inequality in the

market.

Hypothesis 4. The earnings of subjects with high cognitive abilities are less
impacted by ART participation than subjects with low cognitive abilities. Also
subjects who engage in less frequent trading are less proportionately impacted

by ART participation than subjects who engage in more frequent trading.

4. Results

In this section, we first examine pricing efficiency across treatments by
assessing the PD and RAD measures. Thereafter, we report on the ARTS’ profits, inform
on the how individual characteristics and trading strategies drive human subjects’
market earnings, and assess whether our ARTs impact the effects of these factors.*

Our unit of analysis is an individual session. In Table 1, we present the number
of sessions for each treatment. In addition, we present the total number of participants
per treatment (8 or 9 each in a session), the proportion of female participants, the

average number of correct CRT responses, and the average proportion of tokens

4 In Appendix C, we discuss market quality measures including spread and volatility.
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invested in the risky option in the investment task. In total, there are 40 sessions (8 per

treatment) involving 344 participants, earning £22 on average.

Table 1: Treatment and participant information

# # Average Female Investment task

Pooling  Treatment participants sessions CRT proportion risky share

NoART 137 16 0.767 0.578 0.353

ART  SIowART 68 8 0.500 0.705 0.385
FastART 68 8 0.750 0.720 0.293
LiquidART 71 8 0.777 0.541 0.373

Total 344 40 0.690 0.619 0.349

KW test: p-value 0.247 0.067" 0.223

Note: “indicates a p-value of less than 0.1 according to two-tailed multiple sample Kruskal-Wallis test.
According to the test, we find no significant differences across NoArt and ART treatments, besides the
different proportion of females.

4.1 Algorithmic trading and differential price efficiencies

Our data suggest ART participation increases compliance with the law-of-one-
price. However, but only the presence of the LiquidART algorithm generates prices

closer to fundamental values.

Observation 1: Pricing efficiency across assets, as measured by PD, is
incresaesd by ART participation. The ARTs effectively reduce deviations from the law-
of-one-price. The LiquidART treatment generates the lowest PD. The treatments
SIowART and FastART give nearly identical PD measures, which indicate higher
pricing efficiency than the NOART treatment. This observation confirms Hypothesis 1

and that the presence on an ART brings stronger compliance with the law-of-one-price.
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Support: We report the PD and RAD measures for each treatment in Table 2.
Notice the PD measure for the NOART treatment, 0.341, is larger than any other ART
treatment. Mann-Whitney non-parametric two-sample tests (reported in the lower half
of Table 3) confirm the significant differences of PD measures for the NOART
treatments for each of the three ART treatments. Further, we reject the null hypothesis
that the PD is the same across treatments LiquidART and FastART or SIowART. But
we cannot reject the null hypothesis of an equal PD in the FastART and SIowART

treatments.

Observation 2: Mispricing vis-a-vis fundamentals, as measured by RAD, is
minimally affected by the liquidity taking SIowART and FastART. The presence of the
LiquidART reduces mispricing vis-a-vis fundamentals. This observation presents a
partial refutation of Hypothesis 2. Despite fundamental valuation having no direct

motivation behind LiquidART its presence does reduce mispricing.

Support: Inspecting Table 2 suggests no significant differences of RAD* and
RADE measures for NOART and market order ARTs. For the independent units of
observation, we take the session average of the RAD measures of the three market
iterations. However, there are differences in mispricing across treatments for asset B.
The LiquidART treatment has a lower RAD* and RAD® than the NoART, FastART and
SIowART treatments. Figure 1 (see also the figures in Appendix A and Appendix B)
shows the differences of the trajectories of average prices for the NOART and various

ART treatments and the fundamental dividend values.?

15 Figure 1 reveals a negative average deviation from fundamentals in each treatment. While this
pattern is perfectly in line with theoretical assumptions of a positive risk premium, the status quo would
be to observe positive deviations from fundamentals in the single asset market a la Smith et al. (1988).
One potential explanation of this deviation from the status quo could be that we allow for short sales
which have shown to imply lower asset prices (as, e.g., in Haruvy and Noussair 2006, or Fillbrunn and
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Table 2. Price discrepancy and relative absolute deviation

Treatment PD RAD” RAD®
NOoART 0.320 0.379 0.382
ART  SlowART 0.182 0.311 0.251
FastART 0.184 0.386 0.289
LiquidART 0.095 0.341 0.217

Two tailed Mann-Whitney test results (z-stat [p-value]):

*kKk

U B
NOART — SIoOWART %(?6367] ([)91532] ‘[)fé’é’]
NOART — FastART fgfgl] ??SS] E’géé‘f
NOART - LiquidART ?5‘311] §§5988] fc?g??]
SIOWART — FastART i%i%) ([)91105] ‘[)ﬁ?é’]
SIowART — LiquidART f(?g?]** %015458] %57845]*
FastART — LiquidART Eggg]*** %06(?3;] f(?&l]*

Note: *** indicates a p-value of less than 0.01, ** indicates a p-value of less than
0.05, and * indicates a p-value of less than 0.1 according to the two tailed Mann-
Whitney test. [p-values in brackets]

Comment: The reason for the different success of the ARTs in reducing
mispricing vis-a-vis fundamentals can be seen in the different regions where arbitrage

happens. ART activity around the fundamentals likely assists price discovery of the

Neugebauer in press). To test this and other alternative explanations, we regressed the relative
deviation, which is frequently used as bubble measure, on the number of short sales. We did do so for
every repetition and every asset and overall. We also ran separate regressions on female share,
cognitive abilities, and risk aversion. There were no significant results. Another potential explanation
could be the fact that we have a market for multiple assets rather than single asset trading and results
for multiple assets are mixed (see the recent survey of Duffy et al. 2022). As said, however, we use the
design of Charness and Neugebauer (2019) including the same instructions. Their price data are very
close to fundamentals, but rather above than below. In conclusion, we can only speculate why we find
the negative deviation from fundamentals. It could be a subject-pool effect, England versus California.
Anyway, there is no problem as we are interested in relative pricing and the behavior is alike in all
treatments.
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fundamental value. Across all ART treatments, however, only a small fraction of the
ART transactions lay in that area. In the other areas, we would not expect any impact
for the market order ART. The limit order ART, unexpectedly for us, contributes to the
equilibration process because it helps to increase the buying pressure when the market

trades below fundamentals and increases the selling pressure when above fundamentals.

480 —

360

240

Average Share Price

120

1 2 3 4 5 period 6 7 8 9 10
- FA —e— NOARTA —— SlowBOtA —— FastBOtA === | igBotA
- FB —e— NOARTB —— SlowBotB —— FastBotB === igBotB

Figure 1. Average asset prices in treatments NOART, SIowART, FastART,

LiquidART

4.2 The earnings of ARTs and human traders

We turn our attention from the relative benefits of our alternative ARTS to their
respective social costs. Given our asset structure, absent of possible wealth gains from
trade, any ARTSs’ earnings can only come at the expense of a loss to human traders.
Accordingly, we use an ART’s earnings as measurement of the social cost of the
reduced mispricing it generates. We analyse the absolute and relative levels of these

costs across ART types.
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Table 3: ART transaction gains

#arbitrage average
: average average
transactions . . . market
. gain/trade  gain/period .
per period earnings
SIowART 1.0 36 33 329
FastART 3.1 35 99 993
LiquidART 4.9 25 122 1220
Two tailed Mann-Whitney test results (z-stat [p-value]):
-2.836™" -0.315 -2.521™
SIOWART — FastART .005] [.753] [012]
- -3.363" 0.000 -3.3617
SIoWART — LiquidART [.001] [1.00] [.001]
. -1.997™ 0.420 -2.100™
FastART — LiquidART [.046] [674] .036]

*** indicates a p-value of less than 0.01, ** indicates a p-value of less than 0.05, and * indicates a p-
value of less than 0.1

Observation 3a: The average earnings of each ART type is less than 30% of
the expected value of trader’s initial endowment. The LiquidART exceeds the market
order ARTs in gains and in transaction frequency. The SIowART has smaller average
earnings than either the FastART or LiquidART. This observation confirms Hypothesis

3 that asserts the FastART experiences greater gains that the SIowART.

Support: The expected value of each trader’s initial portfolio is 4180. The
average market earnings of SIowART, FastART and LiquidART are 330, 990 and 1220
respectively. The economic size of these costs seems small. With respect to the relative
earnings of the ARTS, the average per period profits of the algorithm trader in FastART
and LiquidART treatments are three times as high (99 vs 33 cash units) or higher (122
vs 33) than the in the SIowART treatment. These differences are statistically significant;

the respective p-values of the two-tailed Mann Whitney are 0.000 and 0.012, as reported
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in the third column of Table 3. The LiquidART implies more transactions and more

gains than either market order ART.

Observation 3b: ART transactions happen both early and late in a period. The

share of ART transactions remains constant throughout the experiment.

Support: We compared the ART transaction share in the first and second half
of the period transactions, and we compared the share of ART transactions across the
three market rounds to find no significant differences overall. However, in the
LiquidART treatment the transaction share of ART is at 0.286 lower in the third
repetition than in the first repetition at 0.366, whereas in the FastART and the SIowART
treatments the transaction share of ART increases to 0.266 and 0.146 from 0.211 and

0.084 respectively.

The overall economic cost of the ART’s presence is surprisingly low; however,
we should have concerns that ARTs prey on human traders with certain personal
characteristics or those who adopt certain trading strategies. We evaluate the validity of
this concern through a regression analysis on subjects’ average market earnings.

We consider two types of primary drivers of the variation in market earnings
across human subjects. The first type include the personal characteristics risk preference
(as measured by responses in the Investment task), cognitive reflection (as measured by
the number of correct answers in the CRT task) and gender. The second type are trading
strategy properties. We consider the tendency to execute trades with market orders
versus limit orders with a factor we call Take ratio (see also Stockl 2014), the proportion
of a trader’s transactions made with market orders. Next, we measure the amount of

excessive trading by intra-period speculation with a factor we call the Retrade ratio (see
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also Carbone et al 2021). Finally, we use the number of limit orders a trader submits,

#limitorders, to measure the willingness to provide liquidity.

4.3 Determinants of human trader performance

Observation 4: Human traders’ earnings are positively correlated with their
CRT scores, and with their willingness to use limit orders. Human traders’ earnings are
negatively correlated with excessive trading and their proportion of transactions made
via market orders. The presence of an ART does not impact subjects’ earnings
differentially upon the cognitive abilities or trading strategies we consider. This
observation refutes the first component of Hypothesis 4 which asserts that traders with
lower cognitive abilities are disproportionately harmed by ARTSs. It also refutes the
second component of the Hypothesis 4 which asserts those who trade more frequently
are disproportionately harmed by ARTSs.

Support: Table 4 reports on the results of ordinary least squares regressions,
with robust standard errors clustered at the experimental session level, of a human
trader’s market earnings on individual subject characteristics and measures of their
trading strategies. Then we consider models that include the interaction of these factors

with a dummy variable for the presence of an ART.
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Table 4: Determinants of human traders’ market earnings

Dependent variable: average human trader’s earning in a market iteration

Intercept

CRT

Female

Safe Invest
Retrade ratio
Take ratio
#limitorders
ART

ART x CRT
ART x Female

ART x Safe Invest

ART x Retrade ratio

ART x Take ratio

ART x #limitorders

R-squared
#observations
#clusters

7183
(17.2)

-4450~
(-8.31)
-4495™
(-8.45)
3.28~
(4.70)
172
(-1.31)

0.473
332
40

6824
(14.7)
328"
(4.26)

4371
(-7.89)
-4150™
(-7.81)
3.03"
(4.93)
-168
(-1.16)

0.523
307
37

6853
(13.32)
304
(3.48)
433"
(-1.83)
3.48
(.92)
-3983
(-6.39)
4146
(-8.08)
252"
(3.87)
117
(-.69)

0.518
279
34

7465
(10.2)

4462+
(-5.32)
5046
(-5.80)
3.20°
(1.80)
-621
(-71)

-41
(-.04)
901
(0.83)
0.18
(.10)

0.475
332
40

7262
(8.52)
288"
(2.00)

-4336™
(-4.21)
-4703"
(-5.60)
2.27"
(1.73)
-830
(-.85)
73
(.43)

-37
(-.03)
854
(.24)
1.04
(.69)

0.525
307
37

7508
(7.49)
286
(1.66)
-495
(-1.31)
25
(.04)
-3991
(-3.43)
4772+
(-5.98)
2.00
(1.27)
-1086
(-.96)
39
(.20)
65
(.13)
4.74
(.63)
15
(.01)
941
(.92)
0.77
(.44)

0.521
279
34

“"indicates a p-value of less than 0.01, ™ indicates a p-value of less than 0.05, " indicates
a p-value of less than 0.1. (t-stats in parenthesis)

CRT indicates the individual's number of correct answers to the CRT questions

{0;3}. Data are missing for three NOART sessions.
Take ratio is the individual ratio of #market orders/#transactions in the session, [0;1].
Retrade ratio is the average individual ratio of min(#sells/#buys; #buys/#sells) per asset

and period in the session, [0;1].

#limitorders is the individual's number of submitted limit orders in the course of the

session, {0;1,185}.

ART is a binary dummy variable taking value 1 in treatments LiquidART, FastART,
SIowART and 0 otherwise.
safeinvest is the amount of tokens not invested in the risky gamble of the investment

game, {0;100}.

female is a binary dummy variable taking value 1 for female, and O for male. Data are

missing for two FastBot sessions.



With respect to individual characteristics, only the CRT score has a strongly significant
effect, which is positive, on earnings. In terms of trading strategies, the tendency to
execute transactions with market orders, the factor Take ratio has a strong negative
impact on earnings.*® Engaging in intra-period excessive trading yields expected lower
earnings, as indicated by the highly significant and negative estimated coefficients of
Retrade ratio. While exhibiting a willingness to provide liquidity, reflected in the
significant and positive estimated coefficient for #limitorders, leads to higher market
earnings. While these factors are all significant determinants of human trader earnings,
the interaction of these factors with the presence of an ART is insignificant in all cases.
In other words, while we find strong variance in subjects’ performances in asset market
trading, the presence of an ART does not shift the impact of the key factors driving this

variance.’

6. Conclusion

We report data on experimental asset markets with twin-shares and arbitrage robot
traders and show the following: arbitrage algorithms increase compliance with the law-
of-one-price, but only arbitrage algorithms that provide liquidity reduce mispricing vis-

a-vis fundamentals.

16 The Take ratio has also been analyzed in Stockl (2014) and Stockl and Kirchler (2014), who studied
the behavior of traders with inside information. Insiders seem to prefer market orders over limit orders
in their design, because market orders possibly imply a lesser amount of information leakage to the
liquidity traders. Stockl and Kirchler (2014) also explored submission and execution rates, which we do
not report here because we detected autocorrelation with the Take ratio and at the same time, we found
no increase in the explained proportion of the variance (R-squared) for our data. Accordingly, when we
include these two suggested variables, we observe the standard errors on their coefficients to blow-up in
value. This classic sign of multi-collinearity is confirmed when we calculate the variance inflation factor
and find its value is approximately 10.

17 Unreported analysis of Gini coefficients across treatments find that ART participation leaves income
inequality unaffected.
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Our results contribute to the recent regulatory debate on make rebates/take fees
(see, e.g., Foucault et al. 2013; Malinova and Park 2015). The proliferation of
algorithmic trading profoundly impacted the liquidity of order books. In response, real-
world exchanges offered monetary rewards for liquidity provision and charged fees for
liquidity absorption. In light of our data this kind of discriminatory regulation is
sensible. In our experiment, the benefits of reduced mispricing are larger with limit
order arbitrageurs than with market order arbitrageurs.*®

We note our results are based on monopolistic arbitrageurs. This approach is
relevant from the perspective of a central regulator who carefully contemplates the
trade-off between social benefit and costs of dispatching an ART. Our data suggest that
the participation of an algorithmic arbitrageur imposes moderate costs on the trader
subjects. The social costs are increasing with the number of transactions of the ART.
When the algorithmic arbitrageur is liquidity taker and the reaction time of the
algorithm is high, in the SIowART treatment, the number of transactions and adverse
costs are lower. With low latency the market order ART imposes higher social costs in
terms of wealth extraction than with high latency, whereas the benefits are the same. In
fact, the liquidity providing algorithmic arbitrageur in our experiment trades more and
obtains even higher gains than the low latency liquidity taking ART. An open question
is how much the margin of our liquidity providing ART contribute to this result.

There are two obvious vectors for expanding the setting of our experiments
beyond a monopolistic structure. One is the exogenous introduction of competition of
multiple ARTs. We conjecture the introduction of competition, particularly between

liquidity providing ARTSs, would increase pricing benefits and at the same time reduce

18 In the appendix we report that also the market quality measures including spread and volatility for the
liquidity maker arbitrageur are always as good or better than with the liquidity taker or without
arbitrageur.
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social costs. A second vector is to have traders endogenously choose to adopt algorithm
on their behalf and to further modify the algorithms. Interesting initial studies that
consider decentralized competition of market makers and sniper algorithmic traders
(Aldrich and Lopez Vargas 2019) or “reactionary bots* Asparouhova et al. 2019) led to
welfare losses and market instabilities in continuous double auction experiments. It
would also be an interesting effort to evaluate the social costs and benefits of human

trader subjects employing ARTS that include the option to fine tune the trading strategy.
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Appendix A Average prices by treatment disaggregated by market iteration
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Figure Al. Average asset prices in treatments NoArt, SIoWART, FastART, LiquidART
(Top: first market round; middle: second market round; ARTtom: third market round)
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Appendix B Evaluating announcement effects

The NOART sessions involved two treatments which we call NoBot and Baseline. We
kept the instructions the same across all treatments with one exception. In all treatments
except Baseline we included the following announcement in the instructions, of

potential ART presence,

“Besides the participants in the room, a computerized trading algorithm may
participate in the market. The computerized algorithm may take the same actions as
you. It can buy and sell in the market. The details of the strategy followed by the
algorithm are not revealed to you, and you will not be informed if the computerized
trading algorithm actually acts in the market or not.”

The Baseline treatment allows us to account for any “announcement” effect
invoked by mentioning the potential participation of algorithmic trading in the market.

Figure A2 exhibits the average price trajectories over all markets and sessions
for the NoBot and Baseline treatments. The average paths are quite similar in both
treatments. Table 3 shows the average price discrepancy, PD, and relative absolute
deviation, RAD, for each treatment. The results of the two tailed Mann-Whitney test are
reported in the bottom rows. The respective PD measures for the Baseline treatment
and the NoBot treatment are .369 and .273, and the respective RAD measures are .428
and .319. As the test results indicate, the differences are not significantly different at
the ten percent level; the p-values in both comparisons are 0.600 and 0.208. Our lack
of announcement effect is consistent with Leal and Hanaki (2018) and counter to

Farjam and Kirchkamp (2018).
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Figure A2. Average asset prices in treatments without ART participation, NoBot vs. Baseline

Observation Announcement: We find no measurable market performance impact
following the announcement of potential ART market participation. Specifically, the
levels of PD and RAD are not statistically different between the Baseline and NoBot

treatments.
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Appendix C — Market liquidity and Volatility
In this part, we report market quality measures for our data including liquidity

and volatility.

(11-)liquidity measures

A common liquidity measure in financial economics is the spread between the
offering and the bidding price, shortly we refer to the (percentage) spread, St, at the end
of the period. The spread is the difference between the best outstanding offer and the
best bid relative to the bid-ask midpoint; see equation (4) in the Table 1. Abusing
notation, here pat is the best asking price and pet is the best bidding price outstanding in
period t, the denominator accounts for the price level. The spread is a measure of
illiquidity; the larger the spread, the lower the liquidity. It measures the loss incurred

by simultaneously buying and selling a share via market orders.

A second measure of liquidity is the transaction volume, which we denote by
V. It measures the number of shares transacted during a period, i.e., it informs us about
the speed at which the equity capital of a company is turned over, and the number of
periods we need to sell a share or all the shares in the company. A third measure of
liquidity is the number of order submission in a period, sometimes referred to as order
flow, which we denote by wyt. As fourth measure of liquidity, ct, we count the number
of outstanding orders per share at the end of the period, which is a measure of limit
order intensity. This measure shows the number of potential transactions remaining in
the market. The higher the transaction volume, the higher the order flow and the number

of outstanding orders, the more liquid is the market.
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Volatility measures

Volatility is liquidity correlated. In our setting we must take account of the
declining fundamental value when we measure volatility. We measure volatility on
logarithmic changes in the price-value ratio (see Table A2). The logarithmic price-value

change is as follows;

(3) InAizlni—lnh,
t Ft Ft—l

where Ft denotes the fundamental dividend value of the asset, and Pt is the average price
in period t. In case of a missing price-value ratio in any period, we reduce the number
of measure-periods correspondingly. This volatility measure is on the average price

across periods.

Table Al: Liquidity and volatility measures

(4) (Volume) number of transactions,

Vi, v 6
number of limit orders, outstanding orders

(5) (bid-ask) spread _ Py~ Py
" (Pat P2

6) Volatilit
©) ’ o, = /VAR(In A%)
t

(7) Transitory volatility o. =+/VAR(In Ap,)

We also examine transitory (or short-term) volatility through which we attempt

to measure price impacts of the transactions within a period. Fast traders can obviously
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have an impact on transitory volatility if they are involved in transactions. We measure
the impact on the price changes as suggested in Table Al. We compute the price
growth, In Ap-,'® between each two prices of the same asset within the period (but not

between periods) and take the standard deviation of all price changes in the session.

We believe that liquidity will be impacted in our FastART and SIowART
treatments relative to the NOART treatment, because the ART absorbs liquidity and
contributes to the transactions in the market. A priori we would expect no impact on
order flow but conjecture a positive impact on transaction volume and a negative impact
on outstanding orders. Given the liquidity demand of our market order ART, a spread
increase could be the outcome, but that is not clear. On the other hand, we expect that
the LiquidART helps to increase the number of outstanding orders and positively
impacts order flow and transaction volume simply because the number should increase

if there is an additional (automatic) submitter of limit orders in the market.

Observation Liquidity 1: The SIowART treatment does not affect the per-
period transaction volume or the number of limit order submissions compared to the
NOART treatments.

Support: Table A2 records the average number of transactions and the average
number of limit order submissions in each period and asset. The Baseline, NoBot, and
SIowART all generate the same average volume and limit order counts of 9 and 30/31
respectively. Accordingly, no pairwise test indicates any significant treatment effect

between these three treatments.

9 1n Ap: = In p: - In peg, T > 1, where the index indicates the t-th transaction within a period and p- the
transaction price.
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Table A2. Liquidity: transactions, limit orders per asset and period, and spread

Transito Transaction Submitted  Outstanding Spread measured at
Volatility rory Limit  limitordersat  ~" !
volatility volume - end of period?
orders end of period
Ask-Bid Spread
Treatment ot Ot v v c spread, St exists %
NOART: 0.254 194 9 30 11 717 %
Baseline 0.245 194 9 30 11 .669 96
NOART 0.263 194 9 30 11 765 9
ART:
SIOWART 0.211 195 9 31 11 668 95
FastART 0.211 182 13 31 9 757 95
LiquidART 0.231 175 14 UL 153ART 672 100
Two tailed Mann-Whitney test results (z-stat [p-value]):
0.359 1877 -1.830" -1.051 0.442 0221  -0372
NOART — ART [.720] [.061] [.067] [.2939] [.659] [825]  [710]
. -0.735 0.000 0.053 -0.105 -0.105 1155 0.112
NoBot — Baseline [.462] [1.00] [.958] [.916] [.916] [248]  [911]
0.490 0122 0.277 -0.031 0.000 0490  0.420
NOART — SIowART [.624] [.903] [.782] [.976] [1.00] [624]  [675]
0.490 1592 -1.664" -0.460 0.980 0306 0.708
NOART — FastART [.624] [111] [.091] [.645] [.327] [756]  [.480]
. -0.184 26047 26867 -1843" 0.000 0306  -2.071"
NOART — LiquidART [.854] [.007] [.007] .065] [1.00] [756]  [.038]
-0.105 1.890° 22407 -0.105 1.260 0735 0327
SIOWART — FastART [916] [.059] [.025] [.916] [.208] [462]  [743]
o -0.420 3361 3.275™ -1.163 0.420 0000  -2.122
SIOWART — LiquidART [674] [.001] [.001] [.245] [674] [1.00]  [034]
o -0.630 0.840 -0.797 -0.686 -1.680" 0945 2176
FastART — LiquidART [529] [.401] [425] [493] [.093] [345]  [030]

Note: a) Bid is set equal zero when there are no limit bids, and ask is set equal 2000 where there are no limit asks.

" indicates a p-value of less than 0.01, ™" indicates a p-value of less than 0.05, and ™ indicates a p-value of less than 0.1.

Observation Liquidity 2: The FastART treatment has a positive effect on

transaction volume, while at the same time leaving the number of limit orders unaltered

vis-a-vis the NOART treatment. The LiquidART algorithm generates the same

transaction volume as the FastART, while at the same time increasing the number of

limit orders.

Support: We observe, as reported in Table A2, more transactions per period

and asset in the FastART and LiquidART treatments (on average 13 and 14

respectively) than in the other treatments (9 each in SIowART and NOART
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treatments).2° The significance of these differences is confirmed by the corresponding
Mann-Whitney two-sample test. The average submission of limit orders per period in
the FastART treatment is 31, virtually the same as the one in the SIowART and NOART
treatments. Surprisingly the ARTs which only utilize market orders do not absorb
liquidity in a way that impacts our standard measures. The LiquidART induces human
subjects to submit more limit orders, 35, and the algorithm submits an additional 10
limit orders per asset — on average — each period. This increase is significant as
substantiated by all of the appropriate comparisons via the Mann-Whitney test.?! It
suggests that algorithm trading enhances the order book resiliency, i.e. the

replenishment of limit orders after transactions.

Observation Liquidity 3: The LiquidART treatment more effectively
maintains a bid-ask spread as measured at the end of trading periods. Bid-ask spreads
are the same in all treatments.

Support: In the last two columns of Table A2 we report, by treatment, the
percentage of periods that close with both active limit bids and offers as well as the
average width of the closing spread. In all market periods of the LiquidART treatment
but one the market closes with active limit offers. However, the average width of the

closing spread is between 0.668 and 0.765 around midpoint in all treatments.

Observation Liquidty 4: The number of subjects' outstanding limit orders (at

the end of the period) is not larger in the LiquidART and FastART treatments than in

20 The differences between the FastART and the other treatments are particularly notable in the first
market, amid a general decline in the number of transactions from market 1 to markets 2 and 3.

2L All reported significances of increased limit order submissions result from algorithm submissions and
subject submissions. The subject-impacted increase of limit orders alone is not significant.
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the other treatments, but in the LiquidART treatment the number of outstanding limit
orders is larger than in the FastART treatment.

Support: In the LiquidART treatment more limit orders are outstanding on
average at the end of the period than in the other treatments (result of a one-tailed Mann-
Whitney test as reported in Table A2). Subtracting the number of outstanding
algorithmic limit orders, however, the result remains significant with respect to the
FastART treatment only (indicated by the parenthesis around the asterisk in the table.)

Comment: The above reported increase in the number of human limit order
submissions (observation liquidty 2) could be an indication of competitive bidding.
From observation liquidity 4 we see, however, that the increased number of limit orders
is probably an artefact of the experimental design. The increased number of limit orders
apparently follows from the automatic post-transaction cancellations and subjects’
replacement submissions. There are no indications of a higher number of competitive
spread-splitting limit orders that respond to the actions of the algorithmic traders. The
unaffected bid-ask spread across treatments (observation 8) underlines this finding.

Observation Volatility: Price volatility across periods is unaffected by
treatment variation, but algorithmic trading impacts transitory volatility.

Support: We report the calculated price volatility measure for each treatment
in the second column of Table A2. These measurements span the narrow range of 0.211
and 0.263, for which no pairwise difference in an exhaustive set of Mann-Whitney two-
sample tests as we report in the bottom part of Table A2. The data reported in the third
column shows that the treatments FastART and especially LiquidART have smaller
levels of transitory volatility. The magnitude of price changes within a period are on

average smaller than in the other treatments.
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Appendix D

Instructions

This is an experiment in market decision-making. You will be paid in cash for your participation
at the end of the experiment. Different participants may earn different amounts. What you earn
depends on your decisions and the decisions of others. The experiment will take place through
computer terminals at which you are seated. If you have any questions during experiment, raise
your hand and a monitor will come by to answer your question.

I. The Situation
In this experiment, you will participate in a market of 9 participants. The identities of the other
market participants will not be revealed to you.

Each market participant will be initially given Cash (1300 units) and Shares (4 units of asset
“A” and 4 units of asset “B”). Shares generate Dividends (income) over the 10 periods of the
experiment, but have no value at the end of the session. There are four possible dividends that
can be paid in a period, and each is equally likely to be paid (random drawing). At the end of
EACH period, EACH share will pay the owner a dividend.

When the experiment starts, you will participate in a market where the Shares can be bought
and sold between participants. You pay out of your Cash when you buy a share, and you get
Cash when you sell a share.

The experiment is divided into 10 consecutive trading Periods. Within each period, the market
is open for trading Shares. When a period is over your Cash and Shares will carry over to the
next period.

After the payment of the last dividend at the end of period 10, all shares will be worth nothing.
Your earnings will be based on the amount of cash that you have at the end of the 10 periods.
You accumulate cash by buying and selling shares, and/or by holding shares and collecting
dividends.

I1. Share classes and Dividends

Trading will occur in two classes of shares, one is called “A” and one is called “B”. The
dividend of an “A” share per period can be 0, 8, 28 or 60 Cash Units (CU), with equal chances.
The dividend of a “B” share in each period will be identical to the one paid on “A” shares plus
afixed 24 CU, i.e., 24, 32,52, 84 CU. Thus, if an “A” share pays 0, a “B” share pays 24 CU;
if an “A” share pays 8 CU, a “B” share pays 32 CU, etc. The dividends will be added to your
cash amount immediately.

Note that the average dividend per period per “A” share is 24 CU, since this is the average of
0, 8, 28, and 60, the equally likely dividends that can be paid. That is, over many periods, the
expected average dividend per period tends to be 24 CU per “A” share. Likewise, the expected
dividend per share of “B” is 48 CU, as this is the average of 24, 32, 52, and 84.
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The minimum total dividend that could possibly be paid on an “A” share is 0 (if O is drawn in
each of the 10 periods) and the maximum that could possibly be paid on a “A” share is 600 (if
60 is drawn in each of the 10 periods). Similarly, the minimum total dividend that could
possibly be paid on a “B” share is 240 (if 0 is drawn on “A” in each of the 10 periods) and the
maximum that could possibly be paid on a “B” share is 840 (if 60 is drawn on “A” in each of
the 10 periods).

Understanding expected dividends:

The following table summarizes the sum of remaining dividends per share class:

Remaining Sum Expected Sum of
Period dividends Expected of expected dividend expected
incl. same dividend per dividends per per “B” dividends per
period “A” share “A” share share “B” share
1 10 24 240 24 + “A“ 480
2 9 24 216 24 + “A” 432
3 8 24 192 24 + “A“ 384
4 7 24 168 24 + “A” 336
5 6 24 144 24 + <A 288
6 5 24 120 24 + “A” 240
7 4 24 96 24 + “A“ 192
8 3 24 72 24 + “A” 144
9 2 24 48 24 + “A“ 96
10 1 24 24 24 + “A” 48
End 0 - 0 - 0

Exercise: To check your understanding of the table, please answer now the quiz questions on
your screen. Please inform the instructor if you need any help.

I11. How to Trade Shares?

We are interested in the price you are bidding to pay and the price you are asking to sell. In
order to buy shares, you need cash. Alternatively you can borrow cash (with no interest) up to
2600 CU. The cash you own is shown on the screen. In order to sell shares, you need shares.
The number of shares you own is indicated at the top of your screen for “A” and “B” shares,
respectively. If you do not own (enough) shares and wish to sell (more) shares anyway, you can
borrow to sell up to 8 class “A” shares AND up to 8 class “B” shares. If you sell more shares
than you own your share holdings will be negative. For given negative share count at the end
of the period, the dividend on these negative shares will be subtracted from your cash.

During a period, you may buy or sell shares (see Figure 1 at the end of the Instructions). Note
that you can only buy or sell one share at a time.

1. Submit an ASK (a proposed selling price) for one share. You can offer a share from your
share holdings for sale by entering the asking price to sell one share in the space underneath the
button ASK. You confirm the ask by a click on the button. The ask is then added to the list of
outstanding asks. The outstanding asks are publicly recorded in increasing order, i.e. the best
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outstanding ask (the cheapest proposed selling price) being placed at the top of the list. All
market participants can see this list.

Note: you can submit as many asks as you like to sell one share. Upon selling one share, all
your outstanding asks (for that share class) are cancelled. To sell another share of that share
class you then must submit a new ask.

2. Submit a BID (a proposed buying price) for one share. You can bid to purchase a share
by entering your bidding price for one share in the space underneath the button BID. You
confirm your bid by a click on the button. The bid is then added to the list of outstanding bids.
The outstanding bids are publicly recorded in decreasing order, i.e., the best outstanding bid
(highest proposed purchase price) being placed at the top of the list. All market participants
can see this list.

Note: If two or more orders (bids or asks) are the same, they are listed in the order of arrival,
earlier orders being given priority over later ones. Upon purchasing one share, all your
outstanding bids (for that share class) are cancelled. To buy another share for this share class
you then must submit a new bid.

3. Immediate BUY — accept an ask: The best outstanding ask of the other market participants
is marked on your screen. You can accept the asking price (i.e., entering in a purchase
agreement of a share with the seller) by clicking on the button Immediate BUY below the list
of outstanding asks.

4. Immediate SELL — accept a bid: The best outstanding bid of the other market participants
is marked. You can accept the bid (i.e., entering in a sale agreement of a share with the buyer)
by clicking on the button Immediate SELL below the list of outstanding asks.

Note: Your own orders are displayed in blue, while the other orders are visible to you in black.
You cannot accept your own orders. You cannot purchase shares if the ask exceeds your cash
plus credit line. If your holding of “A” shares is -8, you cannot sell any further “A” shares. If
your holding of “B” shares is -8, you cannot sell any further “B” shares.

IV Transaction and price announcement

Upon acceptance of a bid or ask, via Immediate BUY or Immediate SELL, a transaction is
completed. The accepted order is the transaction price. The transaction price is recorded on
your screen in between the lists of bids and asks. Next to the price you are informed if you
participated as buyer or seller in the transaction. The more recent prices are listed first. The
most recent prices are also recorded for each share class in the middle of the screen below the
cash amount.

Upon transacting the price is debited from the buyer’s cash balance and credited to the seller’s
cash balance. The purchased share is added to the buyer’s share holdings and subtracted from
the seller’s share holding.

Note: Next you are going to participate in a Practice Session of trading. You trade for 3 minutes
on your screen with the other participants. There are NO payoff consequences linked to trading
in the Practice Session. During the Practice Session please practice submissions of bids and
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asks, immediate selling and buying. You may want to practice selling more shares than you
own to end up with a negative share count. You may also want to practice buying more shares
than you can pay with your own money to end up with a negative cash balance. During the
Practice Session none of your actions will have any payoff consequences.

V. Information

You will receive real-time updates on bids, asks and prices for ARTh share classes. Information
regarding the two share classes “A” and “B” are given on the screen on the left-hand and on the
right-hand side, respectively. You will receive summary information about the prices at opening
of the period, the high, the low and the average price during the period.

In each period you will be reminded on screen about the expected future dividends, and the sum
of expected dividends for the remaining periods. Finally, the realized past dividends are shown.
The latest paid out dividend of the prior period is highlighted.

The past prices are shown in a table on the ARTtom of the screen, including the prices at
opening, closing, the high, low and average of each past period. Alternatively to the past
prices, you receive past information on your share and cash holdings at the end of the period,
buys and sells during a period, and the past period dividends. You can alternate the past
information with the past prices by clicking on the button. (see Figure 1)

V1. Endowment and earnings

The experiment involves 3 rounds of 10 periods of trading. Each trading period in the first
round will last 180 seconds, and 120 seconds in the later rounds. Before the first round of each
10 periods starts, you will be given another Practice Session during which you can practice
making offers and transactions. The Practice Session will allow you again to trade three minutes
without any payoff consequences.

At the beginning of each of the 3 rounds, you will be endowed with shares and cash. You will
receive 4 “A” and 4 “B” shares and 1300 cash units. If you run out of cash, you will be able to
borrow up to 2600 cash units to purchase shares. If you run out of shares, you will be able to
sell 8 borrowed shares of “A” and 8 borrowed shares of “B”. Once again, note that if you have
borrowed shares, your share count is negative. For each negative share at the end of the period,
the dividend to be paid on one share will be subtracted from your cash.

At the end of the experiment, cash units CU will be converted to Pound Sterling, at an exchange
rate of £1 = 200 CU. Your final payment will be equal to the cash you had at the end of the
decisive round. The final payment will be made to you in private; you will receive an envelope
delivered to your seat in exchange for your signed receipt. (see Figure 2)

VII. Trading Algorithm

Besides the participants in the room, a computerized trading algorithm may participate in the
market. The computerized algorithm may take the same actions as you. It can buy and sell in
the market. The details of the strategy followed by the algorithm are not revealed to you, and
you will not be informed if the computerized trading algorithm actually acts in the market or
not.
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VIII. Summary

1.

2.

You will be given an initial amount of Cash and Shares at the very beginning.

Each “A” share pays the owner a dividend of either 0, 8, 28 or 60 CU at the end of
EACH of the 10 trading periods. Each of these amounts is equally likely to be drawn
at the end of the period. The average dividend per period per “A” share is 24 CU. The
dividend of the “B” share is 24 CU higher than the dividend of the “A” share, thus the
average dividend of the “B” share is 48.

You can submit offers to BUY shares and offers to SELL shares. You can make
immediate trades by buying at the lowest ask (offer to sell) or selling at the highest bid
(offer to buy).

You will participate in 3 rounds of 10 periods. At the end of the experiment one round
of ten periods is selected for payment. A participant will roll the die. The first outcome
of the die roll (smaller or equal 3) will determine the payment-decisive round for every
participant in the experiment.

Note that if you borrow cash or shares you may end a round with a negative cash
balance. If a round is chosen for payment in which you incur losses, you will earn
nothing.

A computerized trading algorithm may participate in the market. However, you will
never be told if the algorithm acts in the market and what it is programmed to do.

The instructions are over. If you have any question, raise your hand and consult the
monitor. Otherwise, please wait for the following Practice Session of three minutes.
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Figure 1: Screen shot of trading screen
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Figure 2: Screen shot of payoff screen
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