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Abstract 
This paper uses an experimental electronic market to investigate the effect of 
limited attention on the market maker’s ability to provide liquidity and, thus, 
on aggregate market liquidity. I find that higher demands on the market 
maker’s attention worsen her ability to provide liquidity but do not reduce the 
aggregate level of market liquidity. This effect is only significant in less active 
markets. Furthermore, the aggregate level of market liquidity remains unal-
tered across both highly active and inactive markets, suggesting a reactive 
strategy by informed traders who step in to compete with market makers 
during high information intensity periods when their attention allocation ef-
forts are compromised. In fact, in markets with a higher information value, 
the effect of attention constraints on the liquidity provision ability of market 
makers is greater. This implies that informed traders may not only exploit 
their informational advantage against uninformed traders but they may also 
use it to reap a higher share of liquidity-based profits. Finally, the market 
maker’s trading performance measured by her profit share and ability to 
manage her inventory worsens when demands on her attention are greater. 
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1. Introduction 

Market microstructure models suggest that the presence of market makers is a 
key determinant of market liquidity.1 In these models, the costs to market mak-

 

 

1A market maker is a firm or individual who assumes the risk of holding certain number of shares of 
a security to facilitate the trading of that security. Market makers’ main function is to provide liquid-
ity to markets, especially those that are relatively less liquid. They provide liquidity by posting bind-
ing bid and ask quotes and standing ready to trade at those posted quotes. In this way, market mak-
ers are responsible for making a fair and orderly market in one or more securities. 
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ers of maintaining a market presence can have a significant impact on market 
liquidity and the price formation process [1]. Traditional models attribute these 
costs to inventory and adverse selection risks. They argue that these risks affect 
the market maker’s decision-making process and, therefore, her liquidity provi-
sion abilities. Several recent studies, however, have suggested that behavioral 
factors also influence the market maker’s decision-making process. 

Individuals have a limited capacity for information processing [2].2 In a set-
ting where individuals must attend to several tasks simultaneously, their ability 
to optimally allocate attention across tasks may affect their decision-making 
processes and, consequently, the outcomes. As the number of tasks individuals 
must attend to increases, the constraints on their attention become tighter. Fur-
thermore, limited processing power may induce individuals to rely on heuristics 
reducing costs but potentially inducing processing errors [2]. In this paper, I in-
vestigate the role of attention constraints on the market maker’s ability to pro-
vide liquidity and, thus, on market quality. Market makers are often required to 
allocate their attention across multiple assets and this effort may influence the 
degree of liquidity in the markets they trade in.3 

Previous studies have shown that the main challenge in examining the role of 
attention is the difficulty in measuring attention and its allocation within finan-
cial market settings [3]. In this paper, I examine the effects of attention con-
straints in an experimental setting. The use of an experimental setting over-
comes the aforementioned challenge by precluding the use of proxies such as 
trading volume [4], Internet search volume [5] and earnings announcements [6]. 
In an experimental setting, the demands on the individual’s attention can be 
controlled and its effects on market characteristics such as liquidity and effi-
ciency can be isolated. 

In a market where market makers are an important source of liquidity, atten-
tion constraints could materially impact the market’s degree of liquidity. [3] ar-
gues that if attention constraints limit the ability of a market maker to allocate 
her efforts across stocks, her ability to provide liquidity for a given stock should 
be negatively related to the attention requirements of other stocks in her portfo-
lio. Also, the market maker’s allocation of attention may be primarily directed at 
extracting information about the value of the stock. [7] finds that specialists in 
the New York Stock Exchange (NYSE) obtain information from order flow and 
use this information to compete for liquidity provision. In this paper, I provide 
experimental evidence of these ideas. 

This paper contributes to the literature in the following ways: (1) to my 

 

 

2This notion is closely related to the theory of bounded rationality [8]. Bounded rationality recogniz-
es that individuals are not fully rational when making decisions. They have informational and com-
putational limitations. Bounded rationality states that individuals gather some (but not all) available 
information, use heuristics to make the process of analyzing the information tractable, and stop 
when they have arrived at a satisfactory, not necessarily optimal, decision. 
3An example of this market setting is the role of the specialist in the New York Stock Exchange 
(NYSE). Some specialists are only required to trade on one stock, while others are often required to 
trade on several stocks at the same time. In this sense, the NYSE’s market structure provides an ideal 
setting to test the effect of attention constraints on the specialists’ decision making process and mar-
ket quality across stocks and over time [3].  
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knowledge, this is the first experimental study to observe the effects of attention 
constraints on financial markets. Several empirical studies have tested this rela-
tionship, but none have studied this effect within an experimental setting where 
the individual’s ability to allocate attention can be directly controlled; (2) it 
measures the individual’s attention constraints in a way that precludes the use of 
noisy and potentially endogenous empirical proxies. Recent studies have used 
proxies of attention that may allow for substantial confounding effects such as 
trading volume [3] [4]. A well-designed experimental setting can isolate the ef-
fect of attention constraints without the need to rely on noisy empirical proxies; 
(3) it provides a variety of liquidity measures and distinguishes between market 
liquidity and liquidity provision. Market liquidity is an elusive concept to under-
stand and, more importantly, to measure. The use of several distinct measures of 
liquidity increases the reliability and robustness of the study; (4) it provides a 
more “pure” measure of the limited attention effect by keeping the total amount 
of attention available in a market fixed while changing the degree of attention 
constraints on the traders. Many previous studies test attention effects by simply 
increasing the number of tasks the individual must attend to. This, in turn, de-
creases the amount of attention available on a per-task basis. In this paper, I at-
tempt to find attention effects in an environment where the amount of attention 
available to a given task remains unchanged; (5) it eliminates the effects of the 
endogeneity problem between the asset characteristics and the marker maker’s 
portfolio. Empirical studies based on either cross-sectional or times-series ana-
lyses allow for an endogeneity bias whereby the allocation of a given asset to the 
market maker’s portfolio may be influenced by the characteristics of the asset it-
self [9]. This paper’s experimental design consists of market makers trading 
randomly selected generic assets, eliminating the effects of this endogeneity bias; 
(6) it examines the trading behavior of the market maker controlling for inven-
tory risks. There is ample literature providing evidence of the significant impact 
of inventory risk on the market maker’s decision-making process and, thus, on 
her ability to provide liquidity [10]. This factor may be difficult to control for in 
empirical work. This experimental study controls for inventory effects, isolating 
the impact of attention constraints on the market maker’s behavior. In sum-
mary, this paper contributes significantly to the experimental literature by ex-
amining the role of attention constraints on financial markets. The use of a con-
trolled experimental setting overcomes many of the challenges seen in empirical 
studies such as the ability to measure the allocation of attention and isolate its 
effect on trading behavior and market quality. 

The remainder of this paper is organized as follows: Section 2 reviews the re-
lated literature; Section 3 describes the nature of the market and develops the 
hypotheses; Section 4 discusses the advantages and design of the experimental 
setting; Section 5 describes the statistical methodology; Section 6 presents the 
results; Section 7 concludes. 

2. Literature Review 

Early work in attention literature can be traced back to the notion of bounded 
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rationality [8]. The theory of bounded rationality and its business applications 
suggests that individuals have a limited capacity to gather and process informa-
tion and, thus, may not be able to make fully informed and rational decisions 
[11] [12]. When dealing with information capacity constraints, individuals na-
turally rely on heuristics or mental shortcuts to arrive at satisfactory (not neces-
sarily optimal) solutions [13]. This reliance on heuristics may induce biases in 
the individual’s financial decision-making process leading to less-than-optimal 
outcomes in financial markets. 

Traditional finance literature has attempted to explain empirical anomalies by 
emphasizing the role of market imperfections. For example, [14] develops a 
market equilibrium model where prices only partially reflect the information of 
informed individuals, and where not all individuals are informed. [15] attempts 
to explain the small firm anomaly by developing a model of market equilibrium 
where there is less information available for some of the securities than for oth-
ers. [16] coined the term “noise traders,” referring to those individuals who trade 
for non-informational reasons and implying that not all individuals have access 
to (or trade based on) all available market information. [17] departs from the 
notion of a perfect market by assuming investors only know about a subset of all 
available securities. These traditional finance models attempt to explain market 
anomalies by assuming the “perfection” of markets while retaining, within their 
models, the idea of perfectly rational market participants. In fact, Robert C. 
Merton states “although I must confess to a traditional view on the central role 
of rational behavior in finance, I also believe that financial models based on fric-
tionless markets and complete information are often inadequate to capture the 
complexity of rationality in action” [17]. 

Researchers have attempted to complement the efforts of traditional models in 
explaining market anomalies by challenging the viability of the rationality as-
sumption.4 In other words, they study financial markets under the premise that 
individuals’ limited capacity to process information may prevent them from 
making fully rational decisions, leading to less-than-optimal outcomes [18]. 
Several studies have explored the role of limited attention in explaining market 
anomalies. For example, [19] develops a model in which limited attention ex-
plains both under- and overreaction to two earnings components: earnings sur-
prises and operating accruals. [20] compares investors’ reactions to earnings 
announcements on Friday, when investors’ attention is less likely, to their re-
sponse on other weekdays. They find that Friday announcements have a 15% 
lower immediate response and a 70% higher delayed response. Similarly, [21] 
studies investors’ reactions to earnings announcements made during non-tra- 
ding hours. They find greater underreaction during these hours. [22] categorizes 
the information contained in earnings announcements as harder-to-process/soft 
(qualitative) and easier-to-process/hard (quantitative) information to examine 

 

 

4Perfectly rational individuals are those individuals who make utility-maximizing decisions, apply 
unlimited processing power to any available information, and hold preferences well-defined by 
standard expected utility theory.  
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the role of information processing costs when explaining post earnings an-
nouncement drift. 

Although these studies focus on the timing and information content of earn-
ings announcements as a way of measuring the effect of investors’ attention con-
straints, other studies have attempted to directly quantify the level of these con-
straints using empirical proxies. For example, [4] studies how attention affects 
asset price dynamics through investors’ under-and overreactions to information. 
To measure investor’s attention, they use trading volume as a proxy in their 
cross-sectional analysis and the state of the market (rising or falling markets) in 
their time-series analysis. [5] proposes a novel measure of investor attention us-
ing the aggregate Google search frequency. They find evidence of short-term 
predictability based on this search volume measure. Reference [3] measure the 
degree of attention a NYSE specialist can provide to any stock as an inverse 
function of trading activity and absolute returns of all other stocks in the spe-
cialist’s portfolio. 

The aforementioned literature is aimed at identifying the determinants of in-
vestor attention such as trading volume, the state of the market, and the timing 
of earnings announcements. There is, however, a parallel stream of literature on 
limited attention that focuses on the process through which individuals allocate 
their limited attention. For example, [23] provides an equilibrium model to ana-
lyze the effect of information capacity constraints in which investors optimally 
allocate their information capacity across multiples sources of uncertainty. [24] 
argues that investors allocate attention first to market and sector-wide informa-
tion and then to firm-specific information. They provide evidence that this pat-
tern of attention allocation helps explain the covariation in asset returns and, 
thus, has implications for return predictability. Similarly, [25] argues that, given 
the large number of stocks to choose from, investors naturally allocate more at-
tention to “attention-grabbing” stocks (e.g. stocks in the news). This allocation 
process, in turn, has implications for their trading decisions. 

Examining the effects of attention constraints on investor behavior can be 
challenging due to the difficulty in observing how investors allocate their atten-
tion or even which securities are in their opportunity set [6]. To overcome this 
challenge and provide more direct evidence of the limited attention effect, some 
studies have recently examined market settings where a designated market mak-
er plays a significant role [3] [6]. In contrast to the wide-ranging investor’s op-
portunity set, designated market makers are only responsible for providing li-
quidity for a well-defined set of securities. This market setting allows researchers 
to directly identify the set of securities across which market makers must allocate 
their attention. 

The traditional microstructure models attribute the market maker’s decisions 
and their effects on market equilibrium to costs associated with inventory risks 
[10]-[29] and adverse selection risks [30] [31] [32] [33]. [4] [7], however, pro-
vide a behavioral alternative to help explain the decision-making process of 
market makers and its impact on market quality. [3] tests the hypothesis that the 
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ability of NYSE specialists to provide liquidity for a given stock is negatively re-
lated to the attention requirements of other stocks in his portfolio. Furthermore, 
they hypothesize that specialists devote more attention to their more active 
stocks, reducing their provision of liquidity to other stocks in their portfolios. In 
a more recent study, [6] examines the ability of market makers to provide li-
quidity around earnings announcements. They find that when some stocks in 
the market maker’s portfolio have earnings announcements, liquidity is lower 
for other non-announcement stocks in the portfolio. They also find that half of 
the liquidity decline can be attributed to attention constraints while the other 
half is explained by the market maker’s inventory.5 These papers provide robust 
evidence of the significant role of limited attention on the degree of market li-
quidity and, thus, on the quality of the market. 

In summary, the finance literature has taken significant steps to challenge the 
notion of perfectly rational agents in support of the notion of bounded rational-
ity [8] whereby informational and computational limitations prevent investors 
from making optimal investment decisions. The role of limited attention has 
been studied extensively in an attempt to uncover evidence supporting this no-
tion. In this effort, previous empirical studies have provided a wealth of evidence 
but have faced a significant challenge in providing pure proxies of attention and 
isolating its effects on the investor’s decision-making process as well as its im-
plication for market quality. For this reason, this paper is aimed at providing 
more robust evidence of the effect of limited attention. More specifically, I study 
the market maker’s ability to provide liquidity by directly testing the hypotheses 
proposed by [3], and other related hypotheses. In doing so, I examine the effect 
of limited attention within a highly controlled laboratory experiment that allows 
me to directly measure the demands on the individual’s attention, avoiding the 
need to use noisy measures of attention. To my knowledge, this is the first expe-
rimental study to examine the effect of limited attention on financial markets. 

3. Market Structure and Hypotheses 

In this section I discuss the basic structure of the market with a focus on the role 
of the market maker as a liquidity provider. Among the market design issues 
discussed in this section are the information structure and market transparency, 
the market maker’s management of inventory risk, and the structure of attention 

 

 

5According to [6], they distinguish themselves from [3] in that they use an exogenous attention-de- 
manding event (i.e. earnings announcement) instead of trade-based measures of attention such as 
high trade volume which could be endogenous (e.g. the market maker may induce a higher trading 
volume by providing more aggressive quotes). Furthermore, [6] claim to be the first empirical study 
of attention constraints to control for inventory risk management. They hypothesize that the when 
the NYSE specialist acquires a large inventory position in one stock, she provides less liquidity for all 
other stock on her panel. Thus, inventory risk management may influence the ability of the specialist 
to provide liquidity. They find that about half the effect of earnings announcements on non-an- 
nouncement stocks is due to specialist inventory risk management, but after controlling for invento-
ries, there still find a significant effect attributable to the specialist’s attention constraints. To control 
for inventory effects, they use two empirical proxies: (1) the absolute value of the closing dollar in-
ventory for all stocks on the specialist’s panel on the previous trading day, and (2) the change in the 
absolute value of the aggregate dollar inventory for all announcement stocks on the panel on the 
same trading day. 
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and its allocation across markets. I then formulate the hypotheses tested in this 
study. 

3.1. The Nature of the Market 

Electronic markets have surged in popularity as a platform for trading not only 
equities but a wide spectrum of financial assets as well. There are a variety of 
ways in which these electronic markets can be and have been organized.6 Despite 
the varied and distinct structure of these markets, there seems to be a common 
theme: most equity markets contain some form of market making. A study by 
the U.S. Securities and Exchange Commission (SEC) finds that, as of September 
2009, the three largest U.S. equity trading centers are the NASDAQ, NYSE and 
NYSE Arca, which account for 47.3% of the trading volume in National Market 
System (NMS) stocks.7 A quick glance at the trading rules for these three U.S. 
registered exchanges reveals a significant role played by some form of designated 
market maker.8 In an earlier study, [34] investigates 30 stock markets worldwide 
and find that the majority of countries follow one of three types of market mak-
ing systems: (1) the quote-driven market making system, (2) the centralized 
market making system in an order-driven market, and (3) the non-centralized 
market making system in an order-driven market.9 More importantly, they find 
that the vast majority of stocks in developed markets, including the low liquidity 
stocks, are obliged to use a form of market making. 

In this paper, I use an experimental market setting that contains salient fea-
tures of a market making system in an order-driven market:10 continuous trad-
ing with the required participation of market makers, different levels of pre- 

 

 

6Although the complexity of electronic trading venues worldwide makes their classification a daunt-
ing task, trading platforms can be broadly grouped into two categories based on their reliance on 
market makers: quote-driven markets and order-driven markets. In a quote-driven market, a market 
maker takes the opposite side of every transaction. Order-driven markets feature trading between 
public investors without the intermediation of a market maker. Electronic markets can also be classi-
fied by their degree of continuity. Periodic markets allow trading only at specific points in time (e.g. 
call auctions) while continuous markets allow trading at any point in time while the market is open 
[35]. Nowadays, however, most electronic trading platforms are a hybrid with features consistent 
with several of these market type classifications. One of the more prominent hybrid trading plat-
forms is the New York Stock Exchange (NYSE). 
7In general, NMS stocks are those that are listed on a U.S. national securities exchange [36].  
8Many U.S. exchanges and Electronic Communications Networks (ECNs) offer liquidity rebates to 
proprietary trading firms when resting orders that add liquidity are accessed by those seeking to 
trade immediately by taking liquidity [36]. In this way, these trading venues allow proprietary trad-
ing firms to act as market makers. The main difference between these traders and designated or au-
thorized market makers is that proprietary trading firms do not have an obligation to provide liquid-
ity, continuity and maintain a fair and orderly market as designated market makers do. 
9[34] base their classification on the following four dimensions: execution system (quote driven ver-
sus order driven), market location (floor based versus screen based), level of competition (monopo-
listic versus competitive) and the presence of a market making system. The three types of market 
making systems mentioned here do not distinguish between electronic and floor-based markets. 
Reference [34] also provides a 4-type classification that disaggregates the centralized market making 
system into two sub-categories: on that is floor-based and another that is electronic. 
10To control for the level of demand on the market maker’s attention, the experimental market de-
sign consists of two environments: a centralized setting where there is only one market maker per 
stock and a non-centralized setting where two market makers submit their quotes on a continuous 
basis for the same stock. 
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trade transparency across traders, price-time priority rules, instantaneous trade 
reporting rules, and order submission and cancellation functionality for both 
market and limit orders. In this setting, all potential buyers and sellers (informed 
and uninformed) can trade directly with each other via the limit order book 
(acting as competitors to the market maker), and can enter limit and market or-
ders that trade against the market maker’s quotes (acting as counterparties to the 
market maker). 

The Role of the Market Maker 
In this experimental market, market makers act primarily as liquidity provid-

ers, submitting limit orders continuously from their own accounts. They are re-
quired to quote (binding) bid and ask prices at all times. At the same time, the 
market allows for public buyers and sellers (informed or uninformed) to trade 
directly with each other via the limit order book, effectively competing with the 
market maker. In addition, the market maker has exclusive access to the book 
and, thus, the order flow in real time. Other traders can only observe the best 
market bid and ask prices. Altogether, these features foster a trading environ-
ment where the market maker’s quotes reflect both her intentions as well as the 
interest of the entire market. 

Market makers are required to post bid and ask prices on a continuous basis. 
This requirement, however, does not necessarily provide extra liquidity in the 
market. The market maker can avoid trading by entering orders that are 
non-competitive.11 There are several reasons, however, why this possibility may 
not play a substantial role in the behavior of the market maker. First, the trading 
behavior of the market maker is primarily profit-motivated. The main source of 
revenue for the market maker is the difference between the bid and the ask pric-
es she quotes (i.e. the bid-ask spread). Therefore, the market maker has a strong 
incentive to trade a large volume of shares and this can only be achieved with 
aggressive quotes. Second, the main goal of this study is to uncover any potential 
differences in the market maker’s liquidity provision ability under different at-
tention constraint scenarios. The level of liquidity provision under either scena-
rio is not as important as the change in the level of liquidity provision across 
scenarios. Finally, studies have shown that designated market makers have a sig-
nificant positive impact on the quality of markets, especially the less liquid ones. 
For example, [37] concludes that the designated market maker can improve the 
terms of trade offered by public limit orders, at least for less liquid securities by 
simply maintaining a market presence. 

Information and Disclosure 
Undoubtedly, varying degrees of information in the market are the funda-

mental basis for trade.12 The varying degrees of information are the result of ei-

 

 

11Non-competitive orders consist of submitting limit buy (sell) orders with a price that is lower 
(higher) than other bid (ask) prices outstanding on the limit order book. The lower (higher) the bid 
(ask) price is, the less likely it is that the order submission will result in a trade and the less competi-
tive the order is. 
12There are of course other bases for trading that may arise due to non-informational reasons. 
Among those reasons I find trading related to institutional mandates, portfolio rebalancing needs 
and noise [16]. Traders whose trading is motivated by non-informational reasons are known as un-
informed traders. 
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ther (1) asymmetric information (i.e. traders may have access to different infor-
mation sets) and/or (2) opinion dispersion (i.e. traders may perceive the same 
information set differently, creating disagreement regarding the asset value). 

In a model with asymmetric information, the market maker loses on average 
to those traders with superior information. This phenomenon is widely accepted 
and known as adverse selection risk.13 There are several experimental studies 
that model the effect of adverse selection risk on the behavior of market makers. 
[38] manipulates the degree of information asymmetry by separating traders in-
to two groups: a group of informed investors who learn some information about 
the value of the security, and a group of market makers who learn no such in-
formation. In aggregate, however, the market has perfect information on the 
value of the security. [39] develops a market setting that also contains two 
groups of traders: a group of informed traders who have superior information 
and a group of uninformed traders who face liquidity needs (i.e. they trade for 
exogenous non-informational reasons).14 In this paper, the information structure 
combines features of both studies. The experimental market contains three dis-
tinct groups of traders with varying degrees of information. First, informed 
traders have superior information because the value of the security is known to 
them within a narrow range. Second, uninformed traders do not have any in-
formation about the fundamental value. They trade because of exogenous, li-
quidity-based needs. Finally, and similar to uninformed traders, market makers 
do not have any information about the value of the security; however, they have 
exclusive access to the limit order book and the market’s order flow in real 
time.15 

Information disclosure and the resulting transparency of the market, have 
significant implications on the degree of liquidity, the level of competition, and 
the informational efficiency of markets. [40] finds that a higher level of transpa-
rency improves the informational efficiency of the market, causes opening 
spreads to widen, and allows market makers to benefit at the expense of in-
formed and uninformed traders. More importantly, they find that post-trade 
transparency (i.e. trade disclosure) can have important effects on market quality, 
while pre-trade transparency (i.e. quote disclosure) seems to have little effect. 

This paper’s experimental market features a high degree of post-trade trans-
parency for all traders. Trades are instantaneously reported to all traders. The 
degree of pre-trade transparency, however, is different across trader types in or-
der to motivate trading and to simulate the main features of a market making 

 

 

13The origin of this concept is usually credited to the work of [30] and it was first formalized in a 
one-period model where the market maker’s decision problem was affected by a fraction of traders 
who possessed superior information [31]. 
14Informed traders can also be described as traders who have private information about value which 
allow them to predict future price changes. Uninformed traders can also be seen as traders who must 
fill an order before some deadline which may arise when traders need to invest or disinvest exogen-
ous cash flows [40]. 
15All three types of traders (market makers, informed and uninformed) have access to the market’s 
best bid and ask/offer prices (i.e. BBO) and to the entire history of the BBO and transaction prices in 
real time.  
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system in an order-driven market [42]. Informed traders have access to the se-
curity’s fundamental information (i.e. a narrow range containing the funda-
mental value of the security), market makers have access to all market informa-
tion (e.g. current BBO and the state of the entire limit order book)16, and unin-
formed traders have access to the best bid and best ask prices only. 

Inventory Management 
In addition to adverse selection risk, it is well understood that risk averse 

market makers must incorporate their inventory levels into their quote-setting 
process, especially during times of large order imbalances. This idea can be 
traced back to the work of [10]. The market maker’s portfolio holdings may 
move away from her desired portfolio, resulting in a level of risk (i.e. inventory 
risk) and return that is inconsistent with her personal preferences [26]. In an 
experimental study, [38] analyzes the ability of the market maker to control her 
inventory position. He finds that market makers manage their inventories in real 
time by revising their quotes. Furthermore, he finds that inventory management 
is more prominent in settings where the degree of information asymmetry is 
more pronounced. Therefore, the amount of liquidity a market maker provides 
is likely to be affected by her inventory position in addition to any potentially 
binding attention constraints [6]. 

In order to control for potential effects of inventory risk on the trading beha-
vior of market makers, the experimental design lets market makers accumulate 
any ending inventory position without penalty. Any shares in inventory re-
maining at the end of trading are ignored, in the sense that they do not alter the 
profit/loss performance of the market maker.17 In this way, market makers are 
not required to protect themselves from the arrival of overnight news (i.e. over-
night risk), eliminating inventory-driven trading such as the selling/buying of 
shares towards the end of the trading session in an attempt to end with a flat po-
sition (i.e. zero shares in inventory).18 The market maker does, however, manage 
her inventory during continuous trading to protect herself from informed trad-

 

 

16Fundamental information can be seen as information relevant to the investment decision such as 
the state of the economy, recent structural changes in the industry where the company operates, the 
company’s financial statements, the current strategy of the firm’s management, etc. Market informa-
tion would be information relevant to the trading decision such as current quotes, recent high and 
low prices, opening and closing prices, submissions, cancellations and standing orders in the limit 
order book, etc. 
17This implies that, unlike other traders, the market maker’s ending position is not marked to fun-
damental value. This feature precludes the market from being a zero-sum game (i.e. the sum of the 
profit/losses across all traders in a trading session does not equal zero). To illustrate this point, im-
agine a market maker who sells a share to an uninformed trader at $80 when the fundamental value 
of the share is $50. If the uninformed trader keeps that share until the end of the trading period, he 
would suffer a loss of $30 (i.e. marked to value). The market maker, however, does not receive a gain 
of $30 unless she covers her position (i.e. buys a share) prior to market closing. And even if she does 
cover her position, the gain will depend on the purchase price, which may not equal $50. 
18[43] finds that lagged NYSE specialist inventories and trading revenues predict market liquidity. 
According to their study, specialists usually earn positive trading revenue on intraday round-trip 
transactions but are more exposed to the possibility of losses on inventories held for longer periods 
such as overnight. Their findings provide empirical evidence of the effect of overnight risk on the 
behavior of the market maker. Therefore, controlling for end-of-trading inventory effects is para-
mount. 
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ing (i.e. adverse selection risk). Increasing inventory deviations away from zero 
provide the market maker with information signals about trading decisions of 
other traders, some of who may be informed. 

Overall, in this market, inventory management has an asymmetric and posi-
tive effect on the market maker’s trading behavior. The market maker can mon-
itor her inventory and revise her quotes reducing her exposure to informed 
trading without the constraint of ending with a flat position. Thus, the experi-
mental design not only encourages a more aggressive price-quoting behavior by 
the market maker, but it also helps isolate the effect of limited attention by re-
moving the influence of a substantial non-attention factor. In this way, the de-
sign permits for a more robust examination of the effects of attention constraints 
on the market maker’s ability to provide liquidity to one or more markets. 

Attention Allocation 
Structural market features may influence the market maker’s ability to allocate 

attention and provide liquidity effectively. Two points are worth considering: (1) 
the availability of attention per unit of information intensity is fixed19, and (2) 
market makers may face competition from traders with lower attention con-
straints. 

Most empirical studies look at the effect of market makers’ attention con-
strains on financial markets by examining different levels of information inten-
sity. These studies use empirical proxies to measure the level of information in-
tensity for a stock and, thus, its demand on the attention of traders. Some exam-
ples of those proxies are earnings news [6], trading volume [4], Internet search 
frequency [5], absolute returns [3], among others. Although these studies ex-
amine the market maker’s decision making process based on her individual li-
mited attention capacity, they fail to incorporate the effects of structural features 
designed to increase the amount of attention available for a stock during times of 
high information intensity. In other words, they fail to keep the amount of at-
tention available per unit of information intensity fixed. For example, in the 
NYSE, each security can only be assigned to one specialist. There are, however, 
several market features that help alleviate the demands on the specialist’s atten-
tion, particularly during times of high information intensity. These features in 
turn, help ensure that the liquidity of the stock handled by a specialist is not af-
fected by demands on her attention when information about other stocks in her 
panel increases in intensity. Some of these features are the reassignment of 
stocks across panels (i.e. variable panel size)20, the availability of relief specialists, 
and the introduction of the Hybrid market which provides specialists with elec-
tronic trading tools and, more importantly, allows off-floor market makers to be 

 

 

19[25] defines attention-grabbing stocks as those that are in the news, stocks that are experiencing an 
unusually high trading volume, or stocks with extreme one-day returns. In the spirit of this concept, 
I define an attention-grabbing stock as one with a high number of information intensity “units” rela-
tive to other stocks. 
20Once allocated, reassignments of stocks across specialist firms are rare but reassignments of stocks 
within a specialist firm are relatively common [3]. In fact, [6] shows that during the NYSE’s Hybrid 
rollout period (October, 2006 until January, 2007) the number of specialist panels and, thus, the 
number of specialists significantly decreased from roughly 345 panels to 285 panels. 
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opportunistic by trading in some stocks during times when specialists are busy 
attending to other stocks in their panel [6].21 Combined, the structural features 
of the specialist system can be seen as an attempt to keep the amount of atten-
tion available per unit of information intensity fixed; even though the specialist 
herself may see the demands on her individual attention vary over time. 

In this paper, the experimental market design keeps the amount of attention 
available for the set of securities fixed on a per-unit basis across low and high at-
tention constraints environments.22 This allows me to control for the amount of 
attention allocated across stocks and isolate the effects attention constraints on 
the market maker’s ability to provide liquidity. 

The second structural implication is the impact of other traders who face low-
er attention constraints (i.e. they trade on a smaller set of securities or trade on 
securities with lower information intensity). For example, informed traders may 
behave similar to market makers, yet trade on a fewer number of stocks. Pre-
vious studies find evidence that informed traders provide a significant amount of 
liquidity to the market [39].23 They find that informed traders in electronic or-
der-driven markets become net suppliers of liquidity when they see their infor-
mational advantage depleted. Furthermore, a study by the U.S. SEC has found 
that proprietary firms, also known as high-frequency traders, take advantage of 
low-latency systems and liquidity rebates by submitting large numbers of non- 
marketable orders which provide liquidity to the market electronically.  

This competitive feature is explicitly modeled in the experimental market by 
allowing market makers to trade in more than one stock while restricting the 
trading of informed traders to only one stock. This feature is similar to the non- 
centralized market making design in an order-driven market as described by 
[34]. In this type of market, there is more than one trader providing market 
making services and liquidity to the market. Also, designated market makers 
compete with other traders (who may have lower attention constraints) for order 
flow. 

3.2. Hypotheses 

The complexity of modern-day stock markets, coupled with the interdependence 
of trader’s decisions, makes empirical studies of traders’ behavior vulnerable to a 

 

 

21In their paper, [6] explicitly states the following: “Unfortunately, the data we have do not indicate 
when a relief specialist is called in, so we are unable to isolate those events in our analysis.” 
22In the low attention constraint environment, there are two market makers and each market maker 
can only trade on one market (e.g. market maker A can only trade security A and market maker B 
can only trade security B). In this environment, the market maker has low demand on her attention 
because she allocates her entire attention capacity to one security. In the high attention constraint 
environment, there are still two market makers but here both market makers are obligated to provide 
liquidity to both markets (e.g. both market makers (A and B) must trade securities A and B simulta-
neously). By keeping number of market makers fixed across trading environments, I keep the aggre-
gate amount of attention available fixed across environments, but, more importantly, I keep the 
availability of information on a per-market basis fixed. I control for trading volume so that it does 
not vary across attention constraint environments. 
23A current example that is consistent with these findings can be found in the NYSE. Specialists in 
the NYSE face competition from off-floor traders. These are high-frequency traders who provide a 
substantial amount of liquidity to the NYSE stocks effectively competing with the specialist. 
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myriad of confounding effects. Given the experimental nature of this paper and 
the impracticality of perfectly replicating complex institutions such as the 
NYSE’s Hybrid market, the experimental market implements only institutional 
features of interest in a simplified setting. These institutional features, however, 
are enough to provide a direct test of the paper’s relevant hypotheses and shed 
light on the behaviors of market makers in a less restrictive setting. Furthermore, 
this study aims to improve the robustness of previous empirical results by 
avoiding the use of noisy proxies, controlling for potential statistical and beha-
vioral biases, isolating the pure effect of the market maker’s attention con-
straints, and addressing other confounding effects that have not been previously 
addressed or simply cannot be measured in empirical studies. 

[3] examines individual NYSE specialist portfolios and test whether liquidity 
provision is affected as specialists allocate their attention across stocks. More 
specifically, they argue that if limited attention forces a specialist to allocate ef-
fort across stocks, her ability to provide liquidity for a given stock should be ne-
gatively related to the attention demands of other stocks in her portfolio, all else 
held constant. They refer to this hypothesis as the Limited Attention Hypothesis 
(LAH). They further hypothesize that the effects of limited attention should be 
most evident for inactive securities.24 They find significant evidence supporting 
both hypotheses. This paper provides a test of predictions similar to those made 
by the LAH. More formally, I test the following hypotheses: 
 Hypothesis 1: The liquidity provision ability of the market maker and, thus, 

the degree of market liquidity decreases as the market maker’s attention con-
straints increase. 
To test this hypothesis, the experimental design consists of two main envi-

ronments: a condition where market makers are only responsible for providing 
liquidity to one market, and another condition where market makers are re-
sponsible for providing liquidity to two distinct markets simultaneously. The 
degree of liquidity is measured and compared across these two environments. 

To support this hypothesis, I predict that the liquidity measures will deteri-
orate more significantly when the market maker is responsible for providing li-
quidity in two markets simultaneously relative to one market only. In other 
words, I expect to see market liquidity (e.g. bid-ask spread) as well as the 
amount of liquidity provided by the market maker (e.g. number of limit orders 
posted) worsen, on average, when the market maker operates in two simultane-
ous markets as opposed to only one. 
 Hypothesis 2: The reduction in the market maker’s liquidity provision (and 

overall market liquidity) caused by higher attention constraints is more evi-
dent for the least active securities. 
To test this hypothesis, the experimental design consists of two distinct mar-

kets with different levels of trading activity. Both markets always have the same 

 

 

24[3] provides two reasons for this hypothesis: (1) market makers participate in a larger fraction of 
trades and provide a larger proportion of liquidity for inactive securities, and (2) market makers are 
less likely to divert attention from active securities because they put more capital at risk and derive a 
large fraction of their profits when trading these securities. 
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number of informed traders and market makers. One of the two markets (i.e. 
high activity market), however, consists of twice as many uninformed traders. 
Uninformed traders are given an exogenous motive for trading a given number 
of shares.25 Therefore, varying the number of uninformed traders across markets 
(two in one market and four in the other) produces different levels of trading ac-
tivity. 

To support this hypothesis, I predict that the liquidity measures will deteri-
orate more significantly in the market that has a low level of trading activity (i.e. 
relatively inactive) if market makers are responsible for trading in two markets 
simultaneously rather than one market only. In other words, I expect to see a 
significant increase in the bid-ask spread and a decrease in the number of limit 
order posted by the market maker only in the less active market, and when the 
market maker is responsible for trading on both markets. I do not expect to see 
any effect on the liquidity measures in markets with a high level of trading activ-
ity. 

Numerous studies have examined the strategic behavior of traders and the in-
formation content of their strategies. Not only do traders’ decisions determine 
market prices but they also impact market liquidity. The trader’s decision as to 
whether to be patient or impatient has a direct impact on the degree of market 
liquidity.26 [41] provides a model that derives optimal submission strategies for 
informed and uninformed traders. He suggests that informed traders have a 
transitory informational advantage and their trading strategy depends primarily 
on the quality of their information. He shows that when information value is 
high, informed traders use market orders, lowering market liquidity. Informed 
traders may, however, supply liquidity in less active markets.27 He also shows 
that uninformed traders initially use limit orders but progressively use more ag-
gressive orders (e.g. market orders or more aggressively priced limit orders) as 
the trading deadline approaches. In summary, this study highlights the impor-
tance of information value and its impact on the strategic trading decisions of all 
traders. 

Similar to [41], [7] studies the role of information on the strategic behavior of 
market participants. In their study, they include a market-making feature by 
empirically examining the role of the specialist in the NYSE. Under the premise 
that that specialists compete with other traders for the provision of liquidity, [7] 
finds strong evidence that specialists use their unique access to the limit order 
book to make strategic trading decisions. More specifically, they find that if ag-

 

 

25Refer to the “Experimental Design” section for a detailed description of the different types of trad-
ers in the experimental market and their respective motives for trading. 
26Patient traders are willing to wait to trade. They are likely to use limit orders effectively becoming 
liquidity suppliers. Impatient traders must trade quickly. They are likely to use market orders (or 
marketable limit orders) reducing the level of market liquidity. 
27[39] and [44] extend the work of [41] to show that informed traders may become liquidity suppliers 
once their information advantage has been depleted (toward the end of the trading period). The dual 
role of informed traders as demanders and suppliers of liquidity is a common theme across these two 
studies. [41] notes that informed traders’ informational advantage is only transitory and that they 
may become liquidity suppliers when their information becomes public especially if bid-ask spread 
are wide and trading deadlines are distant. 
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gregate order information is valuable, specialists use this information to profit. 
In this way, specialists do not only reduce their own exposure to adverse selec-
tion risk, but they may also increase adverse selection risk for uninformed trad-
ers. Furthermore, they show that these results are stronger for active stocks 
where the competition is more intense. 

Evidently, valuable information drives the strategic behavior of traders with 
an informational advantage, as well as the behavior of uninformed traders whose 
trading decisions may be reactive. Informed traders possess information about 
the fundamental value while market makers can extract this information from 
their exclusive access to the order book. These two types of traders may use their 
information to compete for market making profits. Higher attention constraints 
on the market maker may then lower her ability to extract information and 
compete effectively. Moreover, the reduced ability of the market maker to ex-
tract information makes informed traders’ information even more valuable. 
This, in turn, increases the market maker’s adverse selection risk, further reduc-
ing her ability and/or willingness to provide liquidity. In order to explore the 
role played by information value and traders’ strategic behavior on liquidity 
across different attention constraints environments, I test the following hypo-
theses: 
 Hypothesis 3: Higher attention constraints lower the market maker’s abilities 

to extract information from the market, worsening her informational disad-
vantage (relative to informed traders) and hampering her ability to provide 
liquidity. 
To test this hypothesis, the experimental design consists of securities (or tri-

als) with different degrees of information value. Informed traders receive an in-
formation signal (i.e. a narrow range that contains the security’ fundamental 
value) prior to the start of trading. Some trading trials consist of fundamental 
values with large absolute deviations from the prior expected value of $50 (high 
information value) while other fundamental values are near the prior expected 
value (low information value). In this way, the value of the informed traders’ in-
formation is controlled across securities. 

To support this hypothesis, I predict that the liquidity measures will deteri-
orate more significantly in markets with high information value (i.e. large in-
formational advantage of informed traders) if market makers are responsible for 
trading in two markets simultaneously rather than one market only. In other 
words, I expect to see a significant increase in the bid-ask spread and a decrease 
in the number of limit order posted by the market maker only in markets where 
informed traders have a large informational advantage, and when the market 
maker is responsible for trading on both markets. I do not expect to see any ef-
fect on the liquidity measures in markets where informed traders have little to 
no informational advantage. 
 Hypothesis 4: The market maker’s ability to provide liquidity effectively, and 

thus, her trading performance (based on optimal quote revisions) is reduced 
as her attention constraints increase. 
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To test this hypothesis, I assess the market maker’s trading performance and 
liquidity provision abilities across the two attention-constraint environments. To 
measure the market maker’s trading performance, I consider her dollar profits. 
The market maker’s ability to optimally revise her quotes would be indicative of 
a superior trading performance and should, in turn, lead to higher profits.28 

To support this hypothesis, I predict that the market maker profit share will 
be significantly lower when the market maker is responsible for providing li-
quidity in two markets simultaneously relative to one market only. In other 
words, I expect to see dollar profit, but more importantly, profit share decline, 
on average, when the market maker operates in two simultaneous markets as 
opposed to only one. 

4. Experimental Study 

In this section, I provide a detailed description of both the experimental design 
and the laboratory market. 

4.1. Experimental Design 

In this paper, I use a full-factorial repeated measures (balanced) design with a 
total of six factors (three within-subject factors and three between-subject fac-
tors).29 In such a design, each subject or experimental unit is observed repeatedly 
under different treatments.30 The objective of this design is to investigate factors 
affecting the ability of the market maker to provide liquidity. More specifically, 
the experiment was designed to examine how the liquidity provision ability of 
market makers differs with (1) market characteristics such as trading activity 
and time, (2) asset characteristics such as the relative value of the security’s in-
formation to traders, and, (3) behavioral characteristics such as constraints on 
the market maker’s attention capacity and the trading motives of different mar-
ket participants. 

In order to manipulate the level of trading activity, at the beginning of each 
trial, traders are randomly assigned to one of two markets. Excluding market 
makers, one market consists of two informed traders and four uninformed trad-
ers, while the other market consists of two informed traders and only two unin-
formed traders. All traders know the level of trading activity in their selected 
market. 

 

 

28[7] finds stronger evidence of the market maker’s optimal quoting decisions in actively traded 
markets than in less active market. They state that “specialists use this information [information 
contained in the limit order book] in ways that favor them (and sometimes the floor community) 
over limit order traders. The results are more evident for active stocks where the competition be-
tween specialists and limit order traders is more intense.” Unfortunately, the experimental design 
does not allow for a test of this experimental finding. In this experimental design, each market con-
tains the same number of informed traders. Thus, the level of competition between market makers 
and informed limit order traders does not vary across markets. 
29Between-subject factors are those that differ for separate subjects, but for a single subject are always 
the same. Within-subject factors are those that vary across the different observations coming from 
the same subject [45]. 
30A repeated measures design has the advantage being economical because each member is measured 
under all treatments or conditions. This advantage is particularly important when the number of 
treatments is large. 
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Attention constraints on market makers are manipulated by varying the 
number of markets the market maker must attend to. In one trading environ-
ment, each market maker is constrained to trading in one market so she can al-
locate her entire effort and attention to one stock (i.e. low attention constraints). 
On the other trading environment, the market maker must attend to two mar-
kets by quoting and updating her bid and ask quotes in both markets simulta-
neously (i.e. high attention constraints). 

Information value is manipulated relative to a prior expected value of $50. All 
traders know that fundamental values are randomly drawn from a normal dis-
tribution with a mean of 50. Only a subset of traders (i.e. informed traders) is 
given a narrow range containing the fundamental value (i.e. the information 
range). Thus, these traders have an informational advantage over the other trad-
ers. The magnitude of their informational advantage is a direct function of the 
value of their information. To manipulate this factor, some securities are given a 
value near the prior expected value of $50 (i.e. low information value) while 
other securities carry extreme values or values far away from the prior expected 
value (i.e. high information value).31 More specifically, securities with a high in-
formation value have realizations that are between $20 and $30 from the ex-
pected value, and securities with low information value have realizations that are 
no more than $10 from the expected value. 

The traders’ trading motive is manipulated by randomly assigning them to 
different trader types. There are three types of traders (market makers, informed 
traders, and uninformed traders), and each type has unique characteristics 
across several dimensions such as information, market transparency, trading 
capabilities, sources of profit, among others. At the beginning of each trial, trad-
ers are randomly assigned to one of these three types. Overall, there are two 
market makers, four informed traders, and six uninformed traders in each trial. 

Time is manipulated to characterize the liquidity provision strategy of the 
market maker. During the trading trial, trading decisions are examined at the 
end of each 24-second time interval for a total of five decision points. The seg-
mentation of time facilitates the study of the time series properties of the market. 

Overall, the experimental market uses a full-factorial repeated measures de-
sign with six factors and varying number of levels for each factor: attention con-
straints (high, low), information value (high, low), time (five time intervals of 
24-second periods), trading activity (high, low), trader type (informed trader, 
uninformed trader, market maker), and cohort (four cohorts of 12 participants 
each). The first three are within-subject factors, as they vary across different ob-
servations coming from the same subject. The last three are between-subject fac-
tors, as they vary for different subjects, but remain constant for a single subject. 

 

 

31[39] refers to this factor as extremity based on the idea that extreme values provide informed trad-
ers with higher-value information. There may be other, more direct, techniques to model and control 
for information value. For example, providing informed traders with information ranges of different 
sizes would directly determine the value of their information. Informed traders presented with a 
narrower information range would produce a more precise estimate of value than traders presented 
with a wider range of possible fundamental values. In this paper, I chose to follow the design in [39] 
to make my findings comparable to theirs.  
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Controls 
A primary benefit of an experimental study is the ability to control features of 

the experimental design that might influence behavior but are not the focus of 
the study [40]. More specifically, in a repeated measures design, it is important 
to control for order and carry-over effects [46]. 

Order effects result when the ordinal position of the treatments biases partic-
ipant responses [46]. In order to eliminate possible order effects, I vary the 
treatment order across cohorts. Two cohorts are presented first with the low-at- 
tention-constraints setting followed by the high-attention-constraints setting, 
while the other two cohorts trade in the opposite order.32 To control for possible 
effects of differences across securities, I follow a design similar to the one used in 
[39]. Not only are different cohorts presented with different treatment orders, 
but each cohort also trades a subset of security pairs that are identical in terms of 
their information value. More specifically, each cohort trades a total of 20 secu-
rity pairs with different attention-constraints orderings while keeping the or-
dering of a subset of 12 security pairs unaltered.33 Only this subset of security 
pairs is included in the statistical analysis. Table 1 illustrates this design. The 
information value varies across trials (or security pairs) but remain identical 
across attention-constraints orderings (and cohorts). 

Carry-over effects (also known as learning or practice effects) can be signifi-
cant in a repeated measures design. These effects occur when an effect from one 
treatment changes (carries over to) participants’ responses in the following 
treatment condition [46].34 In this experimental design, traders’ actions may 
change simply because they become better and more familiar with the trading 
features of the market. For example, over time (and across securities) the market 
maker may increase its provision of liquidity to the market simply because she 
becomes more comfortable with the functionality of the trading platform and/or 
better at reading the order flow. To control for these effects, an in-depth training 
session is held prior to running the experimental market. Participants receive 
extensive training in the mechanics of the trading platform (i.e. trading functio-
nality of the software) and in the mechanics of the market (i.e. trader types, na-
ture of the limit order book, role of the market maker).35 They also take part in a  

 

 

32The technique where conditions are presented to different participants in a different order is 
known as counterbalancing. This technique is commonly used in experimental designs to control for 
order effects [46]. 
33A security pair refers to an experimental trial. Each trial consists of two markets or securities. In a 
given trial, these two securities have the same information value. Their deviation from the expected 
value of $50 is not exactly equal but they are within the same narrow range ($0 to $10 for the 
low-information-value securities and $20 to $30 for the high-information-value securities). In this 
design, all four cohorts trade a subset of trials (or security pairs) in the same order. Thus, the subset 
of security pairs traded, as a whole, does not only have identical deviations from the expected value 
but they are also traded in the exact same order across cohorts. 
34Learning effects may violate the independence assumption for the error terms in standard 
ANOVA. Fortunately, a special feature of repeated measures analysis is a series of corrections to the 
standard statistics tests if violations are detected [45]. 
35Also, most participants had been exposed to this trading simulation before taking part in the train-
ing session and experimental session. This further mitigates any learning effects that may arise dur-
ing the trading sessions.  
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Table 1. Security values. This table presents the absolute deviations of security funda-
mental values from a prior expected value of 50. The absolute deviations are common to 
all cohorts and are presented to them in the same order shown in the table. The actual 
value of the securities traded is a function the expected value and the absolute deviations 
presented in this table. For example, in trial 2, the fundamental value for stock 1 could be 
either 50 + 27 (=77) or 50 − 27 (=23). Each cohort trades a total of 20 securities or trials. 
Half of the cohorts trade the first 10 securities under low attention constraints and the 
second 10 securities under high attention constraints (i.e. Order 1), while the rest of the 
cohorts trade under high attention constraints first (i.e. Order 2). Half of the securities 
contain a high level of information value (their values have realizations that are between 
20 and 30 of the expected value) while the other half contain a low level of information 
value (their values have realizations that are within 10 of the expected value). The level of 
information value is determined by the absolute deviation of the fundamental value from 
the expected value of 50, and thus, it is presented to all cohorts in the same order. Only 
trial numbers that appear in bold are included in the statistical analysis. Data associated 
with trials that do not appear in bold are discarded. 

Trial # 

 Order 1 Order 2 

Information 
value 

Low constraints first High constraints first 

Stock 1 Stock 2 Stock 1 Stock 2 

1      

2 High 27 29 27 29 

3 Low 1 8 1 8 

4      

5 High 20 22 20 22 

6      

7 Low 4 6 4 6 

8 Low 9 3 9 3 

9 High 30 22 30 22 

10      

11      

12 Low 10 2 10 2 

13 High 26 21 26 21 

14      

15 Low 1 9 1 9 

16      

17 Low 7 5 7 5 

18 High 25 30 25 30 

19 High 24 29 24 29 

20      

 
series of practice trials that are identical to the actual experimental trials.36 Fur-
thermore, altering the ordering of treatments may also help mitigate these carry- 
over effects. 

 

 

36The data from these practice trials is not included in the statistical analysis.  
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Another concern relates to the different levels of intelligence, motivation, and 
familiarity with the experimental environment across different participants and 
cohorts [40]. Apart from having all four cohorts trade in all experimental set-
tings, each trader in a given cohort is also randomly assigned to a trader type 
(informed trader, uninformed trader, or market maker) and to a market (high 
activity market or low activity market) at the start of trading for each security. 
The random assignment of participants helps minimize the possibility of differ-
ences across trader types and market dynamics being driven by individual dif-
ferences.37 

Subjects, Training, and Incentives 
The experiments were conducted in the Global Financial Markets Trading Lab 

at the Anisfield School of Business (ASB) at Ramapo College of New Jersey. The 
trading simulation software was provided by Financial Trading System (FTS) via 
its FTS Interactive Markets trading simulator. This trading simulator was largely 
adapted to match this paper’s experimental market design. Each trading session 
involved a cohort of 12 participants. All participants were undergraduate busi-
ness students. 

Participants were given detailed written instructions and were told to carefully 
review these instructions prior to the trading sessions.38 In addition, all partici-
pants experienced extensive training for the experiment. They attended a 90- 
minute training session. The session consists of three parts: (1) a 30-minute dis-
cussion of the written instructions, including an overview of the experimental 
market and the trading software (e.g. trading functionality, mechanics of the 
limit order book, trading rules such as price-time priority, the role of the market 
maker, etc.), (2) a 15-minute trading simulation where participants learn the ba-
sics of the trading software by trading and openly discussing any challenges they 
may have in using the software, and (3) a 45-minute practice session where par-
ticipants trade in the experimental markets replicating the exact dynamics of the 
experiment (e.g. random assignment to trader types and markets, trading trials 
with a pre-trading and a main trading phase, etc.). 

Notwithstanding the importance of adequate training, financial experiments 
must offer participants monetary incentives. The fundamental method of expe-
rimental economics is to create a setting that implements some institutional fea-
tures of interest and then provide participants with incentives to maximize utili-
ty within that setting [47]. To create these incentives, I adopt the reward struc-
ture in [39]. Actual winnings, denominated in U.S. dollars, for each session are 
calculated by subtracting a floor from each trader’s winnings in laboratory dol-
lars and then multiplying by a U.S. dollar conversion rate. The participants 
know neither the floor value nor the conversion rate.39 These two parameters are 

 

 

37Bloomfield et al. [39], discuss the issue of the house money effect whereby losing traders could take 
on excessive risk. Similar to their approach, I mitigate this effect by making the traders’ actual level 
of trading loses unknown. This can be achieved by subtracting trading losses from an unknown floor 
level to determine their actual payoffs. 
38A copy of the experiment written instructions is given in Appendix.  
39These two values remain unknown to participants during the entire session to mitigate any poten-
tial risk-seeking behavior among participants who have low of negative balances (i.e. house money 
effects) and any other gaming behavior. 
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set equal to values that yield average cash winnings of US$ 15.00 per participant 
per hour of trading with a minimum payment of US$ 5.00.40 

4.2. Laboratory Market 

The laboratory market resembles the mechanism of a market making system in 
an order-driven electronic market.41 This market contains traders with different 
trading motives and different levels of information (i.e. asymmetric informa-
tion), and it allows for trading rules, reporting rules, and trading functional-
ity that are similar to those used in many large stock exchanges worldwide 
[34]. 

The Market 
The basic setting features a double-auction electronic market with the addi-

tion of market makers who are obligated to provide liquidity for a well-defined 
set of securities (i.e. one or two securities). The market allows for continuous 
trading, a limit order book that is visible to the market maker, limit order and 
market order functionality, price-time priority rules, post-trade transparency, 
and order cancellation capabilities. Besides the presence of market makers, the 
market contains informed traders who possess information about the funda-
mental value of the security and uninformed traders who face liquidity needs 
(i.e. they trade on the basis of exogenous non-information reasons). 

The Traders 
There are three trader types: (1) informed traders, (2) uninformed traders, 

and (3) market makers.42 Informed traders possess superior information regard-
ing the fundamental value of the security. The value is determined before the 
trading trial starts and informed traders are shown a narrow range containing 
this value. For example, if the fundamental value is determined to be $23, in-
formed traders may be told that the value is somewhere between $11 and $31. 
Informed traders can enter limit orders and market orders into the order book. 
They are able to see their own outstanding orders but they cannot see the orders 
of other traders. They can, however, see the market’s highest bid and the lowest 
ask. Informed traders earn a profit every time they buy (sell) shares at a price 
below (above) the fundamental value. Uninformed traders do not possess in-
formation regarding the value of the security. Instead they have a trading “tar-
get” which is known to them before the trading trial begins. The target may have 
different directions for different uninformed traders. For example, a trader may 
have a target of −20 shares (i.e. an instruction to sell 20 shares) while another 
trader may have a target of +20 (i.e. an instruction to buy 20 shares). The goal of 
uninformed traders is to meet their target at the most favorable prices possible. 

 

 

40A detailed description of the reward structure for this experiment is given to participants in the 
written instructions (see Appendix).  
41[48] uses a similar electronic order-driven laboratory market to test the price efficiency behavior of 
markets when short sales constraints are binding. Their design, however, does not incorporate des-
ignated market makers.  
42The experiment’s written instructions (see Appendix) refer to these three types of traders as fol-
lows: (1) informed traders, (2) liquidity traders, and (3) dealers. 
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At the end of the trading trial, uninformed traders who fail to reach their targets 
receive a penalty of $100 for each share in inventory short of the target. For ex-
ample, an uninformed trader with a target of 20 shares who never reaches a po-
sition of 20 shares and ends the trading trial with an inventory of 18 shares will 
receive a penalty of $200. The penalty is large enough that uninformed traders 
are better off hitting the exact target even if the prices at which they transact are 
unfavorable. The use of targets captures the notion that uninformed traders are 
trading for exogenous reasons related to liquidity needs. Similar to informed 
traders, uninformed traders can enter limit orders and market orders into the 
order book. They are only able to see their own outstanding orders but they can 
also see the highest bid and the lowest ask for the entire market. Uninformed 
traders take a loss every time they buy (sell) shares at a price above (below) the 
fundamental value. The third type of trader is the market maker. Similar to un-
informed traders, market makers do not know the fundamental value. However, 
unlike the other two types of traders, market makers are able to see the entire 
limit order book (i.e. all outstanding limit orders entered by traders in the mar-
ket). Market maker scan enter market orders but, unlike the other two trader 
types, they cannot enter limit orders. Instead, they quote a single bid price and a 
single ask price. Furthermore, market makers cannot cancel their quotes; they 
can only update their quotes. This feature prevents market makers from exiting 
the market and ensures their continuity as liquidity providers. 

In summary, the three types of traders have substantially different degrees of 
market information accessibility and trading capabilities. More importantly, 
traders have substantially different motivations for trading. Informed traders 
trade with the aim of maximizing their profit based on their informational ad-
vantage. Uninformed traders trade with the aim of minimizing their loss while 
meeting their exogenous liquidity needs. Market makers have an obligation to 
trade and provide liquidity to the market; they are compensated for their liquid-
ity provision services by earning the difference between their quoted bid and ask 
prices. 

The Order Book 
The laboratory market features an electronic book of orders (i.e. limit order 

book) with the participation of designated market makers. Traders are permitted 
to enter limit orders and market orders. Limit orders are instructions to buy 
(sell) securities at a price not higher (lower) than the instructed limit price. This 
type of orders provides the trader with price certainty (i.e. the trader will not buy 
(sell) at a price higher (lower) than the limit price) but it carries execution risk 
(i.e. the order may never execute). Market orders are instructions to buy (sell) 
securities at the best available price. Unlike limit orders, market orders do not 
provide traders with price certainty but they do eliminate execution risk. 

The order book consists of two books: a bid book and an ask book. The bid 
book maintains a list of all outstanding bid orders and the ask book maintains a 
list of all outstanding ask orders. The order book allows for the automated 
crossing or execution of orders. All market orders immediately cross with the 
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best-priced limit orders outstanding. In this sense, market orders are marketable. 
Limit orders can also be marketable. If a trader enters a bid (ask) order with a 
price higher (lower) than the lowest (highest) ask (bid), the orders immediately 
cross. Limit orders that are conservatively priced and fail to cross immediately 
after they are entered are known as non-marketable limit orders. These orders 
remain on the order book until they are crossed by a marketable order from 
another trader. 

In this market, all bids and asks must have integer prices between 0 and 100, 
inclusive. The maximum number of shares allowed per order is one. Traders 
can, however, enter multiple orders at the same price. Traders can enter both 
limit orders and market orders at any time during the trading trial. Traders, ex-
cept for the market maker, can also cancel their outstanding limit orders at any 
time. The trading functionality provides traders with the flexibility to cancel in-
dividual orders, cancel all bids (or asks) at once, or cancel all outstanding orders 
at once. 

The Trading Trial 
Each trading trial takes place in two phases: (1) pre-trading phase and (2) 

main trading phase. 
 Pre-Trading Phase: The pre-trading phase lasts 20 seconds during which 

traders can enter and cancel as many orders as they wish. During this period, 
no trades are executed. Marketable orders do not result in a trade. The cross-
ing orders are simply kept on the order book and at the end of the pre-trading 
phase the order book is purged of these orders in the following way: if the 
highest bid crosses with the lowest ask, the more recent of the two orders is 
deleted from the book. This process is repeated until the highest bid price is 
below the lowest asking price. 

 Main Trading Phase: The main trading phase lasts 120 seconds during which 
traders are permitted to enter and cancel as many limit and market orders as 
they wish. During this period, trades can be executed. Here, participants can 
trade continuously and they are free to pursue dynamic order placement and 
cancellation strategies. 
The Trading Session 
The experimental design includes four cohorts of 12 traders each, for a total of 

48 participants. A cohort is a group of traders who always trade together in one 
trading session. A trading session is a 90-minute period where participants take 
part in a series of independent trading trials. In other words, each cohort trades 
20 securities sequentially. Each of the 20 trading trials consists of 12 participants 
randomly divided into two groups with each group trading on a different secu-
rity or market. A group of at least 7 traders trades one security, while a group of 
at least 5 traders trade the other security. Before the beginning of each trading 
trial, traders are randomly assigned to a trader type, achieving the following 
overall trader type distribution: two market makers, four informed traders, and 
six uninformed traders. Each market has two informed traders each for all 20 
trials. One market has four uninformed traders while the other has only two un-
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informed traders.43 In one block of 10 trials, each market maker is required to 
participate in only one market (i.e. low attention constraints environment). In 
the other 10 trials, both market makers are required to participate in both mar-
kets simultaneously (i.e. high attention constraints environment). Figure 1 pro-
vides a graphical description of a trading session. 

5. Statistical Methodology 

In this section, I provide a broad overview of the statistical methodology used to  
 

 
Figure 1. Trading session. This figure depicts the layout of a single experimental trading 
session. Each session consists of 20 trials. Each trial consists of two securities or markets: 
(1) a market with a high level of trading activity that features two informed traders and 
four uninformed traders and (2) a market with a low level of trading activity that features 
two informed traders and only two uninformed traders. Each trial also contains two 
market makers. The participation of the market makers in each of these two markets de-
pends on the experimental treatment. In ten of the trials, each market maker trades ex-
clusively in a separate market (i.e. low attention constraint treatment). In the other ten 
trials, both market makers are required to trade on both markets at the same time (i.e. 
high attention constraints treatment). The ordering of the attention constraints factor is 
manipulated across cohorts. This figure presents only one of two possible orderings with 
low attention constraints being imposed first. Information value (not shown) is manipu-
lated across trials. Time interval refers to a window of time such as a 24-seconds interval. 

 

 

43To manipulate the level of trading activity, the number of uninformed traders is different across the 
two markets. All uninformed traders regardless of the market they are in have a target with an abso-
lute value of 20 shares. Therefore, the greater the number of uninformed traders in a given market, 
the greater the level of trading activity. 
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analyze the experimental data. The exact nature of the statistical methodology 
depends on the hypothesis being tested and, thus, may be different for each hy-
pothesis test in this paper. A more detailed description of the statistical metho-
dology used for each hypothesis is provided in the next section. 

The statistical methodology used to test this paper’s hypotheses is repeated- 
measures analysis of variance (ANOVA) with between-subject factors. As with 
any ANOVA, repeated-measures ANOVA tests the equality of means. However, 
repeated-measures ANOVA is used when all members of a sample are measured 
under several different treatments. As the sample is exposed to each treatment in 
turn, the measurement of the dependent variable is repeated. This design reduc-
es the problem, common in experimental economics, of overstating statistical 
significance by assuming that repetitions of the same actions by the same group 
of subjects are independent events [49]. Repeated measures designs are classified 
by the number of between-subject and within-subject factors. In order to under-
stand the statistical analysis, it is necessary to first specify the applicable be-
tween- and within-subject combination. This paper’s experimental design has a 
total of three between-subject factors and three within-subject factors. However, 
statistical tests for each of the hypotheses may require the use of only a subset of 
factors.44 Thus, to test for statistical significance, I compute the average of the 
dependent variable for each treatment (or cell) as defined by the appropriate 
subset of factors relevant to a given hypothesis. 

A factorial ANOVA provides a methodology to test a variety of effects: (1) a 
significant main effect means that there is a difference between at least two levels 
of a factor with respect to mean scores on the response (or dependent) variable, 
(2) an interaction is a condition in which the effect of one factor on the response 
variable is different at various levels of another factor, and (3) a significant sim-
ple effect means that there is a significant relationship between a factor and the 
response variable at a given level of another factor [46]. To illustrate these three 
effects, let’s look at the second hypothesis put forth in this paper: the reduction 
in the market maker’s liquidity provision (caused by higher attention con-
straints) and, thus, in market liquidity, is more evident for the least active securi-
ties. In this case, the response variable is some measure of liquidity. A significant 
attention main effect (without an attention/activity interaction effect) means 
that attention constraints exert a similar influence on the liquidity of a market 
across all levels of trading activity. A significant attention/activity interaction ef-
fect means that the impact of attention constraints on liquidity is different in 
markets with different levels of market activity. Finally, a significant atten-
tion/activity interaction effect suggests the presence of significant simple effects. 
The activity factor has two levels: low and high. Therefore, there could be two 

 

 

44In experimental sciences, it is not unusual to find a design described as “one between-subject and 
two within-subject repeated measures” [45]. The type of design is, thus, hypothesis-specific.  For 
example, to test the first hypothesis, only two factors may be needed: attention constraints and trader 
type, making the statistical design a “one between-subject and one within-subject repeated meas-
ures.” The second hypothesis, however, requires an additional between-subject factor: market activi-
ty. 
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separate simple effects: (1) a simple effect of attention for the low-activity market 
and (2) a simple effect of attention for the high-activity market. In other words, 
testing for simple effects of attention is similar to testing for attention main ef-
fects, but it is done for only one activity level at a time. 

The relevant type of effect depends on the nature of the hypothesis and on the 
significance of the interaction effect. If the interaction effect is significant, there 
is no need to test for main effects, as these results would be misleading.45 Instead, 
it is appropriate to test for simple effects. If the interaction effect is not signifi-
cant, however, simple effects may be ignored and main effects should be tested 
instead. For the sake of consistency, and more importantly, appropriateness, the 
statistical tests, when applicable, begin with a test of the interaction effect and 
then are sequenced as follows: 
 If the interaction effect is not significant, I proceed to test for main effects for 

each of the factors being considered. If any of the main effects are significant, I 
provide contrast tests and/or multiple comparison tests for any significant 
main effects.46 

 If the interaction effect is significant, I proceed to interpret a profile plot to 
gain some insight on the nature of the interaction.47 Then, I test for any rele-
vant simple effects. Similar to main effects, if a given simple effect is signifi-
cant, I provide contrast tests and/or multiple comparison tests. 

6. Results 

The focus of this analysis is on the effect of attention constraints on the ability of 
market makers to provide liquidity to the market, and thus, on market liquidity. 
I begin with preliminary summary statistics to provide a sense of how typical is 
the aggregate behavior resulting from these experiments. I then examine the li-
quidity effect mentioned above. 

6.1. Summary Statistics 

Figure 2 presents the evolution over time of three market-wide variables: trad-
ing volume, bid-ask spread, and pricing error. These statistics were computed 
separately for markets with a high level of trading activity and for markets with a 
low level of trading activity. The aim of these plots is to evaluate how well the  

 

 

45If there is a significant attention/activity interaction effect, a significant attention effect becomes 
misleading as it suggests that attention constraints exert a significant influence on liquidity across 
both levels of activity contradicting the interaction effects. For this reason, a significant interaction 
effect precludes the existence of a meaningful main effect.  
46Contrasts tests examine statistical significance of the difference between a given factor level (e.g. 
high attention constraints) and the selected benchmark factor level (e.g. low attention constraints). 
Multiple comparison tests determine which pairs of factor levels are statistically different. Of course, 
if the factor for which the main effect is significant has only two levels, the contrast test and the mul-
tiple comparison test would be equivalent. In this case, there would only be a need to use one of these 
tests.  
47A profile plot graphs the means of the response variable for each of the factor/level combinations or 
treatments. For example, this paper’s second hypothesis consists of two factors (i.e. attention con-
straints and market activity) with two levels each (i.e. low and high). Thus, the profile plot would 
consist of four points, each point representing the mean of the response variable (i.e. liquidity meas-
ure) for a given attention/activity combination.  
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(a) 

 
(b) 

 
(c) 

Figure 2. Marketwide summary statistics. I divide each trading trial into five time inter-
vals of 24 seconds each. For each trial, I sum the number of shares traded in each interval 
to obtain the trading volume per interval. (a) shows the trading volume for each interval 
averaged across trials and cohorts. The bid-ask spread is the difference between the high-
est-prices market bid and the lowest-priced market ask. I calculate the average bid-ask 
spread in each time interval; (b) shows the bid-ask spread for each interval averaged 
across trials and cohorts. The pricing error is obtained as the absolute value of the differ-
ence between the price midquote and the fundamental value. For each interval, I average 
the pricing error; (c) shows the pricing error for each interval averaged across trials and 
cohorts. The graph labeled “Low” summarizes the data for the low-activity market only 
while the graph labeled “High” summarizes the data for the high-activity market only. 
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experimental market behaves. Each panel divides trading into five 24-second in-
tervals. 

A particularly important aspect of this study is the inducement of different le-
vels of trading activity across markets.48 To evaluate the success of my efforts, I 
compute the trading volume by summing over the number of trades in each time 
interval and averaging these numbers across all trials and cohorts. (a) provides 
the summary statistics of the trading volume measure for each market. As ex-
pected, the trading volume in the high-activity market is significantly larger than 
the trading volume in the low-activity market. Approximately 200 shares are 
traded in a typical high-activity market, while less than 130 shares are traded, on 
average, in low-activity markets. This difference in trading volume across mar-
kets is also consistent across time. Markets with an expected high level of activity 
have a larger volume of trading than the low-activity markets throughout the en-
tire trading day. Furthermore, (a) shows that volume exhibits a slight “U” shape 
with high levels of trading activity near the second time interval and again to-
ward the end of the trading day. The increase in trading volume during the last 
trading interval reflects the trading behavior of uninformed traders rushing to 
hit their trading targets. This shape is observed for both experimental markets 
and it is consistent with the observed shape of trading volume in equity markets. 
Overall, these results provide strong support for the ability of the experimental 
design to induce the desired level of trading activity across markets. 

(b) shows the time series behavior of the market’s bid-ask spread. Each data 
point is computed as the average bid-ask spread for the 24-second time interval. 
Irrespective of market activity, the spread declines from an average of $17.5 in 
the first interval to an average of nearly $6 in interval five, resulting in a three-
fold decrease in the size of the spread. Panel C shows the average pricing error, 
calculated as the absolute value of the deviations of the mid-quote from the fun-
damental value. The pricing error decreases by an average of roughly 30% from 
the opening time to its lowest point near closing time. These patterns suggest 
that markets behave reasonably well, in light of theoretical, archival, and expe-
rimental studies. Of particular importance is that these experimental markets 
appear to gradually incorporate information, a feature consistent with market 
efficiency. 

As a robustness check, I also compute the dollar mispricing in each of the two 
markets. Figure 3 presents the evolution of the mispricing variable over time. 
Once again, irrespective of the level of market activity, the markets behave rea-
sonably well. The average dollar mispricing across both markets remains at two 
or less dollars for the entire duration of the trading trial. The average dollar mi-
spricing for markets with a high level of trading activity is equal to $1.43. This 
average is not statistically different from zero (p = 0.6179). Markets with a low  

 

 

48The experimental design consists of two markets: low and high trading activity. Both markets con-
sist of the same number of market makers and informed traders. The high-activity market contains 
twice as many uninformed traders as the low-activity market. This asymmetric distribution of the 
number of experimental subjects promotes different levels of trading activity across the two markets.  
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Figure 3. Marketwide mispricing. This figure plots the average dollar mispricing (meas-
ured as the dollar difference between the market price and the fundamental value) for 
each of two markets: (1) the low-activity market (“Low”) and (2) the high-activity market 
(“High”). The mispricing variable is computed separately for each of five 24-second time 
intervals. For each interval, the dollar mispricing is averaged across all trials and all co-
horts. 
 
level of trading activity have an average dollar mispricing equal to −$0.11. Simi- 
lar to high-activity markets, this average is not statistically different from zero (p 
= 0.9427). These results imply that the experimental markets are efficient. 

The ability of markets to incorporate information into security prices depends 
on informed traders exploiting their informational advantage, which should re-
sult in positive profits for the informed group as a whole. This implies that all 
other groups experience an information disadvantage and should expect to lose 
money. Market makers are, however, a profit-motivated group with privileged 
access to the market’s order flow. Their trading motive as well as informational 
access should allow market makers to mitigate and even eliminate their informa-
tional disadvantage as trading occurs. Uninformed traders, on the other hand, 
should expect to lose money to both informed traders and market makers. 

The experimental markets indeed produce the expected results. Figure 4 
shows that informed traders and market makers generated a positive profit in a 
typical trial. Informed traders generated an average profit of $292 and market 
makers generated an average profit of $180, while uninformed traders lose on 
average $82.49 The figure also shows that these experimental markets are not a 
zero-sum game. Unlike other trader types, the market makers’ ending inventory 
positions are not market to value, but are instead ignored in their profit calcula-
tion. This market feature was designed to control for the effect of inventory risk 
on the trading behavior of the market makers. 

In summary, these results imply that informed traders not only have an in-
formational advantage but they successfully trade on it. Also, market makers are 
able to successfully use their privileged access to order flow. This provides fur-
ther evidence that the markets are well behaved. 

 

 

49It should be noted that there are more informed traders and uninformed traders than market mak-
ers in the experimental market design. Overall, at any one point in time, there are six uninformed 
traders, four informed traders, and only two market makers.  
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Figure 4. Dollar profits by trader type. Profit is measured as the dollar gain/loss for each 
trader in a given trial. This figure shows the average profit across all trials and cohorts for 
each of three different types of traders: (1) market makers, (2) informed traders, and (3) 
uninformed traders. On average, informed traders generate the largest average profit of 
$292 in a trial. Market makers generate an average profit of $180 per trial while unin-
formed traders took a loss of $82 in a typical trial. 

6.2. Testing the Hypotheses 

Attention Constraints and Liquidity 
This paper’s first hypothesis predicts that, when the demand on the market 

maker’s attention constraints is high, her liquidity-provision abilities worsen. 
This, in turn, decreases the aggregate level of liquidity in the market. In order to 
test this hypothesis, this paper looks at the main effect of attention constraints 
on two broad sets of liquidity measures: (1) market maker’s liquidity provision 
and (2) aggregate market liquidity. To measure the market maker’s ability to 
provide liquidity, I compute the following three measures: the number of limit 
orders submitted by the market maker, the proportion of total limit orders sub-
mitted by the market maker, and the submission rate (computed as the number 
of limit orders the market maker submits divided by the sum of her limit and 
market orders).50 To measure the aggregate level of liquidity, I use the quoted 
bid-asked spread and trading volume (computed as the number of shares traded 
within a time period). Table 2 summarizes the main effect findings. 

(a) presents the measures of market maker liquidity provision. In markets 
with low attention constraints, market makers submitted an average of 49 limit 
orders per trial. This number was significantly reduced (to an average 22 limit 
orders) when the demands on the market markers’ attention were high. The dif-
ference in the number of limit orders submitted is statistically significant with a 
p-value less than 0.01. Perhaps a better measure of liquidity provision is the per-
centage of the total number of limit orders submitted by a trader. Under low at-
tention constraints, market makers submitted 18.72% of all limit orders in a typ-
ical trial. This proportion decreased by 6.41% in trials with high attention  

 

 

50The submission rate variable is identical to the one presented in [39].  
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Table 2. Effect of attention constraints on liquidity. This table presents the main effect of 
attention constraints on several measures of liquidity. The table presents statistics (mean, 
difference in means, and p-values) for six distinct liquidity measures under both, markets 
with high and low attention constraints. (a) presents three measures of market maker li-
quidity provision: the number of limit order submitted by the market maker (# Limit), 
the proportion of total limit orders submitted by the market maker (% Limit), and the 
submission rate (computed as the number of limit orders a trader submits divided by the 
sum of her limit and market orders); (b) presents three market wide measures of liquidi-
ty: the dollar bid-ask spread ($ Spread), the percentage bid-ask spread relative to the best- 
priced ask (% Spread), and the trading volume (Volume). The difference in means for 
each liquidity measure is also shown together with the p-value resulting from the test of 
difference in means. P-values lower than 0.10 are considered statistically significant and 
highlighted in bold. 

(a) 

Attention constraints # Limit % Limit Sub. rate 

Low constraints 49 18.72% 47.50% 

High constraints 22 12.31% 51.60% 

Difference in means 27 6.41% −4.10% 

P-value <0.01 0.02 0.40 

(b) 

Attention constraints % Spread $ Spread Volume 

Low constraints 18.67% $11.27 174 

High constraints 16.30% $9.44 156 

Difference in means −2.37% −$1.82 −$17.90 

P-value 0.09 0.05 0.34 

 
constraints. Once again, the difference between these two numbers is statistically 
significant (p = 0.02). Finally, the submission rate shows that there was no sig-
nificant change in the market markers’ order choice across attention constraint 
conditions. This measure, however, does not assess the market maker’s contri-
bution to market liquidity, but instead, describes her choice of trading strategy. 
Overall, (a) provides strong evidence on the negative effect of higher attention 
constraints on the market makers’ contribution to market liquidity. 

(b) looks at the impact of attention constraints (imposed on market makers) 
on the aggregate level of market liquidity. A quick look at all three measures of 
market liquidity illustrates the absence of a negative relationship between atten-
tion constraints and liquidity. In fact, there seems to be an increase in liquidity 
when the demand on the market makers’ attention is greater. For example, the 
average percentage bid-ask spread in low-constraints markets is roughly 2.4% 
greater than in markets with high constraints (this difference is statistically sig-
nificant with a p-value equal to 0.09). The average dollar spread yields similar 
results. Although trading volume remains unchanged across conditions, trading 
volume is a noisier measure of liquidity. 

The contrast between the two sets of liquidity measures presented above could 



J. F. Cabrera 
 

893 

be explained by either the reaction of the market maker to higher attention de-
mands placed on her, or the reaction of other traders (mostly informed) acting 
in an opportunistic manner. Market makers profit from the bid-ask spread, and 
having to allocate their attention across multiple tasks may push them to trade 
more aggressively (quote higher bids and lower asks) to achieve higher profits. 
This, in turn, narrows the spread. An alternative explanation is rooted in the 
reactions of other traders. Informed traders can exploit their informational ad-
vantage to generate profits but they can also earn additional income through li-
quidity provision. In markets where attention constraints on market makers are 
high, informed traders can step in to provide market making services, effectively 
competing against market makers. This would lead to either an improved or 
unchanged level of liquidity. A later section of this paper sheds some light on 
these ideas by evaluating the trading behavior of market makers and informed 
traders across different levels of attention constraints. 

Attention Constraints, Liquidity, and Trading Activity 
Reference [3] predicts that the effect of limited attention on the market mak-

ers’ ability to provide liquidity should be more pronounced in inactive (or less 
active) markets. They base their prediction on the potential higher participation 
rate of market makers in less active markets and on the potential higher profits 
market makers can earn in the more active markets. These arguments not only 
suggest that market makers pay more attention to more active markets, but that 
their inattention has a bigger impact on less active markets. To test this hypothe-
sis, the experimental design induces different levels of trading activity to each of 
the two markets. Previously, I have shown that the high-activity market has a 
significantly higher average trading volume than the low-activity market (refer 
to (a) in Figure 2). Here, I test the interaction effect of attention constraints and 
trading activity on liquidity. Figure 5 summarizes the results of the interaction 
effect. 

(a) presents the interaction effect on market wide liquidity. The statistical tests 
provide no significant interaction effect across all three measures of market wide 
liquidity (percentage spread, dollar spread, and trading volume).51 The results 
are similar when I measure the liquidity provision of both market makers com-
bined (see (b)). It is worth mentioning, however, that the percentage of limit or-
ders submitted by market makers relative to all limit orders does respond to the 
interaction of trading activity and attention constraints. (b) shows that the share 
of market maker limit orders in low attention constraints markets is much larger 
when the market is less active relative to high-activity markets (the market mak-
ers’ average share of limit orders is 22% in low activity markets compared to 
15% in high activity markets). Furthermore, there is a significant decline in the 
market makers’ share of limit orders when attention constraints intensify. This 
decline is only statistically significant (p = 0.05), however, for markets with a low  

 

 

51Although it does appear to be a large difference in the percentage bid-ask spread across different 
levels of activity when constraints on the market makers’ attention is high (i.e. simple effect of trad-
ing activity on liquidity in markets with high attention constraints), this difference is statistically in-
significant (p = 0.3162). 
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(a)                                      (b) 

Figure 5. Effect of attention constraints and trading activity on liquidity. This figure plots 
the interaction effect of attention constraints and trading activity on several measures of 
liquidity. The figure examines the effect of attention constraints on liquidity across mar-
kets with different levels of trading activity. Each point on the panels plot the average 
value of the liquidity measure for each of four market conditions: (1) markets with low 
attention constraints on the market makers and low trading activity, (2) markets with low 
attention constraints on the market makers and high trading activity, (3) markets with 
high attention constraints on the market makers and low trading activity, and (4) markets 
with high attention constraints on the market makers and high trading activity. (a) 
presents three marketwide measures of liquidity: (a-1) the dollar bid-ask spread, (a-2) the 
percentage bid-ask spread (relative to the best-priced ask), and (a-3) the trading volume. 
(b) presents three measures of market maker liquidity provision: (b-1) the number of 
limit order submitted by the market maker, (b-2) the proportion of total limit orders 
submitted by the market maker, and (b-3) the submission rate (computed as the number 
of limit orders a trader submits divided by the sum of her limit and market orders. 

 
level of trading activity. These results support the prediction in [3], as the effect 
of attention constrains on liquidity seems to be economically larger and statisti-
cally significant in less active markets. 

Although the results from Figure 5 provide some support for the hypothesis, 
the results are somewhat weak. To further examine this effect, I test the main ef-
fect of attention on liquidity provision for each of the two market makers sepa-
rately. This testing structure provides a more pure analysis of the hypothesis. 
Under high attention constraints, both market makers are allowed to trade in 
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both markets (i.e. low and high activity markets). Under low attention con-
straints, each market maker trades exclusively in one market. Table 3 provides a 
summary of the main effect of attention constraints on the liquidity provision of 
each market maker separately. Unlike the earlier test on Figure 5, Table 3 con-
trasts the degree of liquidity provision of a market maker focusing exclusively in 
one market (i.e. one level of trading activity). For example, it examines the 
number of limit orders submitted by a market maker when she traded exclu-
sively in the low activity market (under low attention constraints), and measures 
it against the number of limit orders she submitted only to the low activity mar-
ket when she had to attend to both markets simultaneously under (high atten-
tion constraints). 

The top section of this table shows measures of liquidity provision for the 
market maker operating only in markets with high activity. The bottom section 
summarizes the results for the low-activity market maker. The average number 
of limit orders submitted by either trader (# Limit) declines significantly as the  
 
Table 3. Effect of attention constraints on liquidity for each level of trading activity. This 
table presents the main effect of attention constraints on liquidity provision for each of 
two types of market makers: (1) a market maker operating in the market with high trad-
ing activity and (2) a market maker operating in the market with low trading activity. Li-
quidity provision is measured using three variables: the number of limit order submitted 
by the market maker (# Limit), the proportion of total limit orders submitted by the 
market maker (% Limit), and the submission rate (computed as the number of limit or-
ders a trader submits divided by the sum of her limit and market orders). (a) presents sta-
tistical results for the high-activity market maker. It compares the average liquidity provi-
sion of the market maker trading only in the high activity market across low and high at-
tention constraints. (b) presents statistical results for the low-activity market maker. It 
compares the average liquidity provision of the market maker trading only in the low ac-
tivity market across low and high attention constraints. The difference in means for each 
liquidity measure is also shown together with the p-value resulting from the test of dif-
ference in means. P-values lower than 0.10 are considered statistically significant and 
highlighted in bold. 

(a) 

Activity/attention # Limit % Limit Sub. rate 

High/low 48 15.31% 45.30% 

High/high 23 10.98% 49.54% 

Difference in means 25 4.33% −4.24% 

P-value 0.06 0.20 0.35 

(b) 

Activity/attention # Limit % Limit Sub. rate 

Low/low 51 22.13% 49.70% 

Low/high 22 13.50% 57.77% 

Difference in means 29 8.63% −8.07% 

P-value 0.10 0.05 0.29 
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demands on their attention increase (p-values are equal to 0.06 and 0.10, respec-
tively). The number of limit orders as a measure of liquidity, however, may be 
misleading as it does not control for the changes in market wide liquidity. To 
address this issue, Table 3 looks at the proportion of limit orders submitted by 
each market maker relative to the total number of limit orders in the market (% 
Limit). This measure of liquidity provision declines significantly only for the 
market maker operating in the low-activity market (there is an 8.63% reduction 
with a p-value equal to 0.05). For the high-activity market maker, the decline is 
smaller and it is not statistically significant (p = 0.20). These results suggest that 
attention constraints have a significant effect on liquidity provision primarily for 
market makers trading in less active markets. Overall, this section’s statistical 
tests provide a strong support for the hypothesis. 

Attention Constraints, Liquidity, and Information Value 
In this section, I consider how the informational advantage of informed trad-

ers may hinder the liquidity provision ability of the market maker especially 
when the demands on her attention are high. Higher attention constraints on the 
market maker may lower her ability to extract information from the order flow 
making her less able to compete with limit orders for the provision of liquidity. 
Moreover, the reduced ability of the market maker to extract information from 
the book makes informed traders’ information more valuable. This in turn, in-
creases the market maker’s adverse selection risk further reducing her ability 
and/or willingness to provide liquidity. To test this hypothesis, the experimental 
design consists of markets where informed traders are provided with highly val-
uable information and markets where the value of information is low. Figure 6 
plots the interaction of attention constraints and information value on liquidi-
ty.52 

(a) shows the interaction effect on market wide liquidity. Once again, the 
broad measures of market liquidity do not show the expected negative relation-
ship with the demand on the market makers’ attention. None of the interaction 
plots depicted in (a) provide statistically significant tests. (b) presents a very dif-
ferent story. The interaction effect is statistically significant for both the number 
and the proportion of limit orders submitted by market makers (p-values are 
0.09 and 0.10, respectively). A closer look at the profile plots shows a dramatic 
attention-driven decline in the market makers’ liquidity provision, primarily for 
markets with high information value. The number of limit orders submitted by 
market makers declines from an average of 62 under low attention constraints to 
an average of 16 under high attention constraints (p < 0.01). The proportion of 
limit orders submitted by market makers declines from an average of 23% under 
low attention constraints to an average of 11% under high attention constraints 
(p < 0.01). Although markets with low information values also experience a de-
cline in liquidity provision, the decline is neither economically meaningful nor 
statistically significant. 

 

 

52Securities with a high information value have realizations that are at between $20 and $30 from the 
expected value of $50 (i.e. extreme values), and securities with low information value have realiza-
tions that are no more than $10 from the expected value. In this sense, extremity or the fundamental 
value’s deviation from the expected value is considered a measure of information value. 
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(a)                                      (b) 

Figure 6. Effect of attention constraints and information value on liquidity. This figure 
plots the interaction effect of attention constraints and information value on several 
measures of liquidity. The figure examines the effect of attention constraints on liquidity 
across markets with different levels of information value. Each point on the panels plot 
the average value of the liquidity measure for each of four market conditions: (1) markets 
with low attention constraints on the market makers and low information value, (2) 
markets with low attention constraints on the market makers and high information value, 
(3) markets with high attention constraints on the market makers and low information 
value, and (4) markets with high attention constraints on the market makers and high 
information value. (a) presents three marketwide measures of liquidity: (a-1) the dollar 
bid-ask spread, (a-2) the percentage bid-ask spread (relative to the best-priced ask), and 
(a-3) the trading volume. (b) presents three measures of market maker liquidity provi-
sion: (b-1) the number of limit order submitted by the market maker, (b-2) the propor-
tion of total limit orders submitted by the market maker, and (b-3) the submission rate 
(computed as the number of limit orders a trader submits divided by the sum of her limit 
and market orders). 

 
Overall, these results are consistent with this paper’s third hypothesis. More 

importantly, these results shed some light on the asymmetric impact of attention 
constraints on the different sets of liquidity measures. Higher attention con-
straints on market makers have a significant negative effect on their liquidity 
provision but no effect on the aggregate level of market liquidity. These results 
suggest that the higher informational advantage of informed traders allows them 
to not only better exploit the uninformed traders, but it also increases their in-
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centive to compete with market makers and earn additional spread-based reve-
nue, especially in markets where market makers face high attention constraints. 

Attention Constraints, Liquidity, and Trading Performance 
A second dimension of the market maker’s ability to provide liquidity is her ef-

fectiveness in revising her quotes and, in turn, her trading performance. To ex-
amine how effectively market makers provide liquidity under different degrees of 
attention constraints, this section looks at profit performance. Figure 4 shows that 
informed traders can generate an average profit of $292 while uninformed traders 
lose on average $82. Similar to informed traders, market makers generate an aver-
age profit of $180. If higher attention constraints have a negative effect on the 
market maker’s trading performance, her average profit should be lower in mar-
kets where the demands on her attention are higher. In order to test this hypothe-
sis, this paper looks at the main effect of attention constraints on trading profits.  

Figure 7 shows the dollar profit for each trader type across both attention 
constraint environments. Under low attention constraints, the profit of each 
trader type is as expected, with uninformed traders losing an average of $187 
while both informed traders and market makers generate a positive profit ($237 
and $156, respectively). Under high attention constraints, both informed traders 
and market makers are able to generate a slightly higher positive profit ($346 
and $204, respectively), and uninformed traders manage to increase their profit 
significantly by an average of $210 (p = 0.08). In other words, at a first glance, it 
looks like all three types of traders experience superior performance when the  
 

 
Figure 7. Effect of attention constraints and trader type on dollar profits. This figure 
plots the interaction effect of attention constraints and trader type on profit. The figure 
examines the effect of attention constraints on profit performance for each type of trader 
(market maker, informed, and uninformed). Profit is measured as the dollar gain/loss for 
each trader in a given trial. Profit is averaged for each of three different types of traders 
across two different attention constraint levels, generating a total of six conditions: (1) 
market makers under low attention constraints, (2) market makers under high attention 
constraints, (3) informed traders under low attention constraints on the market makers, 
(4) informed traders under high attention constraints on the market makers, (5) unin-
formed traders under low attention constraints on the market makers, and (3) unin-
formed traders under high attention constraints on the market makers. 
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demands on the market makers’ attention are high.53 

Although uninformed and informed traders do show an improvement in their 
trading performance across attention conditions, the increase in the average 
dollar profit of market makers does not necessarily mean a better trading per-
formance. The market makers share of positive declines from 40% in a typical 
low attention constraints market to an average of 36% under high attention con-
straints.54 In fact, market makers are the only ones that see their profit share de-
cline (informed traders keep their profit share at 60% while uninformed traders 
manage to turn their losses into a profit). These results provide evidence of a re-
distribution of profit share away from market makers when the demands on 
their attention increase. 

Besides the explicit costs of facing higher attention constraints (i.e. a lower 
profit share), market makers bear substantially higher implicit costs in the form 
of inventory risk-the market maker’s portfolio may move away from the desired 
portfolio (e.g. a flat position). Ending the trading session with a non-zero inven-
tory balance exposes the market maker to swings in the inventory value over-
night. Figure 8 presents the average (absolute value) number of shares in the 
market makers’ ending inventory (i.e. at the closing of the trading session). This 
figure clearly shows an economically meaningful increase in their ending invent- 
 

 
Figure 8. Effect of attention constraints on market makers’ closing inventory. This figure 
shows the average (absolute value) number of shares in the market makers’ closing 
inventory for two different levels of attention constraints (low and high). In a typical 
market with low attention constraints, market makers ended the trial with an inventory 
balance 26 shares away from a flat position (i.e. zero shares in inventory). The average 
inventory balance increased to 51 in markets with high attention constraints on the 
market makers. 

 

 

53The experimental design does not replicate a zero-sum trading game. As explained above (see In-
ventory Management section), market makers are permitted to accumulate any inventory position 
without penalty, effectively eliminating overnight risk. The market design feature is needed to isolate 
the effect of limited attention on trading behavior by preventing any trading motivated by inventory 
management such as the selling or buying of shares toward the end of the trading session in order to 
end with a flat position (i.e. zero shares in inventory). 
54The profit share is computed by dividing their trader’s dollar profit by the sum of all positive prof-
its. 
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tory, as market makers face higher attention constraints. Under low attention 
constraints, market makers end a typical trial with an inventory balance of 26 
shares away from a flat position; this number doubles to an average of 51 shares 
under high attention constraints. 

In summary, attention constraints have a meaningful negative effect on the 
market maker’s ability to provide liquidity effectively, and thus, on her trading 
performance. This effect is captured by a combination of a decline in the market 
maker’s share of the realized profits and her decreased ability to manage her 
ending inventory position. 

7. Conclusions 

A study released by the U.S. Securities and Exchange Commission in 2010 finds 
that roughly 50% of all U.S. equity trading volume occurs in exchanges that re-
quire some form of designated market maker. Furthermore, the advent of 
high-tech low latency trading, coupled with liquidity rebates offered to proprie-
tary firms, makes market makers a sizable group in U.S. equity markets. This 
implies that market making not only provides equity markets with a vital source 
of liquidity but it is also a key determinant of overall market quality. This paper 
aims to explore the costs to market makers of providing liquidity, which has im-
plications for many aspects of financial markets from return predictability to op-
timal asset allocation strategies. 

Traditional models of market microstructure attribute the costs of market 
making to two primary sources: adverse selection risk and inventory risk. More 
recently, however, researchers have emphasized the role of behavioral factors on 
the function of market makers. In this study, I examine the effect of limited at-
tention within a controlled experimental setting that precludes the use of noisy 
proxies, controls for potential statistical and behavioral biases, and isolates the 
pure effect of market maker’s attention constraints on liquidity. 

As the constraints on the market maker’s attention become more significant, 
her ability to provide liquidity to the market may worsen. I test this prediction 
and find that, under high attention constraints, the number of limit orders as 
well as the proportion of limit orders submitted by the market makers decline 
significantly. Aggregate market liquidity, however, is not affected. These results 
suggest that while the market maker is busy attending to multiple tasks, other 
traders, such as informed traders, step in to compete for liquidity provision via 
limit order submissions. 

Markets for less active stocks may source a larger portion of their liquidity 
from market making activities. At the same time, market makers have a lower 
financial incentive to allocate attention to those markets. These ideas suggest 
that the effect of limited attention may be greater in less active markets. Once 
again, I find that, although market wide liquidity is not affected by attention 
constraints at any level of trading activity, the market maker’s liquidity provision 
deteriorates. Consistent with this paper’s hypothesis, I find that limited attention 
has a significant negative impact on liquidity provision, primarily for market 
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makers operating in less active markets. 
The ability of market makers to extract information from order flow could 

worsen when attention constraints are high. This, in turn, could hamper their 
ability to provide liquidity effectively. Informed traders may be able to better ex-
ploit their information advantage during times when the market maker’s atten-
tion is highly constrained. I test this notion and find that informed traders use 
their informational advantage to not only exploit uninformed traders, but to also 
compete with market makers, especially in markets where they face high atten-
tion constraints. A related result is the deterioration in the market maker’s trad-
ing performance. I find evidence that higher attention constraints lower the 
market maker’s share of realized profits and lessen her ability to manage her in-
ventory. 

From a broad perspective, this study provides robust evidence on the impor-
tance of behavioral factors in the investor’s decision-making process as well as 
the quality of the markets in which these investors trade. A better understanding 
of the role on these factors on financial markets can help investors make better 
informed decisions and would lead to more informationally efficient markets. 
From a narrower perspective, this study sheds light on the effect of attention 
constraints on the market maker’s ability to provide liquidity while staying prof-
itable. Market makers can be an invaluable source of liquidity, especially in less 
active markets. For this reason, it is important to understand how the liquidity 
of these markets suffers during times of heightened information intensity when 
the market makers’ attention capacity is compromised. This paper’s findings 
bring doubt to the notion that market makers (particularly designated market 
makers) are effective in providing liquidity and continuity to less active markets, 
especially under stressful times. 

In addition to providing experimental evidence to help bridge the relationship 
between behavioral constraints, trading behavior and market quality, this paper 
has practical implications for both market design and portfolio allocation strate-
gies. Market design is paramount especially for securities that are not actively 
traded, where the role of market makers is a key feature in preserving a fair and 
orderly functioning of these markets. Understanding the effect of attention con-
straints on market makers can contribute to more ideal designs. Furthermore, 
this effect can help enhance the portfolio allocation strategies of market partici-
pants providing market making services. These practical implications open the 
door for further research with the aim of creating more efficient market designs 
and structures where the liquidity of less active markets can be significantly en-
hanced. This research may address questions related to the need for market 
makers and potential incentive structures that may encourage or discourage 
their participation. 
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Appendix 

Experimental Trading Simulation 
Instructions 
In this trading session, you will participate in a total of 20 trials. In each trial, 

you will trade a different security that is valued in “laboratory dollars” (LAB$). 
At the end of the session, we will convert you trading gains into U.S. dollars 
(US$) to determine your payment. To trade these securities, you will be using 
the Financial Trading Services (FTS) trading software. Please refer to the sec-
tions below for a detailed overview of the FTS trading screen and instructions on 
how to login. 

Ten Basic Terms 
1. Bid—it is an order to buy shares at a stated price (the bid price). The bid price 

is the highest price the buyer is willing to pay for one share. 
2. Ask—it is an order to sell shares at a stated price (the ask price). The ask price 

is the lowest price the seller is willing to receive for one share. 
3. Bid book—it is a list ordered by price (highest price first) of all the bids trad-

ers have entered. 
4. Ask book—it is a list ordered by price (lowest price first) of all the asks traders 

have entered. 
5. Best bid—it is the bid with the highest price on the bid book. 
6. Best ask—it is the ask with the lowest price on the book. 
7. Entering a bid—a trader willing to buy shares at a stated price can submit a 

bid to the book. The bid will be held on the bid book until another trader 
chooses to “take” it. 

8. Entering an ask—a trader willing to sell shares at a stated price can submit an 
ask to the book. The ask will be held on the ask book until another trader 
chooses to “take” it. 

9. Taking a bid—a trader willing to sell shares can take the highest bid from the 
bid book in two ways: (i) she can directly sell to the highest bid or (ii) she can 
enter an ask with a price lower than the highest bid price. 

10. Taking an ask—a trader willing to buy shares can take the lowest ask from 
the ask book in two ways: (i) she can directly buy from the lowest ask or (ii) 
she can enter a bid with a price higher than the lowest ask price. 
The Trading Session 
A trading session consists of trading 20 securities successively (i.e. 20 trials). 

Information about each security and each trader is generated right before the 
beginning of each trial. Traders will trade based on this information until the 
trial ends.55 Prior to the start of a new trial, new information is generated. 

The Trading Trial 
You will start each trading trial with zero cash and zero shares of the security, 

however, negative cash balances (cash borrowing) and negative share balances 

 

 

55A trial can be compared to one trading day in real markets. News about the value of the company is 
released prior to the market opening (i.e. overnight). Once the market opens, traders trade on this 
information. The difference in this simulated environment is that no additional information is re-
leased during the trial.  
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(short selling) are allowed.56 Trading in each trial will be split into two parts: 
pre-trading and main trading. 

Pre-trading (20 seconds) 
During the pre-trading period, traders can enter orders (bids and asks), but no 

one can take them. This means that no actual trading will occur during this pe-
riod. At the end the pre-trading period, the highest bid and the lowest ask will be 
paired up. If they “cross” (the bid is priced higher than the ask) the more recent 
order will be deleted and a new pair will be matched. This will be repeated until 
there are no crossing orders remaining. The purpose of this pre-trading period is 
to allow traders to enter orders into the book before trading takes place. In other 
words, traders will “build” the book before trading can take place. 

Main Trading (120 seconds) 
During the main trading period, all traders can enter bids and asks, and can 

also take the bids and asks posted by the other traders (i.e. orders can cross). In 
other words, during this period trading takes place. Executions follow price/time 
priority, meaning that orders at most competitive prices will be executed first. 
Orders at the same price level will be executed in following time priority; orders 
submitted first are also executed first. 

The Security Value 
The range of permissible prices in this trading session is between 0 and 100. 

The “true” value of the security is generated using a uniform probability distri-
bution. In other words, all values within the 0 [10] 0 range are equally likely to 
be selected. The security value will be determined and shown only to some trad-
ers (i.e. the “informed” traders) prior to the beginning of each trial. 

Remember that the security value and the market price are not necessarily the 
same thing. The market price is determined by the amount traders are willing to 
pay or accept (i.e. transactions), and may change as trading progresses during 
each trial. The security value is determined prior to the start of each trial and 
does not change during the trial. 

Types of Traders 
There are three types of traders: (i) informed traders, (ii) liquidity traders, and 

(iii) dealers. Each trader type will have different trading objectives and levels of 
information. Your trading screen will tell you what type of trader you are prior 
to the start of each trial. You will be randomly assigned a trader type before the 
beginning of each trial. 

Informed traders 
They know a narrow range for the “value” of the security, which they learn 

right before trading starts. They trade because they have valuable information 
regarding the security value. Therefore, they will earn a profit every time they 
buy (sell) a share at a price below (above) the security value. Information re-
ceived by informed traders on their screen would look like this: 

“INFORMED: Your value estimate is within 44 to 64” 

 

 

56Short selling refers to the process of borrowing shares to sell them hoping that their value will go 
down. This strategy allows the trader to sell shares without owning them. 
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 They can enter a bid (order to buy) by entering a price and left-clicking on 

“Submit Bid.” 
 They can enter an ask (order to sell) by entering a price and left-clicking on 

“Submit Ask.” 
 They can take bids (sell at highest bid) by left-clicking on “Sell to Bid.” 
 They can take asks (buy at lowest ask) by left-clicking on “Buy at Ask.” 
 They can cancel individual or multiple orders. 

Informed traders can see the market’s best bid and best ask as well as their 
own orders on the book, but they cannot see other trader’s orders. Also, they will 
be restricted to trading only one of the two available securities (either stock 
“HIACT” or stock “LOACT”). Information and trading functionality (i.e. the 
ability to buy or sell) will only be available for the one security they are able to 
trade. 

Liquidity traders 
They do not know the “value” of the security (i.e. they are “uninformed” trad-

ers). Therefore, they trade because of reasons other than information related to 
the security value. Liquidity traders are given a “target” number of shares they 
are required to trade before the end of the trial. This target does not need to be 
in the same direction for all liquidity traders. For example, some traders may be 
given a target of +20 (i.e. buy a net amount of 20 shares) while other traders may 
be given a target of −20 (i.e. sell a net amount of 20 shares). Typical information 
received by liquidity traders on their screen would look like this: 

“LIQUIDITY: Your target is −20 shares” 
 

 
 
 They can enter a bid (order to buy) by entering a price and left-clicking on 

“Submit Bid.” 
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 They can enter an ask (order to sell) by entering a price and left-clicking on 
“Submit Ask.” 

 They can take bids (sell at highest bid) by left-clicking on “Sell to Bid.” 
 They can take asks (buy at lowest ask) by left-clicking on “Buy at Ask.” 
 They can cancel individual or multiple orders. 

Similar to informed traders, liquidity traders can see the market’s best bid and 
best ask as well as their own orders on the book, but they cannot see other trad-
er’s orders. Also, they will be restricted to trading only one of the two available 
securities (either stock “HIACT” or stock “LOACT”). Information and trading 
functionality (i.e. the ability to buy or sell) will only be available for the one se-
curity they are able to trade. 

Liquidity traders incur a penalty of LAB$ 100 per share for failing to achieve 
their targets (once they reach their targets they are allowed to trade freely with-
out penalty). These penalties are large enough that liquidity traders are always 
better off trading enough to hit their target, even if they must buy at very high 
prices or sell at very low prices to do so. 

Dealers 
They do not know the “value” of the security. They trade to provide liquidity 

to the market. They earn a profit from selling shares at the ask price and buying 
them at the bid price. In other words, they earn the difference between their bid 
price and their ask price (i.e. bid-ask spread). The security value does not affect 
the dealer’s profit. 

Inventory management is a very important task for dealers. Very high (low) 
inventories may indicate that the dealer’s bid and ask prices are too high (low). 
Dealers profit from both buying and selling shares. Thus, they should set their 
bid and ask prices so that they create an incentive for other traders to take their 
bids and asks. Furthermore, they should ensure that their ask price is always 
higher than the bid price. 

Although dealers are not informed about the value of the security, they are the 
only traders with access to all market information (i.e. they can observe the or-
ders of all traders on the book). Typical information received by dealers on their 
screen would look like this: 

“DEALER” 
 

 
 
 They can enter a bid (order to buy) by entering a price and left-clicking on 
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“Submit Bid.” 
 They can enter an ask (order to sell) by entering a price and left-clicking on 

“Submit Ask.” 
 They can take bids (sell at highest bid) by left-clicking on “Sell to Bid.” 
 They can take asks (buy at lowest ask) by left-clicking on “Buy at Ask.” 
 They cannot cancel/clear any bids or asks. Bids (asks) can only be “revised” or 

updated by entering new a new bid (ask) order. 
Dealers cannot enter multiple orders (bids and/or asks) on the book because 

each new order submitted by the dealer will replace the old order: (i) entering a 
new bid will automatically cancel her old bid and (ii) entering a new ask will au-
tomatically cancel her old ask. In other words, dealers simply update their orders 
(i.e. they enter quotes). 

Dealers can see the market’s best bid and ask as well as the all orders on the 
book. They may be able to trade both securities simultaneously (stock “HIACT” 
or stock “LOACT”). Information and trading functionality (i.e. the ability to buy 
or sell) may be available for both securities.57 

Note that informed traders and dealers do not have a target. They can end the 
trial with any number of shares in inventory and will not be penalized. 

Basic Trading Rules 
 Once you enter an order on the book, you can only trade if someone takes the 

other side of your order. For example, if you have entered a bid to the book at 
LAB$ 20, it will remain on the book until another trader takes it (or until you 
cancel the order). 

 You can’t trade with yourself. If you enter an ask at LAB$ 70 and then you 
enter a bid at LAB$ 75, these two orders will not cross and they will both re-
main standing on the book. 

 The maximum number of shares (i.e. quantity) you can enter per order is 1. 
However, you can enter multiple orders at any price point. For example, if you 
enter 3 separate bids (one share each) at LAB$ 52, you will have 3 shares listed 
at the LAB$ 52 price point. 
Getting Paid 
You will start each trial with a zero cash balance and a zero share balance. At 

the end of each trial, the shares you own (“n”) pay an amount (“V”) equal to the 
security “true value.” 
 If you have a positive share balance (n > 0), then “n × V” LAB$ will be added 

to your cash balance. 
 If you have a negative share balance (n < 0), then “n × V” LAB$ will be sub-

tracted from your cash balance. 
The resulting cash balance is your trading gain/loss in LAB$. Any penalties 

assessed for failing to hit your exact target are deducted from your resulting cash 
balance decreasing your gain or increasing your loss. 

Note that this method of calculating gains and losses applies only to informed 

 

 

57In some trading trials market makers will have access to both securities simultaneously while in 
other trading trials access will be restricted to only one of the two securities. Before the start of the 
trials, you will be informed about your accessibility rights. 
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and liquidity traders. Dealers’ profits are not affected by the security value. Be-
low is a detailed description of how gains/losses are computed for each trader 
type: 
 Informed and liquidity traders make money every time they buy a share for 

less than the security value or sell a share for more than this value. For exam-
ple, buying a share with a security value of LAB$ 43 at a price of LAB$ 39 
creates a gain of LAB$ 4. Selling that share at a price of LAB$ 55 creates a gain 
of LAB$ 12. 

 Dealers make money every time they sell a share for more than the price they 
paid for it. For example, buying a share at a price of LAB$ 25 and then selling 
it at a price of LAB$ 31 creates a gain of LAB$ 6. You may also sell a share first 
at a price of LAB$ 34 to then buy it back at a price of LAB$ 30 for a gain of 
LAB$ 4. 
Remember that you do not “get paid” in laboratory dollars (LAB$). These 

LAB$ need to be converted into US$ before you can get paid. The conversion 
will be done using the following formula: 

( )US$ Winnings Baseline Your LAB$ Type Average LAB$ Conversion Rate= + − − ×  

You will not know the exact baseline or conversion rate. However, we will tell 
you three key facts: 
1. The type-average LAB$ refers to the average LAB$ for only those traders that 

are of your same type (i.e. informed traders, liquidity traders, or dealers). 
2. The baseline is a positive US$ amount. If your LAB$ at the end of the trial is 

equal to the average LAB$ for traders of your type, you will earn an amount of 
LAB$ equal to the baseline. 

3. The conversion rate is positive, meaning that the more LAB$ you win, or the 
fewer you lose, the more US$ you take home. 
The parameters (baseline and conversion rate) are set so that the average 

US$ winnings of US$15 per person per session (not including the training ses-
sion). Finally, US$ are determined separately for each trading session. Losses in 
one session do not offset gains in another session. 

Other Rules 
Please do not talk with other traders or look at their computer screens without 

explicit permission from the experiment administrator. Please ask the adminis-
trator before leaving the room for any reason. 

The Trading Screen 
The FTS Trading Screen is the first screen that appears once you have suc-

cessfully logged into the market. It is important to be familiar with its elements 
before beginning to trade. However, if at any time during trading you cannot 
remember what a particular object on the screen does, simply place your mouse 
over the object and a mouse-over description will appear. 

Below is a description of the different features you will find on the trading 
screen (refer to the figure below): 
1. Bid—it displays the current best (highest) bid (listing the price/quantity). If 

there is an asterisk (*) next to the price/quantity it means that your bid is the 
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current best bid. 
2. Ask—it displays the current best (lowest) ask (listing the price/quantity). If 

there is an asterisk (*) next to the price/quantity it means that your ask is the 
current best ask. 

3. Security Name—this is the name of the security that you will be trading on 
each trial. There could be multiple security names listed. By left-clicking on a 
security name, you will access the security’s market screen. 

4. Last—it displays the last traded price. This box changes color according to 
how the last traded price changed relative to the previous last traded price. 

5. Buy WVAP—it specifies the trader’s volume-weighted average buying price. 
It is simply the average price the trader has paid for all shares purchased. It 
updates in real time. 

6. Sell WVAP—it specifies the trader’s volume-weighted average selling price. It 
is simply the average price the trader has received for all shares sold. It up-
dates in real time.  

7. Time Left—each trial specifies a particular amount of time. Once the market 
begins, Time Left will begin to count down. The time will reset after the com-
pletion of each trial (a bigger screen with the time left can be found on the 
upper right hand corner of the screen). 

8. Information Window—here you will see information regarding the security 
value and the target number of shares that you are required to trade. This 
window will also display the type of trader you are. 

9. Position—it specifies your current position in a security (i.e. the number of 
shares that you currently hold in inventory). If this number is positive, then 
you have a long position. If the number is negative this means you have a 
short position. 

10. Realized P & L—it specifies the profit (or loss) of a trader based only on the 
shares that have been both purchased and then sold (or vice versa). It ignores 
any shares in the trader’s inventory. It updates in real time. 

11. Trading Controls—this section contains the buttons/fields that will allow 
you to trade. The buttons may be different for different traders. Please refer to 
the “Types of Traders” section (above) for a detailed explanation of the trad-
ing controls. Remember that to enter a bid and an ask on the book, you must 
first enter a price and a quantity: 

a) Price—here you can enter a specified price for your order (i.e. bid price or ask 
price). 

b) Quantity—here you can enter a specified quantity for your order. In this case, 
however, the quantity can only be equal to 1. 

12. Order Book—this book collects all orders entered by all traders in the mar-
ket. The bid book (left half) displays all bids with the highest-priced bid listed 
first. The ask book (right half) displays all asks with the lowest-price ask listed 
first. The top-listed bid and ask are the market BBO (best bid/offer, where of-
fer and ask are equivalent terms). 

13. Bid/Ask/Price Graph—it provides a graph of the evolution of the best bid, 
best ask, and traded prices over the trading trial. It updates in real time. 
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How to Login 
You must wait until the administrator tells you that you can login. Once 

he/she does, you must follow these steps to login successfully: 
1. Double click on the “Launch FTS System Manager” icon on your desktop. 
2. Check “Student Applications.” 
3. Check “Download again before running.” 
4. On the drop-down menu, select “FTS Trader 2013 Version.” 
5. Click on “Run Selected Application.” 
6. The following screen will appear: 
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Enter the information provided to you by the administrator on the “Market IP 
Address”, “Trading Name” and “Password” (if required) cells. Leave all other 
cells untouched. 
7. Click on “Connect to the Market” 

Note: if you click on “Connect to Demo Market” you can see and interact with 
a demo of the trading screen. You do not need to enter any information to con-
nect to the demo version. In order to get to the trading screen shown above, you 
first need to left-click on the red/white icon located to the right of the security 
name. This may be a good tool to become familiar with the software before the 
trading session). 
8. You should now see the main trading screen. Wait for further instructions 

from the administrator. 
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