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ABSTRACT 
 

The growth of dark trading in equities has driven academic research and 
attracted attention from regulators concerned about its effects on market 
quality. In this paper, we analyse and simulate the effects of dark trading on 
the market quality and efficiency of Singapore’s equity market. While our 
results generally support the conventional criticisms of dark trading, we find 
that on-exchange liquidity (“lit market liquidity”) starts to worsen only when 
the proportion of dark trading increases beyond certain levels. In fact, our 
simulations suggest that some dark trading can actually improve lit market 
liquidity for illiquid, and small and mid-market capitalisation stocks. Our 
findings suggest a more calibrated and differentiated approach towards dark 
trading could be beneficial in promoting a more liquid market for such stocks 
as opposed to the current regime which imposes a blanket minimum 
threshold on block trades of all stocks.  
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1 INTRODUCTION 

 

1.1 Dark trading refers to trades that are executed off-exchange without pre-

trade transparency of the price and quantity of the orders placed. In contrast, a lit 

order submitted to a limit order book of a stock exchange is visible in terms of price 

and quantity (“pre-trade information”) in real-time to all market participants. In 

the case of dark orders, the pre-trade information is known only to the party 

originating the order and, depending on the matching method, potentially the 

counterparty as well. While dark trading is a relatively new development, it 

originates from block trades or married trades negotiated directly between market 

participants off exchange, where the prices being negotiated upon are not 

disclosed to the market at large before the trade is executed. Today, dark trading 

has evolved beyond block trades to include electronic matching of orders in dark 

pools or alternative trading venues with little or no pre-trade information.  

 

1.2 The growth of dark trading in equity markets has prompted academic 

research on their effects. The conclusions of such studies have been mixed. For 

example, Degryse, de Jong and van Kervel (2014) conclude that dark trading has a 

negative impact on lit liquidity. Comerton-Forde and Putnins (2015) suggest that 

high levels of dark trading harm informational efficiency and price discovery. On 

the other hand, He and Lepone (2014) and Gresse (2017) find there to be no 

detrimental effect, and even a positive impact on liquidity.  

 

1.3 Regulators have also conducted studies on dark trading. The UK Financial 

Conduct Authority published a staff paper in August 2017 (Aquilina et al, 2017) 

which found dark trading not to be harmful to market quality in the aggregate UK 

equity market until it crosses a certain threshold. In a review of dark liquidity in its 

securities market, the Australian Securities & Investments Commission (ASIC) 

found that dark trades increased with widened bid-ask spreads on lit exchange 

markets for a number of securities (ASIC, 2013), suggesting that dark liquidity was 

impairing the quality of the lit market for these securities. 

 

1.4 This paper seeks to add to the existing discourse on dark trading by 

conducting empirical analyses and simulating its impact on market quality and 

efficiency in Singapore’s equity market. In Singapore, dark trading consists wholly 
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of block trades as Singapore is a single-exchange market and trading members of 

its stock exchange are allowed to execute trades off-exchange only when such 

trades exceed a certain size threshold1. Trading members are also required to 

report such block trades to the exchange. Possibly due to these requirements, the 

current level of dark trading in the Singapore market is lower than those seen in 

the US, UK and Australian markets.2 

 

1.5 Our results generally support the conventional criticism that excessive 

amount of dark trading is detrimental to liquidity on lit markets. What is of interest, 

however, is that we find that at low levels of dark trading, liquidity on lit markets 

and market efficiency increase together with dark trading, particularly for small and 

mid-market capitalisation stocks.  

 

1.6 We believe that there are two likely reasons for our findings. First, the 

presence of dark or alternative venues encourages the entry of participants who 

would otherwise not be willing to trade on traditional exchanges (e.g. due to the 

price impact of their large trades). Second, this additional liquidity could result in 

liquidity externalities, where “liquidity begets liquidity”. Trades on exchange-listed 

securities, whether they are executed off-exchange or on the lit market, are 

aggregated and disseminated as market data. Market participants will thus become 

aware that there is trading interest in those securities, and such increased trading 

volume may generate further trading interest.  

 

1.7 The remainder of the paper is organised as follows. Section 2 describes the 

data and methodology of our empirical and simulation approaches. Section 3 

presents the results and further investigations. Section 4 concludes with a 

discussion of the implications of our study.   

                                                

 
1 Under the Singapore Exchange’s trading rule 8.7.1, a block trade or direct business threshold of at least 
50,000 units or $150,000 in terms of value is imposed. 
2 Singapore’s level of dark trading constituted 8% of total traded value as compared to the 20% to 28% levels 
observed in the US, UK and Australia.  
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2 DATA AND METHODOLOGY 

DATA & DESCRIPTIVE STATISTICS 
 

2.1 Our empirical analysis of dark trading uses a combination of daily order book 

data and trade data obtained from the Singapore Exchange. It spans 706 unique 

stock codes across the micro, small, medium, medium-large and large market 

capitalisations for the period of January to December 2016.  

 

2.2 Figure 1 provides the descriptive statistics for monthly data on a cross-

sectional basis. Figure 2 Panel A, which presents the monthly total traded value and 

proportion of dark trade in the Singapore market over the sample period, suggests 

that trading activity is stable throughout the year. Panel B provides a more detailed 

visualisation of the daily dark trade value over the sample period by decomposing 

the time series into its seasonal, trend and irregular components based on the 

LOESS method described in Cleveland et. al. (1990). Weekly seasonality is observed 

in dark trade value with peaks occurring on Thursdays and troughs on Mondays. 

No other consistent trend or seasonal pattern is observed throughout the year 

except for the decline in the month of December.  

 

2.3 For the monthly panel models, daily data for each stock was either 

aggregated via summation or averaged across the month for analysis. The use of 

monthly data models is consistent with the practitioner’s approach in capturing 

longer-term behaviour 1  through temporal aggregation (Petropoulos and 

Kourentzes, 2014). Inactive stocks which traded in less than 6 out of the 12 months 

were removed from the dataset. Including inactive stocks in the analysis is 

problematic because they would introduce sparse data bias (Greenland et. al., 

2016) to the panel data models. The top and bottom 0.5% of observations for the 

relevant lit liquidity metric were also removed to reduce outlier effects. 

 

 

                                                

 
1 This is especially applicable to our analysis as we observed sparse dark trade data or rare occurrences of 
stock-days with dark trades. In our variance decomposition analysis via VAR models of individual stocks, this 
resulted in relatively low levels of contributions of daily dark trade metrics to lit liquidity (mean values of 
0.8% to 1.1% and not exceeding 12.0%). 
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Figure 1: Descriptive statistics of data used for monthly panel models  

 Mean 
Standard 

deviation 
Median 

Lit liquidity metrics    

Quoted bid-ask spread  (bps) 1,126 1,660 401 

Best market depth ($) 354,573 6,909,751 21,417 

Lit trade value ($K) 31,943 152,537 415 

Liquidity ratio ($K/percent) 2.54x106 227.73x106 7.00 

Dark (block) trading metrics    

Number of dark trades (count) 2.15 8.90 0.00 

Dark trade value ($K) 2,420 15,662 0 

Dark trade participation rate (ratio) 0.0447 0.136 0.00 

Dark trade proportion (ratio) 0.0219 0.0732 0.00 

Control variables    

Market capitalisation ($ MN) 1,202.14 5,259.99 82.63 

Volume (count) 6,200 18,442 150 

Volatility (bps)  425 647 233 

Minimum tick spread (bps) 319 938 106 

 

 

Figure 2: Monthly and daily time series of equity trade values  

Panel A: Monthly trade value and dark trade proportion 

 

    Panel B: Daily dark trade value 

 
Panel B: Missing data points in the charts are due to public holidays when the stock exchange was closed.  
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EMPIRICAL APPROACH 
 

2.4 Our approach comprises three main models. First, we attempt to establish 

a robust estimate of the general direction of the relationship between dark trades 

and lit market liquidity. Similar to the empirical models used in Comerton-Forde 

and Putnins (2015), Degryse, de Jong and van Kervel (2014), and  Foley and Putniņš 

(2014, 2016), we ran four different panel regressions in the following form, with 

fixed effects for time (𝒕) and individual stocks (𝒊) included: 

 
𝒍𝒐𝒈(𝒚𝒊𝒕) = 𝜷𝟏 + 𝜷𝟐 𝒍𝒐𝒈(𝑫𝑨𝑹𝑲𝒊𝒕) + 𝜷𝟑 𝒍𝒐𝒈(𝒗𝒐𝒍)𝒊𝒕 + 𝜷𝟒 𝒍𝒐𝒈(𝒎𝒃𝒔)𝒊𝒕 + 𝜷𝟓 𝒍𝒐𝒈(𝒎𝒄)𝒊𝒕 + 𝜶𝒊 + 𝜶𝒕 + 𝒖𝒊𝒕     −     (𝟏) 

 

where 𝑦𝑖𝑡 refers to the lit market liquidity metrics2 of bid-ask spread, liquidity ratio, 

lit trade value and market depth. Running regressions with four different 

measurements for lit liquidity allows us to determine if there is a consistent 

relationship between dark trades and lit market liquidity. By increasing the number 

of model specifications, we are also able to verify the robustness of our results 

across each model specification. 𝐷𝐴𝑅𝐾𝑖𝑡
3 is the variable for block or dark trades. As 

all trading members of the Singapore stock exchange are subject to the block trade 

threshold, such block trades are a comprehensive measure of dark trades. Other 

than block trade dollar volume as a percentage of the total dollar volume for a stock 

(dark trading proportion), we used other dark trading measurements such as 

number of dark trades, dark trade value and dark trade participation rate4. The 

remaining variables are control variables5 - 𝑣𝑜𝑙 is volatility measured in terms of 

daily movement, 𝑚𝑏𝑠  is minimum bid spread which is the ratio of the stock’s 

minimum tick size to its mean price and 𝑚𝑐 is mean market capitalisation. As most 

of the variables and the liquidity metrics exhibit heavy skew, a Box-Cox 

transformation with lambda value of zero was performed on the dataset.   

 

                                                

 
2 Computations and explanations of the lit liquidity metrics are detailed in Appendix 1. 
3 𝐷𝐴𝑅𝐾 variables are not instrumented (to account for potential endogeneity with lit liquidity variables) as 
in Comerton-Forde and Putnins (2015), as these variables comprised wholly of block trades whose execution 
considerations are different from the darkpool trades in the study cited.  
4 Dark trade participation rate measures the ratio of days with a one or more occurrence of a dark or block 
trade in all the trading days in a month.  
5 See for instance Comerton-Forde and Putnins (2015).  
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2.5 To further investigate the effects of dark trading across stocks of different 

market capitalisation, we segmented the dataset into five (5) different market 

capitalisation groups: micro (S$ 0-40 MN), small (40-100 MN), medium (100-500 

MN), medium-large (500-2000 MN), and large (>2000 MN). The same monthly 

panel regression described in paragraph 2.4 was then run on each data segment. 

 

2.6 Second, we attempt to analyse the non-linear effect of dark liquidity, in light 

of previous work by Comerton-Forde and Putnins (2015), that found dark trading 

to have a non-linear effect on informational efficiency. For this purpose, we set up 

the regression as such: 

 
𝒍𝒐𝒈(𝒚𝒊𝒕) = 𝜷𝟏 + 𝜷𝟐𝑫𝒊𝒕

𝟎−𝟓% + 𝜷𝟑𝑫𝒊𝒕
𝟓−𝟏𝟎% + 𝜷𝟒𝑫𝒊𝒕

𝟏𝟎−𝟏𝟓% + 𝜷𝟓𝑫𝒊𝒕
𝟏𝟓−𝟐𝟎%+𝜷𝟔𝑫𝒊𝒕

𝟐𝟎−𝟐𝟓% + 𝜷𝟕𝑫𝒊𝒕
𝟐𝟓−𝟑𝟎% + 𝜷𝟖𝑫𝒊𝒕

𝟑𝟎−𝟑𝟓%

+ 𝜷𝟗𝑫𝒊𝒕
𝟑𝟓−𝟒𝟎%+𝜷𝟏𝟎𝑫𝒊𝒕

𝟒𝟎−𝟒𝟓% + 𝜷𝟏𝟏𝑫𝒊𝒕
𝟒𝟓−𝟓𝟎% + 𝜷𝟏𝟐 𝒍𝒐𝒈(𝒗𝒐𝒍)𝒊𝒕 + 𝜷𝟏𝟑 𝒍𝒐𝒈(𝒎𝒃𝒔)𝒊𝒕

+ 𝜷𝟏𝟒 𝒍𝒐𝒈(𝒎𝒄)𝒊𝒕 + 𝜷𝟏𝟓(𝒗𝒐𝒍𝒖𝒎𝒆) + 𝜶𝒊 + 𝜶𝒕 + 𝒖                   − (𝟐) 
 

where 𝑦𝑖𝑡 refers to the bid-ask spread or market depth of a given stock and control 

variables are similar to those of model (1)6. Dummy or binary 𝐷𝐴𝑅𝐾 variables are 

used to categorise the stock’s level of dark trading for each stock-day e.g. 𝐷𝑖𝑡
0−5% 

takes the value of one if the stock’s dark trade value as a percentage of total trade 

value for a given day is between 0% and 5%, and takes the value of zero otherwise. 

Using a range of these dummy variables enables us to study the differences in their 

coefficients or effects on lit liquidity at varying levels of dark trading i.e. non-linear 

effects of dark trading on lit liquidity. Inactive stocks were filtered,7 resulting in 66 

stocks in the final data sample. 

 

  

                                                

 
6 Liquidity ratio and trade value are excluded as dependent variables in model (2) because its specification 
includes volume as a control variable which is highly correlated with liquidity ratio and trade value. Volume 
is used to control for noise in higher frequency daily data as compared to monthly aggregated data used in 
model (1). 
7 Given the 11 binary DARK variables or categories of dark trading levels, we filtered stocks which do not 
have data points in more than or equal to 6 (minimum number) of these binary DARK variables. We further 
filtered inactive stocks which have only one data point for at least half of the minimum number of binary 
DARK variables. 
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SIMULATION APPROACH 
 

2.7 Third, we attempt to simulate the impact of dark trading on market 

efficiencies in the market for small to mid-market capitalisation stocks. As the 

underlying data used for the panel regressions as described in the preceding 

section is dominated by stocks of large market capitalisations8, the results from 

these models may not be applicable to small and mid-market capitalisation stocks. 

Hence, we develop agent-based simulation models to simulate the effects of 

running a dark trading order book concurrently with a central limit order book of 

such stocks, on market efficiencies (measured in terms of market surpluses earned 

by participants). Our approach draws from work done in Smith (1962, 1973) on the 

agent-based approaches and induced demand and supply curves for market 

surplus, Gode and Sunder (1993) on zero-intelligence agents which enable 

outcome(s) to be attributed to changes in market structure, and modern market 

assumptions introduced by Wah et al. (2015, 2016) such as Poisson order arrival 

rates and market maker strategies. In our simulation models, we vary the levels of 

dark trading through a parameter 𝜌 , which represents the proportion of dark 

trading9. Further details are set out in Appendix 2. 

 

                                                

 
8 The underlying data is from stocks with active dark trading, which tend to have large market capitalisations. 
The median market capitalisation of these stocks is S$3.76 bn. 
9 More specifically, it defines the probability of a participant agent entering an order into the dark order 
book. 
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3 RESULTS  
 

Figure 3: Summary of monthly panel models’ results 

 
How to interpret: For every 10% increase in the number of dark trades, the liquidity ratio increases by 0.79%. 

Significance level is at 1%.  The estimates of 𝐷𝐴𝑅𝐾 coefficients are colour coded according to its significance 

and direction i.e. green for statistically significant better liquidity; and grey for statistically non-significant 

results. There were no statistically significant negative estimates of 𝐷𝐴𝑅𝐾 coefficients. 

 

3.1 The results of the monthly panel regressions described in paragraph 2.4, 

indicate that generally, an increase in dark trading is associated with an increase 

in liquidity. Detailed results are reported in Appendix 3. As can be seen in Figure 3, 

most of the 𝐷𝐴𝑅𝐾 coefficients are positive and statistically significant12, except for 

the models regressed on spread as the lit liquidity variable13. We think that the 

positive dark trading and lit liquidity relationships found in our results for liquidity 

ratio, lit trade value and depth could be due to the presence of liquidity 

externalities, or commonly described as “liquidity begets liquidity”. Liquidity 

externalities are generated when market participants are brought together 

temporally and spatially, thus reducing information and trading costs (Barclay and 

Hendershott, 2003 and Foucault et. al., 2013). The effects of liquidity externalities 

could be especially strong in market structures such as that of the Singapore 

Exchange where dark (block) trades and lit trades on its listed securities are 

                                                

 
12 The reported coefficients are standardised (i.e. “beta coefficients”). For robustness, we also estimate the 
DARK coefficients using heteroscedasticity-consistent standard errors and find similar results as in 
Appendix 3. The exception is where depth is the lit variable, in which case the beta coefficient of dark 
participation rate turned out to be insignificant (p-value=0.108) but still positive.  
13 The models regressed on spread found that the DARK coefficients are all negative, albeit insignificant. The 

negative results are consistent with the increasing dark trading levels and widening spreads relationships 

found in Degryse, de Jong and van Kervel (2014), Comerton-Forde and Putnins (2015) and He and Lepone 

(2014). 
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aggregated and disseminated in a single market data feed. As information is 

disseminated, market participants will thus become aware that there is trading 

interest in those securities, and such increased trading volume may generate 

further trading interest.  

 

3.2 We also found that smaller market capitalisation stocks experience, on 

average, larger increases in lit liquidity than those for larger market capitalisation 

stocks as dark trading increases (see Figure 4). This is expected as the well-

established size effect on stock returns and liquidity on a cross-sectional basis 

(Amihud, 2008 and others) means small market capitalisation stocks are generally 

less liquid than the large market capitalisation ones, hence any positive effect of 

dark trading on lit liquidity would be amplified for small market capitalisation 

stocks.

 

Figure 4: Effect of dark trading across market capitalisation segments 

 
How to interpret: For every 10% increase in the dark trade value of a micro market capitalization stock, the depth 

increases by 0.25%. Significance level is at 5%. A detailed summary table of results is provided in Appendix 4. 

 

3.3 We further observed, from the results of our analysis as described in 

paragraph 2.6, that spreads do not worsen with increases in dark trading until a 

certain inflexion point. Figure 5 plots the estimated coefficients of the 𝐷𝐴𝑅𝐾 binary 

variables and their standard errors for the 95% confidence intervals. We observed 
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that spread widens only slightly and remains in the range of 0.40% and 1.62% even 

as dark trading proportion increases. However, once dark trading proportion 

reaches the inflexion point of 25%, spread widens more in the range of 3.70% to 

23.0%. This suggests that when dark trading takes up more than 25% of total trades 

in a single stock, liquidity fragmentation sets in as trades migrate from the lit 

exchange order book to off-exchange negotiated block trades. This is aligned with 

findings from Comerton-Forde and Putnins (2015) and Aquilina et. al. (2017).  

 

Figure 5: Non-linear relationship between spread and dark trading 

 

 
 

Figure 6: Non-linear relationship between depth and dark trading 
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3.4 A non-linear relationship has also been observed for dark trading and lit 

market depth. Figure 6 plots the estimated 𝐷𝐴𝑅𝐾 coefficients and their standard 

errors for the 95% confidence intervals to visualise the effects of dark trading 

proportion on market depth. As observed, market depth improves (i.e. the % 

change in depth is positive and remains more than zero) even as dark trading 

proportion increases until a turning point at the 30% dark trading proportion after 

which market depth deteriorates (i.e. the % change in depth turns negative). 

 

3.5 Results from our agent-based simulations for small and mid-market 

capitalisation stocks in Figure 7 show that, with the exception of dark trading 

proportion below 5%14, market surplus increases with increases in dark trading 

proportion up to and beyond the dark trading proportion of 15%15, supporting the 

positive dark-lit liquidity relationships observed in paragraph 3.2. The drastic 

difference in market surplus gains between small and mid-market capitalisation 

stocks suggests that a dark trading market structure (with a concurrent lit market) 

is especially beneficial to small market capitalisation stocks which tend to be less 

liquid than the larger market capitalisation stocks. 

 

  

                                                

 
14 Our analysis suggests this decline in surplus is due to the direct adverse effect of liquidity fragmentation 
where there is insufficient liquidity to support more than one market, leading to declining trades and trading 
interest.  
15 Our results show that this relationship persists, even up to a dark trading proportion of 30%; however, 
due to reasons of scale, it is difficult to show this on the same diagram. Please see Appendix 2 Figure 11 for 
results beyond the 15% dark trading proportion. 
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Figure 7: Agent-based simulation results of dark trading on market efficiencies 

of small and mid-capitalisation stocks 

 

 
 
3.6 On the other hand, a similar model for large capitalisation stock (see Figure 

11 in Appendix 2 for results) recorded contrasting results wherein the surplus 

increases between 0% and 15% dark trading levels but starts to decline beyond 

15%, supporting the empirical results observed in paragraph 3.3 of a non-linear 

relationship and similar patterns of findings in Comerton-Forde and Putnins (2015), 

Aquilina et al (2017) and others.   
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4 CONCLUSION 

 
4.1 In this study, using block trade data on SGX stocks, we find the general 

direction of the relationship between dark trading and lit liquidity of stocks to be 

positive or at worst statistically insignificant across different liquidity 

measurements. We also find similar results when we run panel regressions on 

different stock segments, from micro to large market capitalisations. 

 

4.2 However, based on our study, such positive effects hold true only up to a 

certain level of dark trading for stocks with relatively large market capitalisation. 

Specifically, we find non-linear effects of dark trading on the daily market depth 

and spread of stocks with active levels of dark trading. While positive or 

insignificant effects are observed at low levels of dark trading, these turn negative 

as the proportion of dark trades rises.  

 

4.3 For small to mid-market capitalisation stocks, which tend to be more illiquid 

than large market capitalisation stocks, our agent-based models suggest that dark 

trading is beneficial even at relatively high proportions of dark trading. 

 

4.4 From a policy perspective, these findings suggest that there is room for a 

more calibrated and differentiated approach towards dark trading in Singapore’s 

equity markets than the current regime which imposes a blanket minimum 

threshold on all block trades. Possible refinements that could be considered 

include (i) calibrating limits on block volume based on the liquidity profile or market 

capitalisation of individual stocks, and (ii) introducing a monitoring framework to 

monitor liquidity changes and fragmentation (if any), with the specific purpose of 

providing feedback inputs to the periodic reviews of block trade limits.  
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APPENDIX 1: COMPUTATION AND INTERPRETATION OF LIT 

LIQUIDITY METRICS 

 

 

 Quoted bid-ask spread (bps) is the difference between the best bid price 

and the best ask price, scaled by the midpoint price which is the price 

between the best bid price and best ask price. The metric is calculated over 

a day on a time-weighted basis. 

 

 

 

 

 Market Depth ($) refers to the combined dollar value of all the orders on 

the best bid and ask prices in the security’s exchange order book. Market 

depth measures the market's ability to sustain relatively large market orders 

without impacting the price of the security. If the market is "deep", it means 

there is sufficient quantity of pending orders on both the bid and ask sides 

such that any single large order will not significantly move the price. 

 

 Lit trade value ($K) is the total dollar value of trading turnover for each 

security on the exchange order book. It does not include block trades.  

 

 Liquidity ratio ($K/percentage range) is a modified version of Amihud’s 

illiquidity measure as described in Amihud (2002). Instead of using absolute 

stock return, it uses true range, tr which take the maximum of (i) the daily 

range (daily high minus daily low), (ii) absolute difference between previous 

closing price and daily high and (iii) absolute difference between previous 

closing price and daily low.   

 

 
  

Bid-ask spread (bps)=
𝑎𝑠𝑘 − 𝑏𝑖𝑑

𝑚𝑖𝑑𝑝𝑜𝑖𝑛𝑡 𝑝𝑟𝑖𝑐𝑒
 ∗ 10000 

Liquidity ratio (S$K/1%) =
𝐿𝑖𝑡 𝑡𝑟𝑎𝑑𝑒 𝑣𝑎𝑙𝑢𝑒

𝑡𝑟%
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APPENDIX 2: AGENT-BASED SIMULATIONS OF CONCURRENT 

MARKETS  

 

INTRODUCTION 
 

Smith (1962) created the first known use of an agent-based approach to simulate 

trading markets by assigning participants individual valuation prices in double 

auction experiments. These individual valuations induce a demand and supply 

curve (Smith, 1973) which can then be used to calculate theoretical outcomes such 

as total surplus and equilibrium prices, allowing for comparison with the empirical 

simulated outcomes. Smith’s research has pioneered the field of experimental 

economics and won him the Nobel Prize in Economics in 2002.  

 

Following on from Smith’s work, numerous exploratory studies have applied the 

analysis of surplus and equilibrium price results to evaluate market microstructure 

outcomes, among which Gode and Sunder (1993) is notable for introducing the 

notion of Zero-Intelligence (ZI) traders, allowing simulation outcomes to be 

attributed directly to the market microstructure instead of assumptions about 

traders’ behaviours or trading strategies. The introduction of ZI traders launched a 

flurry of research studies, including further refinements by Cliff (1997) among 

others, which introduced modifications to ZI traders to generate more realistic 

agent behaviour.  

 

Additional market assumptions have been introduced by Wah et al. (2015, 2016), 

including modelling order submission rates by a Poisson distribution, modelling 

market makers as agents with order submission strategies and Poisson refresh 

rates, and so forth. In particular, the market maker assumptions prove to be 

essential in the well-functioning of a limit order book (LOB) lit market with ZI 

traders, as they ensure that the spreads observed are narrow in stocks of high 

market capitalisation.  
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The agent-based models developed in this study draw heavily from these previous 

research, with added assumptions, where necessary, based on empirical data e.g. 

probability of an agent crossing the bid-ask spread to initiate a trade.  

 

MODEL OVERVIEW 
 

Following Gode and Sunder’s (1993) ZI traders with no constraint (ZI-C) model, our 

base model is created with ZI-C traders participating in a single LOB setting, which 

reflects the current single lit market for most Singapore stocks. Each simulation 

runs across a trading month, consisting of 22 trading days (“periods”). At the 

beginning of each simulation, equal number of buyers and sellers are initialised. 

During the day, all trader-submitted orders and matched trades are recorded with 

all unexecuted orders removed at the end of each trading day. Aggregate surplus 

of all the agents is calculated at the end of each simulation. Traders can leave and 

enter the market given certain conditions, with a maximum number of traders for 

computational constraint. Figure 8 presents a summary of the simulation process. 

The same process is repeated for models involving multiple markets running 

concurrently.  

 

Figure 8: Simulation process 
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KEY MODELLING ASSUMPTIONS 
 

Market Microstructure 

 

For a LOB market, standard price-time priority is implemented with order types 

restricted to limit orders. For a dark market, we adopted the midpoint order book 

matching specification together with time priority, commonly used in dark trading 

venues such as ASX Centre Point. Order types are also restricted to limit orders, 

and resting orders are only executed if they are at a better price than the prevailing 

midpoint. 

 

Instead of modelling multiple dark or midpoint order book markets (MPOB) in 

parallel with a single LOB, a single MPOB is used instead, which can be thought of 

as an aggregation of all the dark matching venues. This is since the fragmentation 

effect of having multiple dark pools in parallel is not the focus of this study.  

 

Each simulation lasts for 1 month, consisting 22 trading days. Each trading day 

functions in discrete time steps, where the length of each time step, dt, is set as an 

input parameter relative to the length of a trading day. The number of time steps 

per day, 𝑁𝑡𝑖𝑚𝑒𝑠𝑡𝑒𝑝𝑠 , is based on 8 hours of daily trading where N𝑡𝑖𝑚𝑒𝑠𝑡𝑒𝑝𝑠 =
8 hours × 60 minutes × 60 seconds

dt
. , dt  is set to 30 minutes due to computational 

considerations. 

 

Presence of Market Makers 

 

Market makers are assumed to exist in mid and high market capitalisation stocks 

for every LOB lit market. As the purpose of this study is not to assess the impact of 

competition amongst market makers, only one market maker is assumed to be 

present in each LOB, following the market maker strategy in Wah et al. (2015), 

wherein a market maker submits a ladder of single-quantity buy and sell orders on 

either side of the prevailing midpoint. The market maker is assumed to enter at the 

start of a trading day as long as a midpoint exists (i.e. from the previous trading 

day), and would decide to refresh its orders throughout each day according to a 



MAS Staff Paper No. 56  November 2019 

   

 

Monetary Authority of Singapore   20 
 

 
 

Poisson distribution mean 𝜆MM. The quantum of the market maker’s inside spread 

is determined empirically from data by taking the average basis point spread across 

a filtered pooled data set of all stocks in each of the five different market segments. 

 

Arrival of Traders 

 

Trader arrival to the market is premised on two factors: 1) the number of trades 

executed on the previous day, and 2) the traded price volatility of the previous day. 

Based on You et al. (2004), it is modelled as such: 

 

Δ𝑁𝑘+1 = ⌈𝜃𝑁𝑘 + 𝜁𝜎𝑘 ⌉,   (𝜃, 𝜁 ≥ 0) 

where:  

 Δ𝑁𝑘+1 is the number of new traders entering in day 𝑘 + 1 

    𝑁𝑘   is the number of trades executed in day 𝑘 

    𝜎𝑘  is the volatility of traded prices in day 𝑘, given by 

   𝜎𝑘 =
max (traded prices𝑘)−min (traded prices𝑘)

opening price𝑘
 

   𝜃, 𝜁 are positive coefficients to be determined 

    ⌈∙⌉ is the ceiling function (rounding up to nearest integer) 

 

 

Exit of Traders 

 

Traders exit the market when they are unable to execute a trade for extended 

period of time or ξ trading days in our models. ξ can be considered as an 

“impatience factor”, with higher values indicating a higher willingness to wait for 

resting limit orders to be executed. This mechanism differs slightly from the one in 

Schmidt (1999) and You et al. (2004) 16 because it is trivial to compute the number 

of days without a trade in an agent-based model as compared to an analytical 

model. 

                                                

 
16 In both Schmidt (1999) and You et al. (2004), buyers would leave the market if there were too many 
buyers relative to sellers (implying that the possibility of trade for a particular buyer was small), and vice 
versa for sellers. 
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Number of Traders  

 

The baseline number of buyers and sellers at the start of each simulation is based 

on the empirical median number of traders observed in the relevant market 

capitalization segment of the stock. Similarly, as traders arrive into or exit the 

market, the maximum (or minimum) number of buyers and sellers possible are 

based on empirically observed data. The justification for imposing a maximum on 

the number of traders in the market is discussed in the section “Order Allocation” 

below. 

 

Order Allocation  

 

At the beginning of each simulation, each trader is given a fixed number of orders 

and order size of one17 across a range of prices, determined by the parameters 

n_inventory, dd_step, ss_step, together with the maximum and minimum 

reservation prices/carrying costs. For example, in the case of n_inventory = 5, 

dd_step = 10, and the range of reservation prices for a buyer being [$1, $10], each 

buyer will have 5 orders for each of the dollar prices from $1 to $10 inclusive. The 

microeconomic rationale for this is that each buyer exhibits a downward sloping 

demand curve, justified by a diminishing marginal willingness to invest more in a 

particular security. A similar logic applies to sellers, generating an upward sloping 

supply curve. 

 

By imposing a cap on the number of buyers and sellers in the market, it is feasible 

to calculate a theoretical maximum surplus, by aggregating demand/supply curves 

across the maximum number of traders possible. Such efficiency calculations can 

be compared across the various simulations. 

 

 

                                                

 
17 Each order belonging to any trader is only valid for a single quantity of the security, following the models 
in Gode Sunder (1993), Wah et al. (2015), Smith (1962) and so on. 
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Order Arrival Rate 

 

Similar to the order arrival approach in Wah et al. (2016), individual traders are 

assigned a Poisson distribution with mean order arrival rate per time step 𝜆dt 

determined empirically. Every timestep, each trader samples from the Poisson 

distribution to pick the number of orders to submit in that time step. The value of 

𝜆dt varies by market capitalisation, and is based on the empirical median number 

of orders submitted daily: 

𝜆dt =
median(𝑁𝑜𝑟𝑑𝑒𝑟𝑠)

𝑁𝑡𝑟𝑎𝑑𝑒𝑟𝑠 × 𝑁𝑡𝑖𝑚𝑒𝑠𝑡𝑒𝑝𝑠
 

 

Choice of Market Entry  

 

Each trader randomizes its order submission between two markets (e.g. LOB vs 

MPOB, or LOB vs LOB), determined by the parameter ρ, the probability of entering 

the second market. In the case of a LOB vs MPOB, we can vary ρ to study the effects 

of dark trading on market efficiency outcomes. As a stylised example, as ρ→1, 

fewer orders go into the lit market which may lead to widening bid-ask spreads and 

lower market surplus.  

 

Crossing the Bid-Ask Spread  

 

By default, traders would cross unrealistically large bid-ask spreads. To make this 

behaviour more realistic, traders are assigned a probability of crossing the bid-ask 

spread contingent on the current spread (in bps). If the trader decides to cross the 

bid-ask spread, the order is submitted as per normal; if not, the order would be 

submitted as an improvement over the existing best price (without crossing). In the 

event that the bid-ask spread is 1 tick wide which does not allow for price 

improvement, the trader will submit at the current best bid or ask. The probability 

of crossing the spread is derived empirically by fitting the cumulative distribution 

of trades against the prevailing bid-ask spread.  
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MARKET OUTCOME METRICS 
 

We considered four metrics of market desirability to quantify the outcome of the 

simulations, namely efficiency, equity18, liquidity, price convergence. For brevity, 

we only discuss market efficiency in detail below which is our choice metric in 

computing the simulation results.  

 

Efficiency is defined as the fraction of theoretical maximum surplus acquired 

throughout the simulation. This simulated surplus is obtained by aggregating the 

traders’ surpluses19 acquired during each trade. Figure 9 provides an example of 

calculating the efficiency measure.  

 

Figure 9: Efficiency calculation example 

 
 

Due to the order allocation assumptions discussed earlier, simulated efficiency 

outcomes are expected to be low as significant number of orders do not enter the 

                                                

 
18 Equity refers to the measurement of dispersion of surplus amongst market participants using the Theil 
index 
19 This measure excludes the profits accrued to market makers, as benefits to market makers are not the 
intended consequences of any market microstructure changes. 
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market (due to traders not entering the market in the first place). Efficiency levels 

could still be compared across the single lit LOB market and alternative market 

structures so long as the denominator i.e. the theoretical maximum surplus, 

remains the same. 

 

MODEL VALIDATION 
 

The validation process is concerned with selecting the combinations of input 

parameters which provide results statistically similar to empirical data. In our base 

model, there are five main parameters of interest, shown below: 

 

Figure 10: Input parameters 

 

Description Parameter Data source 

Order arrival rate 𝜆dt Empirical 

Market maker refresh rate 𝜆MM To be validated 

Trader arrival (trades) 𝜃 To be validated 

Trader arrival (volatility) 𝜁 To be validated 

Impatience factor 𝜉 To be validated 

 

 

For each market cap, 𝜆dt  is first calculated as described under “Key Modelling 

Assumptions”. Validation tests are carried out to select the combinations of 

{𝜆MM, 𝜃, 𝜁, 𝜉} which would be used for subsequent models.  

 

The validation test involves bootstrapping a dataset of the dispersion of daily 

traded volumes from empirical data, and a simulated dataset is obtained and 

computed from the simulations. Both datasets are compared using the Mann-

Whitney U test. As an additional filter, the volatility of traded prices in the 

simulations are checked against the Straits Times Index (STI) and we removed 

parameter combinations which produced extreme volatility values. 
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RESULTS 
 

In Figure 11, we tabulate the average efficiency results produced by the model with 

concurrent lit LOB and MPOB markets for each market capitalisation segment, 

across varying values of ρ which controls the proportion of orders entering the 

MPOB or dark trading. The numbers are calculated with ρ = 0 results as base (100) 

for ease of comparison. 

 

Figure 11: Average efficiency across ρ (ρ = 0 as base) 

 

 ρ 

 0% 5% 10% 15% 20% 25% 30% 

Small cap 100.0 63.7 161.5 782.3 2526.3 5092.4 7419.0 

Mid cap 100.0 113.8 116.0 122.4 123.9 132.4 141.7 

Large cap 100.0 105.8 102.7 98.8 94.2 89.7 85.4 

 

 

The small market capitalisation simulation results record a decrease in market 

efficiency or surplus at low levels of ρ (5%), suggesting liquidity fragmentation, but 

started to increase thereafter. Its increase is more drastic than the mid-

capitalisation simulation as its surplus starts from a much lower base (average raw 

surplus value is 105 versus mid capitalisation’s 424). In contrast, the large market 

capitalisation results indicate slight increase in efficiency at low levels of ρ before 

declining as ρ goes beyond 15%, which follows similar patterns of findings in 

Comerton-Forde and Putin’s (2015), Aquiline et al (2017) and others. 
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APPENDIX 3: REPORT OF MONTHLY PANEL MODELS’ RESULTS 
 
                                         Dependent variable:               
                           ----------------------------------------------- 
                                            log(bid-ask sprd)                   
                               (1)         (2)         (3)         (4)     
-------------------------------------------------------------------------- 
log(dark trades)            -0.0029                                       
                            (0.0023)                                       
                                                                           
log(dark trade value)                   -0.0021                           
                                        (0.0014)                           
                                                                           
log(participation rate)                             -0.0051       
                                                    (0.0041)               
                                                                           
log(dark trade ratio)                                           -0.0005   
                                                                (0.0037)   
                                                                           
log(mc)                    -0.5754***  -0.5752***  -0.5754***  -0.5767***  
                            (0.0224)    (0.0224)    (0.0224)    (0.0224)   
                                                                           
log(vol)                    0.0604***   0.0605***   0.0604***   0.0603***  
                            (0.0070)    (0.0070)    (0.0070)    (0.0070)   
                                                                           
log(mbs)                    0.2006***   0.2006***   0.2006***   0.2007***  
                            (0.0181)    (0.0181)    (0.0181)    (0.0181)   
                                                                           
-------------------------------------------------------------------------- 
Observations                  7,947       7,947       7,947       7,947    
R2                           0.1538      0.1538      0.1537      0.1536    
Adjusted R2                  0.0697      0.0698      0.0697      0.0695    
F Statistic (df = 4; 7228) 328.3138*** 328.5135*** 328.3015*** 327.8486*** 
========================================================================== 
Note:                                          *p<0.1; **p<0.05; ***p<0.01 

 
 
                                         Dependent variable:               
                           ----------------------------------------------- 
                                             log(depth)                    
                               (1)         (2)         (3)         (4)     
-------------------------------------------------------------------------- 
log(dark trades)            0.0112***                                      
                            (0.0034)                                       
                                                                           
log(dark trade value)                    0.0073***                          
                                        (0.0020)                           
                                                                           
log(participation rate)                              0.0187***              
                                                    (0.0060)               
                                                                           
log(dark trade ratio)                                            0.0046    
                                                                (0.0054)   
                                                                           
log(mc)                     0.8984***   0.8981***   0.8987***   0.9031***  
                            (0.0326)    (0.0326)    (0.0326)    (0.0326)   
                                                                           
log(vol)                    -0.0598***  -0.0599***  -0.0598***  -0.0593***  
                            (0.0102)    (0.0102)    (0.0102)    (0.0102)   
                                                                           
log(mbs)                    0.2565***   0.2565***   0.2563***   0.2562***  
                            (0.0264)    (0.0264)    (0.0264)    (0.0264)   
                                                                           
-------------------------------------------------------------------------- 
Observations                  7,947       7,947       7,947       7,947    
R2                           0.1024      0.1027      0.1023      0.1012    
Adjusted R2                  0.0131      0.0135      0.0130      0.0117    
F Statistic (df = 4; 7227) 206.2103*** 206.8803*** 205.8430*** 203.3280*** 
========================================================================== 
Note:                                          *p<0.1; **p<0.05; ***p<0.01 
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                                         Dependent variable:               
                           ----------------------------------------------- 
                                        log(lit trade value)                    
                               (1)         (2)         (3)         (4)     
-------------------------------------------------------------------------- 
log(dark trades)             0.1024***                                      
                            (0.0063)                                       
                                                                           
log(dark trade value)                    0.0654***                          
                                        (0.0037)                           
                                                                           
log(participation rate)                              0.1781***              
                                                    (0.0111)               
                                                                           
log(dark trade ratio)                                            0.1724***  
                                                                (0.0099)   
                                                                           
log(mc)                     1.6551***   1.6530***   1.6558***   1.6893***  
                            (0.0599)    (0.0598)    (0.0600)    (0.0597)   
                                                                           
log(vol)                     0.4397***   0.4387***   0.4399***   0.4429***  
                            (0.0189)    (0.0189)    (0.0189)    (0.0189)   
                                                                           
log(mbs)                   -0.2111***  -0.2115***  -0.2126***  -0.2118***  
                            (0.0490)    (0.0488)    (0.0490)    (0.0488)   
                                                                           
-------------------------------------------------------------------------- 
Observations                  7,965       7,965       7,965       7,965    
R2                           0.2018      0.2065      0.2008      0.2054    
Adjusted R2                  0.1226      0.1278      0.1215      0.1265    
F Statistic (df = 4; 7245) 457.8877*** 471.4845*** 455.0818*** 468.1175*** 
========================================================================== 
Note:                                          *p<0.1; **p<0.05; ***p<0.01 

 

 
                                         Dependent variable:               
                           ----------------------------------------------- 
                                        log(liquidity ratio)                    
                               (1)         (2)         (3)         (4)     
-------------------------------------------------------------------------- 
log(dark trades)             0.0787***                                      
                            (0.0070)                                       
                                                                           
log(dark trade value)                    0.0507***                          
                                        (0.0041)                           
                                                                           
log(participation rate)                              0.1378***              
                                                    (0.0124)               
                                                                           
log(dark trade ratio)                                            0.1304***  
                                                                (0.0111)   
                                                                           
log(mc)                     1.7485***   1.7465***   1.7487***   1.7749***  
                            (0.0671)    (0.0669)    (0.0671)    (0.0669)   
                                                                           
log(vol)                     0.0757***   0.0750***   0.0758***   0.0782***  
                            (0.0211)    (0.0211)    (0.0211)    (0.0211)   
                                                                           
log(mbs)                   -0.4186***  -0.4188***  -0.4196***  -0.4190***  
                            (0.0546)    (0.0545)    (0.0546)    (0.0545)   
                                                                           
-------------------------------------------------------------------------- 
Observations                  7,965       7,965       7,965       7,965    
R2                           0.1447      0.1475      0.1444      0.1460    
Adjusted R2                  0.0599      0.0630      0.0596      0.0614    
F Statistic (df = 4; 7246) 306.4724*** 313.3046*** 305.7222*** 309.6496*** 
========================================================================== 
Note:                                          *p<0.1; **p<0.05; ***p<0.01 
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APPENDIX 4: SUMMARY TABLE OF DARK COEFFICIENTS ACROSS 

MARKET CAPITALISATION SEGMENTS 

 

  Market capitalization S$ MN 

𝑫𝑨𝑹𝑲 
variable 

Lit liquidity 

metric 

0-40 

Micro 

40-100 

Small 

100-500 

Medium 

500-2000 

Med large 

>2000 

Large 

D
ar

k 
tr

ad
e 

va
lu

e 

Spread -0.13% -0.10% 0.0048%^ 0.01%^ -0.04% 

Depth 0.25% 0.06%^ 0.13% 0.03%^ 0.08% 

Lit trade value 1.49% 0.92% 0.51% 0.38% 0.57% 

Liquidity ratio 1.20% 0.65% 0.40% 0.30% 0.50% 

N
o

. o
f 

d
ar

k 

tr
ad

es
 

Spread -0.18% -0.16% 0.01%^ 0.03%^ -0.08% 

Depth 0.36% 0.08%^ 0.20% 0.06%^ 0.16% 

Lit trade value 2.25% 1.39% 0.78% 0.60% 0.88% 

Liquidity ratio 1.80% 0.99% 0.62% 0.46% 0.77% 

D
ar

k 

p
ar

ti
ci

p
at

io
n

 

ra
te

 

Spread -0.32% -0.29% 0.02%^ 0.04%^ -0.11%^ 

Depth 0.64% 0.15%^ 0.36% 0.09%^ 0.26% 

Lit trade value 4.16% 2.47% 1.37% 1.01% 1.43% 

Liquidity ratio 3.34% 1.76% 1.09% 0.77% 1.25% 

D
ar

k 
tr

ad
e 

ra
ti

o
 

Spread -0.21%^ -0.15%^ 0.13% 0.09% -0.10%^ 

Depth 0.44% -0.04%^ 0.10%^ -0.19% 0.00%^ 

Lit trade value 3.31% 2.11% 1.20% 0.99% 1.21% 

Liquidity ratio 2.54% 1.45% 0.87% 0.74% 1.14% 

 

Note: The 𝐷𝐴𝑅𝐾 coefficients are quoted for 10% change in the 𝐷𝐴𝑅𝐾 variable value e.g. every 

10% increase in the dark trade value of a micro market capitalization stock, the depth increases 

by 0.25%. 

 

^ - Denotes not statistically significant. Significance level is at 5%. 

 

 


