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Executive Summary 
This study investigates the relationship between dark pool activity and price variation in 
financial markets, using an adaptation of Mao Ye’s model for price discovery to explore 
the interaction between opaque and transparent trading venues. Dark pools offer 
anonymity and discretion for large institutional traders, potentially impacting price 
discovery and market stability in lit exchanges. Our analysis seeks to determine whether 
increased dark pool market share correlates with heightened transitory price volatility in 
lit markets. The dataset, spanning November 2019 to June 2024, incorporates weekly 
trading volume data across lit and dark pool venues, alongside normalized price 
variations for multiple assets. Through linear regression models, we explore the role of 
the k parameter as a proxy for dark pool activity. However, diagnostic analyses reveal 
challenges in meeting the assumptions of ordinary least squares (OLS) regression, 
including heteroskedasticity and residual autocorrelation, which highlight the 
complexity of the relationships under study. 
 
The results show a statistically significant but weak correlation between dark pool 
activity and price variation, with adjusted 𝑅2 values consistently low across all models. 
While iterations involving log transformations and additional explanatory variables, such 
as index variance and normalized total volume, improve explanatory power, they still fail 
to fully account for the multifaceted drivers of price variation. These findings call for 
further research into non-linear relationships, asset-specific effects through fixed-
effects models, and trading simulations to isolate the effects of dark pool activity.  
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1. Introduction 
The increasing prevalence of dark pools 
and other alternative trading systems 
(ATS) in financial markets has sparked 
significant debate among academics, 
regulators, and market participants. 
Advocates argue that dark pools serve a 
crucial role by allowing institutional 
investors, such as pension funds, to 
execute large trades discreetly, reducing 
market impact and transaction costs. 
Parkes, Thorpe, and Li (2015) highlight 
that dark pools are specifically designed 
to minimize price impacts and ensure 
anonymity, making them an efficient 
tool for institutional trading strategies. 
However, regulatory concerns highlight 
the potential downsides of dark pools, 
including increased volatility and market 
instability due to the reduction in order 
book transparency. This issue has drawn 
attention, particularly in Europe, where 
regulative directives such as MiFID II and 
MiFIR have been implemented to 
address concerns around dark pools. 
These regulations aimed to reduce 
information asymmetry, improve 
transparency, and foster fair 
competition between traditional 
exchanges and alternative trading 
systems (Ntourou & Mallios, 2024). 
However, despite these efforts, the 
academic community remains divided 
on the overall impact of dark pools, with 
no clear consensus on whether their 
benefits outweigh their risks. 
 
Since their rise in popularity, dark pools 
have rapidly expanded, steadily 
capturing an increasing share of trading 
activity from traditional lit markets. Their 
adoption has surged from a modest 4% 
of market activity in 2005, as reported by 
the U.S. Securities and Exchange 
Commission (2014), to over 43% 
according to Rosenblatt Securities' 2023 
estimates (2024). This widespread 

growth underscores their appeal to 
market participants and highlights the 
need to understand how this trend 
affects market efficiency, price 
discovery, and volatility dynamics. 
 
In this paper, we build upon the 
theoretical framework introduced by Ye 
(2011) to investigate the relationship 
between dark pool market share and 
intraweek price volatility. Specifically, 
we explore how the integration of dark 
pools into the market mix impacts 
transitory volatility in lit markets and will 
discuss whether alternative market 
structures can mitigate this effect while 
accommodating large institutional 
trades. To support our analysis, we 
utilize a comprehensive dataset 
covering trading activity from both lit 
and dark venues for Nasdaq-100 stocks, 
with weekly aggregated volumes 
sourced from the SEC and FINRA, 
alongside daily stock prices from Yahoo 
Finance. Our findings aim to contribute 
to the ongoing discourse on balancing 
market stability with efficiency in 
modern financial systems. 
 

2. Implication of Dark Pools 
The model described by Albert Sidney 
Kyle (1985) has long been a cornerstone 
for understanding price discovery in 
financial markets. In this framework, 
informed traders, noise traders, and a 
market maker interact in a single lit 
market, where the market price 
gradually incorporates private 
information held by informed traders. 
With each trade, half of the private 
information held by the informed trader 
is revealed. This process reflects the 
gradual nature of price discovery, where 
the market price converges toward the 
true fundamental value as trades 
progress. However, the full revelation of 
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private information theoretically 
requires an infinite number of trades, as 
each trade only reveals half of the 
remaining information. The emergence 
of crossing networks, often referred to 
as dark pools, challenges this paradigm 
by introducing alternative venues where 
trading occurs without public visibility. 
 
Mao Ye (2011) argues that crossing 
networks, such as dark pools, 
fundamentally undermine price 
discovery. By diverting informed and 
liquidity trading activity from lit 
exchanges, crossing networks reduce 
the information content of observed 
order flow, resulting in less informative 
prices. Ye’s stance is particularly critical 
of the adverse effects of dark pools on 
market efficiency, emphasizing that the 
reduction in price discovery is especially 
pronounced for stocks with higher 
fundamental value uncertainty. More 
recent research by Buti, Rindi, and 
Werner (2022) expands the 
understanding of dark pools, showing 
that their effects on market quality have 
evolved over time. In 2020, higher dark 
pool market share for large-cap stocks 
led to wider spreads and increased 
short-term volatility, suggesting that 
dark trading can exacerbate market 
instability under certain conditions. 
These findings highlight that, beyond 
undermining price discovery, dark pools 
now also negatively affect key metrics 
like market liquidity and volatility, 
particularly in periods of market stress. 
 
This highlights a key trade-off between 
private benefits and public costs. Dark 
pools provide significant private benefits 
to large institutional traders by allowing 
them to execute large orders discreetly, 
reducing market impact and transaction 
costs. However, these benefits often 
come at the expense of public market 

efficiency. The diminished transparency 
in dark pools can impair price formation 
and reduce the informational efficiency 
of lit markets, which affects all market 
participants. 
 
On the contrary, Haoxiang Zhu (2013) 
offers an alternative perspective, 
suggesting that dark pools can enhance 
price discovery under certain 
conditions. Zhu’s model predicts that 
informed traders are more likely to trade 
on lit exchanges to avoid execution risk 
in dark pools, while liquidity traders 
gravitate toward dark pools for cost-
saving purposes. This separation 
reduces noise in the lit market, enabling 
the market maker to set prices more 
effectively. In addition, recent research 
at the University of Utah and 
Pennsylvania State University by 
Brogaard and Pan (2022) supports the 
notion that dark pools can enhance 
price discovery under certain 
conditions. Their findings indicate that 
increased dark pool activity facilitates 
greater information acquisition by 
market participants, measured through 
stock price dynamics around earnings 
announcements. However, while these 
results highlight the potential benefits of 
dark pools in enhancing informational 
efficiency, they remain contingent on 
specific market structures and do not 
fully resolve broader concerns about 
transparency and market fairness. 
 
We believe, however, that Zhu’s 
interpretation of the time horizon 
underestimates the role of information 
acquisition in real-world trading. 
Brogaard and Pan demonstrate that 
informed traders benefit from the ability 
to act on private information in a more 
gradual manner through dark pools, 
which delays immediate market-wide 
price impacts. This challenges the 
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assumption that informed traders 
require instant execution and highlights 
the importance of dark pools in fostering 
incremental information incorporation. 
Therefore, we choose to build upon Ye’s 
market model, which better aligns with 
these findings. 
 

3. Method 

3.1 The Market Model 
We use Ye’s market model to analyze 
how the redistribution of trading activity 
between a lit exchange and a crossing 
network affects price informativeness. 
Price discovery, measured through the 
informativeness of the price 𝑒, 
quantifies how much private information 
about an asset’s fundamental value 𝑣̃ is 
incorporated into its market price 𝑝 (Ye, 
2011, p. 26-28). The measure is defined 
as: 
 

𝑒 = 1 −
𝑉𝑎𝑟(𝑣̃|𝑝)

𝑉𝑎𝑟(𝑣̃)
 

 
This captures the reduction in 
uncertainty about 𝑣̃ due to observing 𝑝. 
Using Bayes’ rule, the posterior variance 
of 𝑣̃, given the observed price, is 
expressed as: 
 

𝑉𝑎𝑟(𝑣̃|𝑝) =
𝜎𝑣

2

1 + 𝛽∗2 (
𝜎𝑣

2

𝜎𝑒
2)

 

 
where 𝜎𝑣

2 is the variance of the asset’s 
fundamental value, 𝜎𝑒

2 is the noise 
variance in the lit market, and 𝛽∗ 
represents the informed trader’s 
sensitivity to private information. In the 
Kyle model, 𝛽∗ determines the extent to 
which private information is 
incorporated into trading volumes, 
directly influencing price 
informativeness. 

 
Mao Ye’s model modifies this framework 
by introducing a crossing network, 
which siphons a portion of informed and 
liquidity trading activity away from the lit 
market. This redistribution decreases 𝛽∗ 
thereby increasing the posterior 
variance of 𝑣̃ and reducing 𝑒. The 
resulting expression for price 
informativeness in the presence of a 
crossing network is: 
 

𝑒 = 1 −
1

1+𝛽∗2 (
𝜎𝑣

2

𝜎𝑒
2)

 

 
To account for the scale of liquidity 
trading in the crossing network, Ye 
introduces the parameter 𝐾 =

𝑘

𝑐
, where 

𝑘 represents the scale of liquidity trading 
and 𝑐 captures trading costs. A larger 𝐾 
reflects an increase in the attractiveness 
of the crossing network relative to the 
exchange. Substituting 𝐾 into the model 
yields: 
 

𝑒 = 1 −
1

1 + 𝑅(1 − 2𝜆𝐾)
 

 

where 𝑅 =
𝜎𝑣

2

𝜎𝑒
2 measures the ratio of 

fundamental value uncertainty to noise 
variance, and 𝜆 is the price impact 
coefficient. Higher values of 𝜆 indicate a 
market more sensitive to order flow, 
which increases the cost of large trades 
for informed traders. 
 
Ye’s findings emphasize that as 
𝐾 increases, price informativeness 𝑒 
declines due to the reduction in 
observable informed trading activity on 
the lit exchange. This decline in price 
discovery is exacerbated by higher 
fundamental value uncertainty 𝜎𝑣

2, 
which amplifies the importance of 
private information. The theoretical 
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implications are as follows: by diverting 
order flow, crossing networks hinder the 
lit market’s ability to aggregate and 
reflect private information, thus 
impairing its role in price discovery. 
 
Ye’s critique of crossing networks 
centers on their broader implications for 
market efficiency. While these venues 
offer certain advantages, such as 
minimizing market impact for large 
orders, their impact on price formation 
raises concerns. The model predicts 
that the lit market becomes increasingly 
less informative as crossing networks 
gain market share, challenging the 
traditional mechanisms of price 
discovery described in Kyle’s framework. 
This analysis lays the groundwork for 
assessing whether these theoretical 
predictions align with real-world market 
dynamics. 

 

3.2 Price Informativeness 
We adopt the same postulation as Ye 
(2011), which suggests that the 
introduction of crossing networks (dark 
pools) reduces price discovery in lit 
markets by diverting informed and 
liquidity trading activity, thereby 
lowering the informativeness of prices. 
To facilitate this analysis, we will use the 
model to account for real-world market 
conditions and the structure of our 
dataset. This approach will allow us to 
assess the validity of our postulation 
under practical scenarios and evaluate 
its implications for price discovery. 
 
According to Ye, the variance of the 
fundamental value 𝑉𝑎𝑟(𝑣̃) can be 
decomposed into two components: the 
variance explained by the price 𝑉𝑎𝑟(𝑣̃) 
and the variance unexplained by the 
price 𝑉𝑎𝑟(𝑣̃|𝑝). This decomposition is 
expressed as: 

 
Var(𝑣̃) = Var(p̃) + Var( 𝑣̃ ∣∣ p̃ ), 

 
where a more informative price reduces 
Var( 𝑣̃ ∣∣ 𝑝 ) and increases Var(𝑝), 
reflecting efficient price discovery. 
However, the introduction of dark pools 
reduces the amount of informed trading 
on the exchange, lowering the 
informativeness of the price. This effect 
translates into a smaller Var(𝑝̃), leaving 
a larger share of the variance in 𝑣̃ 
unexplained.  
 
Ye (2011) derived the following 
expression for the variance of the price 
in the presence of a crossing network: 

 

Var(𝑝̂) = λ2 (2 − 2λ
𝑘

𝑐
) σ𝑒

2, 

 
We want to test whether the price 
informativeness has the same 
relationship in the real-world data as 
described in the market model. To do 
this we take a start with the variance in 
observed price.  
 
We need to make a few assumptions. 
Firstly 𝜆 representing the price impact 
reflects how much the market maker 
reacts to the order flow, and this can 
change over time and across different 
assets. We chose however for the 
simplicity of the model to assume that 
this is constant for all assets and across 
time. We represent 𝜆 as some arbitrary 
constant 𝑎1. We rewrite the variance in 
observed price as. 
 

Var(𝑝̂) = a1
2 (2 − 2a1

𝑘

𝑐
) σ𝑒

2 

 
We further look at 𝜎𝑒

2 that represents the 
variation in liquidity demand. This, as 
everything else in the real-world, is 
dependent on a plethora of variables, 
we however choose to assume that this 
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is largely the same, and we choose to 
substitute it for an arbitrary constant 𝑎2. 
We can then formulate the price 
variation as. 
 

Var(𝑝̂) = a1
2 (2 − 2a1

𝑘

𝑐
) 𝑎2 

Var(𝑝̂) = (2a1
2 − 2a1

3
𝑘

𝑐
) 𝑎2 

Var(𝑝̂) = 2a1
2𝑎2 − 2a1

3𝑎2

𝑘

𝑐
 

 
𝑐 reflects the trading cost in the crossing 
network, we assume that this is 
constant in an equilibrium, such that we 
substitute it for an arbitrary constant 𝑐 =
𝑎3

−1. Such that we have. 
 

Var(𝑝̂) = 2a1
2𝑎2 − 2a1

3𝑎2a3𝑘 
 
We can now take a look at 𝑘, the scale of 
liquidity trading in the dark pool. We 
assume that this scale is given by the 
relative sizes of the executed volumes in 
the lit and dark markets.  
 

𝑘 =
𝜇𝐸𝑥𝑒𝑐𝑢𝑡𝑒𝑑

𝐷𝑎𝑟𝑘

𝜇𝐸𝑥𝑒𝑐𝑢𝑡𝑒𝑑
𝐿𝑖𝑡

 

 
We, much like the market maker, can 
only observe an aggregated demand, 
because we do not know who is 
informed and who is not, in our case we 
can only observe the weekly aggregated 
executed volume in the dark pools. We 
choose to assume that the relationship 
between total volume in the dark pool is. 
 

𝐷𝐸𝑥𝑒𝑐𝑢𝑡𝑒𝑑
𝐷𝑎𝑟𝑘 = 𝑥𝐸𝑥𝑒𝑐𝑢𝑡𝑒𝑑

𝐷𝑎𝑟𝑘 + 𝜇𝐸𝑥𝑒𝑐𝑢𝑡𝑒𝑑
𝐷𝑎𝑟𝑘  

 
And can be described as a linear 
relationship with some arbitrary scalar 
𝑎4

−1 ≤ 1 and can therefore be described 
as. 
 

𝐷𝐸𝑥𝑒𝑐𝑢𝑡𝑒𝑑
𝐷𝑎𝑟𝑘 = 𝑎4

−1𝜇𝐸𝑥𝑒𝑐𝑢𝑡𝑒𝑑
𝐷𝑎𝑟𝑘  

 

We are interested in the scale of 
uninformed liquidity trading, so we 
invert this equation. 
 

𝜇𝐸𝑥𝑒𝑐𝑢𝑡𝑒𝑑
𝐷𝑎𝑟𝑘 = 𝑎4𝐷𝐸𝑥𝑒𝑐𝑢𝑡𝑒𝑑

𝐷𝑎𝑟𝑘  
 
For the lit market we also only observe 
aggregated demand. 
 

𝐷𝐸𝑥𝑒𝑐𝑢𝑡𝑒𝑑
𝐿𝑖𝑡 = 𝑥𝐸𝑥𝑒𝑐𝑢𝑡𝑒𝑑

𝐿𝑖𝑡 + 𝜇𝐸𝑥𝑒𝑐𝑢𝑡𝑒𝑑
𝐿𝑖𝑡  

 
We make the same assumption for the 
lit market as we did for the dark pool, 
and we introduce a constant 𝑎5

−1 ≤ 1. 
 

𝐷𝐸𝑥𝑒𝑐𝑢𝑡𝑒𝑑
𝐿𝑖𝑡 = 𝑎5

−1𝜇𝐸𝑥𝑒𝑐𝑢𝑡𝑒𝑑
𝐿𝑖𝑡  

 
𝜇𝐸𝑥𝑒𝑐𝑢𝑡𝑒𝑑

𝐿𝑖𝑡 = 𝑎5𝐷𝐸𝑥𝑒𝑐𝑢𝑡𝑒𝑑
𝐿𝑖𝑡  

 
Recall. 
 

𝑘 =
𝜇𝐸𝑥𝑒𝑐𝑢𝑡𝑒𝑑

𝐷𝑎𝑟𝑘

𝜇𝐸𝑥𝑒𝑐𝑢𝑡𝑒𝑑
𝐿𝑖𝑡

 

 
We substitute for lit and dark demand. 
 

𝑘 =
𝑎4𝐷𝐸𝑥𝑒𝑐𝑢𝑡𝑒𝑑

𝐷𝑎𝑟𝑘

𝑎5𝐷𝐸𝑥𝑒𝑐𝑢𝑡𝑒𝑑
𝐿𝑖𝑡

 

 

𝑘 =
𝑎4

𝑎5

𝐷𝐸𝑥𝑒𝑐𝑢𝑡𝑒𝑑
𝐷𝑎𝑟𝑘

𝐷𝐸𝑥𝑒𝑐𝑢𝑡𝑒𝑑
𝐿𝑖𝑡

 

 
Such that we now have. 
 

Var(𝑝̂) = 2a1
2𝑎2 − 2a1

3𝑎2a3

𝑎4

𝑎5

𝐷𝐸𝑥𝑒𝑐𝑢𝑡𝑒𝑑
𝐷𝑎𝑟𝑘

𝐷𝐸𝑥𝑒𝑐𝑢𝑡𝑒𝑑
𝐿𝑖𝑡

 

 
We now introduce the following 
constants 𝛽0 = 2𝑎1

2𝑎2 and 
 𝛽1 = −2a1

3𝑎2a3
𝑎4

𝑎5
 such that we have. 

 

𝑉𝑎𝑟(𝑝̂) = 𝛽0 + 𝛽1

𝐷𝐸𝑥𝑒𝑐𝑢𝑡𝑒𝑑
𝐷𝑎𝑟𝑘

𝐷𝐸𝑥𝑒𝑐𝑢𝑡𝑒𝑑
𝐿𝑖𝑡
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3.3 Variable Transformation 
We want to fit our regression model 
across different stocks. That leads to the 
problem of different stock prices. With 
no transformation in the price of a stock 
a 10% change will be drastically 
different between a stock that trades at 
100 dollars vs. a stock that trades at 1 
dollar. We choose therefore to transform 
𝑆𝑡𝑑(𝑝̂) to 𝑆𝑡𝑑(𝑝)

𝑝
 for the intraweek time-

period with daily observations per stock 
in our dataset. We choose specifically 
not to operate with the variance of the 
returns as we want to examine the 
uncertainty of the price and not the 
uncertainty of the change in the price. 
These measures are inherently different 
although they have similar 
characteristics (Zhu H. , 2018). This 
transformation captures the variance in 
the observed prices while making it 
relative to the absolute value of the 
share such that we can compare these 
across different assets.  
 
We now have our first regression model. 
 

Model 1: 
 

𝑆𝑡𝑑(𝑝̂)

𝑝0
 = 𝛽0 + 𝛽1

𝐷𝐸𝑥𝑒𝑐𝑢𝑡𝑒𝑑
𝐷𝑎𝑟𝑘

𝐷𝐸𝑥𝑒𝑐𝑢𝑡𝑒𝑑
𝐿𝑖𝑡

 

 
Regression model 1 is at heart what the 
mathematical model predicts should 
dictate the variance in the price. We 
know however that there also exists 
systematic volatility, e.g. geopolitical 
risks. We could try to control for this by 
incorporating the index volatility into the 
regression model (Chen, 2024). We do 
this by taking the mean of the 
normalized price variation of all assets. 
This does mean that the dependent 
variable exists in the explanatory 
variables, although quite abstracted.   
 

Model 2: 
 
𝑆𝑡𝑑(𝑝̂)

𝑝0

 = 𝛽0 + 𝛽1

𝐷𝐸𝑥𝑒𝑐𝑢𝑡𝑒𝑑
𝐷𝑎𝑟𝑘

𝐷𝐸𝑥𝑒𝑐𝑢𝑡𝑒𝑑
𝐿𝑖𝑡

+ 𝛽2{𝑟𝑒𝑙𝐼𝑛𝑑𝑒𝑥𝑉𝑎𝑟} 

 
 
We would also like to test a third model. 
Based on findings by Næs and Skjeltorp 
(2004), which highlight the relationship 
between trading volume, participation 
rates, and volatility, we hypothesize that 
market events that increase 
participation rates may lead to higher 
volatility and executed volume. To 
further try to control for these market 
events which spice volatility we include 
the normalized order flow for the asset. 
I.e. we take the observed demand for the 
week 𝐷̂ subtract the average order flow 
for that asset 𝐷̅ and divide by the 
standard deviation of the order flow, 
𝑆𝑡𝑑(𝐷).  
 

Model 3: 
 

𝐷 = 𝐷𝐷𝑎𝑟𝑘 + 𝐷𝐿𝑖𝑡 
 
𝑆𝑡𝑑(𝑝̂)

𝑝0

 = 𝛽0 + 𝛽1

𝐷𝐸𝑥𝑒𝑐𝑢𝑡𝑒𝑑
𝐷𝑎𝑟𝑘

𝐷𝐸𝑥𝑒𝑐𝑢𝑡𝑒𝑑
𝐿𝑖𝑡

+ 𝛽2{𝑟𝑒𝑙𝐼𝑛𝑑𝑒𝑥𝑉𝑎𝑟} + 𝛽3

𝐷̂ − 𝐷

𝑆𝑡𝑑(𝐷)
 

 

4. Data 

4.1 Data Sampling 
The dataset used for this paper captures 
trading activity across lit markets and 
dark pools, alongside stock prices, over 
the time horizon from November 25, 
2019, to the last week of June 2024. The 
data includes daily and weekly metrics, 
aggregated and transformed as 
necessary to facilitate analysis. 
 
Lit market volume, representing the 
visible order book in lit exchanges, was 
obtained from the SEC. This dataset 
includes all publicly traded stocks listed 
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by the SEC for public access, providing 
comprehensive information about 
trading activity in U.S. equity markets. 
Hidden volume, representing non-
displayed trading activity, was also 
sourced from the SEC within the same 
data package and shares the same daily 
frequency. Dark pool trading volume, 
reported weekly, was retrieved from the 
FINRA API, which aggregates trading 
activity across all crossing networks 
required to report under regulatory 
obligations (Financial Industry 
Regulatory Authority, 2024). Stock price 
data was acquired from Yahoo Finance 
on a daily basis, offering additional 
market performance metrics for the 
securities analyzed. 
 
The primary focus of this analysis is the 
Nasdaq-100 Index, which comprises 100 
of the largest non-financial companies 
listed on the Nasdaq Stock Market. To 
construct the dataset, the SEC's 
publicly available data was used to 
extract lit and hidden volume 
information specifically for the stocks 
within the Nasdaq-100. However, a 
subset of stocks was excluded due to 
inconsistencies in reporting standards 
or unexplained irregularities observed in 
the data. The excluded stocks include 
Alphabet (both Class A and Class C), 
NVIDIA Corporation, Amazon.com, 
Linde PLC, MercadoLibre, Fortinet, 
Pinduoduo, ASML Holding, NXP 
Semiconductors, AstraZeneca, Coca-
Cola, GlobalFoundries, and ARM 
Holdings. These exclusions were made 
to ensure the reliability and 
representativeness of the final dataset. 
 
To ensure comparability between 
datasets, the daily lit market and hidden 
volume data were aggregated into 
weekly totals by summing daily volumes 
for each stock. This transformation was 

necessary to align with the weekly 
granularity of the dark pool data 
provided by FINRA. 
 
The resulting dataset consists of weekly 
trading data for the remaining stocks 
within the Nasdaq-100 Index, covering lit 
markets, hidden volumes, and dark 
pools. This comprehensive dataset 
provides a robust foundation for 
analyzing the interplay between trading 
activity in different market venues and 
its implications for price discovery and 
market quality. 
 

4.2 Accounting for Dividends 
When calculating volatility, we account 
for dividend payouts by adding the 
dividend amount to the closing price on 
the dividend payment date. This 
adjustment ensures the share price 
reflects the total value, including the 
dividend (RealVol, 2024). While this 
temporarily includes some uninvested 
capital in the share price, we consider 
this negligible as the effect lasts no 
more than five days. 
 

4.3 Descriptive Statistics 
Before proceeding with our linear 
regression models, it is important to first 
gain a better understanding of the data. 
 

4.3.1 Calculating Variables 
 
Normalized Total Volume: 
 
{𝑇𝑜𝑡𝑎𝑙𝑉𝑜𝑙𝑢𝑚𝑒𝐹𝑜𝑟𝑊𝑒𝑒𝑘 𝑇𝑖𝑐𝑘𝑒𝑟} − {𝐴𝑣𝑒𝑟𝑎𝑔𝑒𝑉𝑜𝑙𝑢𝑚𝑒𝐹𝑜𝑟𝑊𝑒𝑒𝑘 𝑇𝑖𝑐𝑘𝑒𝑟}

𝑆𝑡𝑑(𝑉𝑜𝑙𝑢𝑚𝑒𝐹𝑜𝑟𝑊𝑒𝑒𝑘 𝑇𝑖𝑐𝑘𝑒𝑟)
 

 
Log-Transformed 𝑘 Parameter: 
 

log (
𝐷𝐸𝑥𝑒𝑐𝑢𝑡𝑒𝑑

𝐷𝑎𝑟𝑘

𝐷𝐸𝑥𝑒𝑐𝑢𝑡𝑒𝑑
𝐿𝑖𝑡

) 
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Log-Transformed Index Variation: 
 

log(𝑆𝑡𝑑( 𝑝1
 , 𝑝2

 , … , 𝑝𝑁
 )) 

 
Log-Transformed Relative Price Variation: 
 

log(𝑟𝑒𝑙𝑃𝑟𝑖𝑐𝑒𝑉𝑎𝑟) 
 

4.3.2 Addressing Correlation  
We need to be aware of any correlation 
between our variables as it could impact 
the regression analysis.  
 

The Correlation Matrix 

 
Figure 1: Correlation matrix of variables depicting 
relationships across metrics 

The correlation matrix provides a 
summary of the relationships between 
variables in the dataset. Overall, the 
correlations are relatively low, 
suggesting that multicollinearity is not 
an immediate concern. This supports 
the feasibility of using linear regression 
for analysis, as high multicollinearity, 
which can distort coefficient estimates 
and reduce the interpretability of 
models, does not appear to be present. 
However, some aspects of the 
correlation matrix require further 
consideration. 
 
One noteworthy observation is the high 
correlation between relPriceVar and 
log_relPriceVar, which shows a strong 
relationship of 0.77. This is expected, as 
these variables are transformed aspects 
of the same concept. Another 

observation is the negative correlation of 
-0.32 between log_k_param and 
log_IndexVar. Although this is not a 
particularly strong correlation, it may 
indicate a potential inverse relationship. 
The moderate correlation of 0.41 
between the log variance of the index 
(log_IndexVar) and the log relative price 
variance (log_relPriceVar) suggests a 
meaningful connection between 
systemic market volatility and the 
relative price variance of individual 
assets. Notably, log_relPriceVar 
represents the standard deviation of one 
stock, while log_IndexVar represents the 
standard deviation of the constructed 
index, which contains the same stock.  
 
It is important to note that correlation 
does not imply causation. The 
relationships depicted in the matrix are 
purely statistical and do not reflect 
causal mechanisms. While the 
correlations in the matrix are generally 
low, the presence of moderate 
relationships between a few variables 
suggests the potential for underlying 
interactions or shared effects that could 
influence the model’s performance.  
 

4.3.3 Evaluating Log-Transformations 
This section explores the relationships 
between the response variable 
(relPriceVar) and the explanatory 
variables through visual and statistical 
analysis to evaluate the suitability of log 
transformations. Scatterplots are used 
to examine the initial relationships and 
assess whether log transformations 
improve linearity and stabilize variance.  
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Relationships Before Transforming 

 
Figure 2: Scatter plots depicting relationships 
between relPriceVar and explanatory variables before 
transformation, illustrating non-linear patterns. 

Initially, the raw scatter plots reveal 
clear non-linear patterns, particularly for 
variables such as LitVol, HiddenVol, 
DarkVol, and TotalVol, where there is a 
diminishing effect on relPriceVar as 
these volumes increase. This non-linear 
trend suggests that the raw data might 
be unsuitable for linear regression. The 
variable k_param, in particular, shows 
no discernible relationship with 
relPriceVar, indicating its limited 
relevance as an explanatory variable.  
 

Log-Transforming Explanatory Variables 

 
Figure 3: Scatter plots depicting relationships 
between relPriceVar and explanatory variables after 
log-transforming the explanatory variables 

After log-transforming the explanatory 
variables, the scatter plots show 
improved linearity for some variables, 
such as log_LitVol and log_TotalVol. 
However, the patterns observed in 
variables like log_IndexVar and 
log_k_param indicate weak or scattered 
relationships with relPriceVar. In 

particular, the lack of clear structure for 
log_k_param suggests limited 
explanatory power, while the clustering 
in log_IndexVar might point to non-linear 
dynamics or other underlying 
complexities in the data. 
 

Log-Transforming all Variables 

 
Figure 4: Scatter plots depicting relationships 
between relPriceVar and explanatory variables after 
log-transforming both the response variable and the 
explanatory variables 

When both relPriceVar, the dependent 
variable, and the explanatory variables 
are log-transformed, some 
relationships, such as those involving 
log_LitVol and log_TotalVol, exhibit 
improved linearity, though noticeable 
dispersion and outliers remain, 
potentially affecting regression 
robustness. The continued lack of 
discernible structure for log_k_param 
highlights its limited explanatory value, 
while the patterns in log_IndexVar 
suggest the presence of non-linear 
dynamics that may not be adequately 
captured through simple linear 
modeling. Although log transformations 
provide some improvements, the 
observed trends indicate that more 
advanced analytical methods may be 
necessary. 
 
The decision to use log-transformed 
variables, both explanatory and 
dependent, is based on their ability to 
improve linear relationships in the data. 
Logarithmic transformation reduces the 
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impact of extreme values and scales 
down non-linear patterns, resulting in 
more stable and interpretable 
relationships between variables. By 
transforming the data, the spread of the 
variables is compressed, which can 
mitigate the effect of outliers and 
facilitate the identification of 
proportional relationships. Additionally, 
log transformations often stabilize 
variance, making the data more suitable 
for linear regression models. This 
assumption is supported by the 
observed improvements in linearity for 
key variables, such as log_LitVol and 
log_TotalVol, after the transformation. 
While some dispersion remains, the 
overall trend suggests that log-
transformed variables show a more 
linear relationship.   
 

6. Regression Method 
We employed ordinary least squares 
(OLS) regression to investigate the 
relationship between price variation and 
dark pool volume share. This method 
was chosen for its simplicity and ability 
to estimate the marginal effect of 
explanatory variables on the dependent 
variable under the assumption of 
linearity. By treating the data as a pooled 
cross-section, the analysis abstracts 
away individual stock-level temporal 
fluctuations, focusing instead on 
identifying an overarching relationship 
between the variables. 
 
To validate the stability of our findings, 
we performed weekly cross-sectional 
regressions, which allowed us to test the 
distribution and consistency of 
coefficients across time. This step was 
intended to determine whether the 
relationship between dark pool market 
share and price variation holds 
consistently across the sample period. If 

the weekly coefficients align with the 
pooled results, it suggests that the 
relationship is relatively stable and 
independent of short-term market 
fluctuations. Significant deviations in 
weekly coefficients, however, might 
indicate the presence of time-
dependent dynamics or omitted 
variables, which could limit the 
robustness of the pooled regression. 
 
The choice to exclude individual 
uncertainty at the stock level reflects 
the goal of isolating the relationship 
between dark pool volume share and 
price variation in a simplified model. 
This approach assumes that any 
inherent variability within individual 
stocks averages out across the sample. 
However, we recognize that this 
assumption may overlook idiosyncratic 
stock-specific factors that could impact 
the observed relationships. 
 
While the OLS method provides a 
straightforward framework for exploring 
this relationship, its limitations must be 
acknowledged. The linearity assumption 
may oversimplify complex dynamics 
between market volumes and price 
variation, and the exclusion of certain 
stocks due to data quality concerns may 
affect the generalizability of the findings. 
 

7. Results 
The results section evaluates and 
diagnoses the regression models 
outlined in Chapter 3.3, focusing on 
their performance, explanatory power, 
and adherence to key assumptions of 
OLS regression. Through this analysis, 
we aim to assess the relationship 
between dark pool activity and price 
variation while addressing potential 
limitations and areas for model 
refinement. 
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7.1 Evaluating Model 1 
This section evaluates Model 1, which 
investigates the relationship between 
dark pool market share k_param and 
relative price variation. Model 1 consists 
of two versions: 1.1 and 1.2. The 
distinction between these versions is 
explained in detail below. 
 
Model 1.1 directly regresses k_param on 
relative price variation, while Model 1.2 
uses log-transformed variables to 
address non-linearities and improve 
interpretability. 
 
The regression results indicate 
statistical significance for k_param  
(𝑝 <  0.01) in both models, however, 
the explanatory power remains minimal, 
with adjusted R² values of 0.7%. This 
implies that while k_param has a 
measurable relationship with price 
variation, it explains only a small 
fraction of the observed variance, 
suggesting the presence of other 
influencing factors beyond dark pool 
market share. 
 
In Model 1.1, the residual diagnostics 
highlight several shortcomings. The 
fitted vs. actual plot reveals limited 
variability in the predicted values, 
clustering of actual values near zero, 
and substantial outliers. Additionally, 
the residuals show signs of 
heteroskedasticity, where variance 
increases with fitted values, violating a 
key OLS assumption. These issues 
collectively suggest that Model 1.1 is 
inadequate in capturing the dynamics 
between k_param and price variation. 
 
Model 1.2, with log-transformed 
variables, addresses some of these 
issues. The fitted vs. actual plot 
demonstrates improved linearity and a 
more stable variance structure. 

However, the autocorrelation plot 
reveals persistent residual 
autocorrelation, violating the OLS 
assumption of independent errors. The 
residual histogram appears 
approximately normal, but deviations in 
the Q-Q plot tails indicate potential 
outliers or non-normality in extreme 
values. It appears that the 
transformation has not fully resolved 
specification issues. 
 
In summary, while Model 1.2 offers 
marginal improvements, both versions 
of Model 1 struggle to effectively capture 
the complexity of the relationship 
between dark pool market share and 
price variation. Heteroskedasticity, 
residual autocorrelation, and low 
explanatory power limit the utility of 
these models, indicating that further 
refinement or alternative methods are 
needed to better explain the observed 
dynamics. 
 
 
Model 1.1: Price Variation vs k 
parameter 
Model 1.2: log Price Variation vs 
log k parameter 
=================================== 
                (1.1)      (1.2)    
----------------------------------- 
const          0.014***   -4.314***  
              (0.000)     (0.009)    
k_param        0.003***               
              (0.000)                
log_k_param                0.195***   
                          (0.016)    
R-squared      0.007       0.007      
R-squared Adj. 0.007       0.007      
AIC           -100823.352 44656.376  
Log Likelihood 50413.676   -
22326.188 
N              20207       20207      
=================================== 
Standard errors in parentheses. 
* p<.1, ** p<.05, ***p<.01 
 

Table 1: Regression results for model 1.1 & 1.2 
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Diagnostic Plots for Model 1.1: 
QQ-Plot (1.1) 

 
Figure 5: QQ-Plot for model 1.1 

Autocorrelation Plot (1.1) 

 
Figure 6: Autocorrelation Plot for model 1.1 

Residual Plot (1.1) 

 
Figure 7: Residual Plot for model 1.1 

Fitted vs. Actual Plot (1.1) 

 
Figure 8: Fitted vs. Actual Plot for model 1.1 

Diagnostic Plots for Model 1.2 
QQ-Plot (1.2) 

 
Figure 9: QQ-Plot for model 1.2 

Autocorrelation Plot (1.2) 

 
Figure 10: Autocorrelation Plot 1.2 

Residual Plot (1.2) 

 
Figure 11: Residual Plot for model 1.2 

Fitted vs. Actual Plot (1.2) 

 
Figure 12: Fitted vs. Actual Plot for model 1.2  
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7.2 Evaluating Model 2 
In diagnosing Model 2 (2.1), we 
incorporate both the log-transformed k 
parameter, log_k_param, and the log-
transformed index variance, 
log_IndexVar, as explanatory variables 
to assess their relationship with the log-
transformed price variation 
log _𝑟𝑒𝑙𝑃𝑟𝑖𝑐𝑒𝑉𝑎𝑟. This model 
corresponds to Model 2 as described in 
Section 3.3 of the paper. 
 
The results, as presented in Table 2, 
demonstrate a notable improvement in 
explanatory power, with the adjusted 𝑅2 
increasing to 19.3%. This significant rise 
suggests that the inclusion of index 
variance has captured a substantial 
portion of the variation in price 
dynamics. However, this improvement 
must be contextualized with the 
understanding that the index variance 
inherently overlaps with the dependent 
variable due to the shared components 
of stock movements in the index, 
introducing a degree of leakage. Despite 
this, the leakage is considered minimal 
given the diverse composition of the 
index. 
 
The regression diagnostics for Model 2.1 
provide further insights into the model’s 
adequacy. The residual plot shows a 
more homogeneous spread, reflecting a 
reduction in heteroskedasticity 
compared to previous models. The 
autocorrelation plot reveals minimal 
autocorrelation in the residuals, 
suggesting that this model better 
adheres to the OLS assumption of 
residual independence.  
 
The histogram and Q-Q plot of residuals 
support the assumption of normally 
distributed errors, with only minor 
deviations at the tails. These diagnostics 
suggest that the residuals are 

reasonably well-behaved, which 
enhances the validity of the coefficient 
estimates and their statistical inference. 
Nonetheless, it is important to recognize 
that while the model offers a 
considerable improvement, the 
remaining unexplained variation and 
potential non-linear relationships 
indicate that further refinements may 
still be necessary.  
 
Overall, Model 2.1 demonstrates the 
benefits of incorporating additional 
explanatory variables and transforming 
the data to stabilize variance and 
linearize relationships. While not 
without limitations, this model 
represents a more robust framework for 
exploring the dynamics of price variation 
in relation to dark pool market share and 
systemic market volatility. 
 
Model 2.1: Log-transformed Price 
Variation vs. k-parameter and Index 
Variance 
================================== 
                 (2.1)   
---------------------------------- 
 
const          -0.467*** 
               (0.081)   
log_k_param    0.357***  
               (0.023)   
log_IndexVar   0.939***  
               (0.021)   
R-squared      0.193     
R-squared Adj. 0.193     
N              8056      
Log Likelihood -7823.836 
AIC            15653.672 
 
=================================== 
Standard errors in parentheses. 
* p<.1, ** p<.05, ***p<.01 
 

Table 2: Regression results for model 2.1 
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Diagnostic Plots for Model 2: 
QQ-Plot (2.1) 

 
Figure 13: QQ-Plot for model 2 

Histogram of Residuals (2.1) 

 
Figure 14: Histogram of Residuals  for model 2 

Residual Plot (2.1) 

 
Figure 15: Residual Plot for model 2 

Fitted vs. Actual Plot (2.1) 

 
Figure 16: Fitted vs. Actual Plot for model 2 

Diagnostic Plots for Model 3: 
QQ-Plot (3.1) 

 
Figure 17: QQ-Plot for model 3 

Histogram of Residuals (3.1) 

 
Figure 18: Histogram of Resdiuals for model 3 

Residual Plot (3.1) 

 
Figure 19: Residual Plot for model 3 

Fitted vs. Actual Plot (3.1) 

 
Figure 20: Fitted vs. Actual Plot for model 3 
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7.3 Evaluating Model 3 
In Model 3.1, which includes the 
normalized total volume as an 
additional explanatory variable, we 
observe significant improvements in 
model performance compared to 
previous iterations. The 𝑅2 value 
increases to 24.1%, indicating that this 
model captures a greater proportion of 
the variation in the dependent variable, 
relative price variation. The coefficients 
for all explanatory variables, including 
log_k_param, log_IndexVar, and 
norTotalVol, are statistically significant 
(𝑝 <  0.01), reinforcing their relevance 
in explaining price variation. 
 
The fitted vs. actual plot shows 
improved alignment, with less clustering 
near zero compared to previous models, 
though some variability remains 
unaccounted for. The residual plot 
reveals a more consistent spread, 
suggesting better model specification, 
but subtle patterns in the residuals 
indicate potential heteroskedasticity. 
The histogram of residuals shows a 
near-normal distribution, and the Q-Q 
plot confirms approximate normality, 
though deviations at the tails highlight 
potential outliers.  
 
The model demonstrates notable 
improvements in explanatory power and 
diagnostic performance; however, it 
might not fully satisfy the assumptions 
of OLS regression. Heteroskedasticity 
remains a concern, as indicated by 
residual patterns and deviations from 
normality at the extremes. Despite these 
issues, we will proceed with the model, 
recognizing its limitations while 
acknowledging that further refinement 
or additional variables could enhance its 
robustness and predictive capacity. 
 
 

Model 3.1: Logged Price Variation 
================================== 
                (3.1)   
---------------------------------- 
const          -0.994*** 
               (0.082)   
log_k_param     0.271***  
               (0.022)   
log_IndexVar    0.829***  
               (0.021)   
norTotalVol     0.163***  
               (0.007)   
R-squared       0.241     
R-squared Adj.  0.241     
N               8056      
Log Likelihood -7577.269 
AIC            15162.538 
================================== 
Standard errors in parentheses. 
* p<.1, ** p<.05, ***p<.01 
 

Table 3: Regression results for model 3.1 

7.4 Cross-Sectional Regression 
The cross-sectional regression analysis 
for Model 3.1 provides additional 
insights into the consistency and 
distribution of coefficients across the 
weekly data. By conducting regressions 
for each time period separately, we can 
evaluate how stable the coefficients 
remain over time and identify any 
patterns or irregularities. 
 
The histograms of the coefficients, 
figure 21-23, reveal key observations. 
The coefficient for the dark volume 
log_k_param demonstrates a relatively 
stable distribution, with most values 
clustering around a positive range, 
reinforcing the hypothesized positive 
relationship between dark pool activity 
and price variation. However, there is a 
slight tail extending into the negative 
range, indicating instances where the 
relationship between dark pool market 
share and price variation may reverse. 
This tail suggests that while the overall 
relationship holds, there could be 
temporal or market-specific factors 
causing deviations. 
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The coefficients for index variance 
log_IndexVar exhibit a tightly clustered 
distribution centered around values 
slightly above 1. This stability aligns with 
expectations, given that index variance 
is inherently tied to the variation in 
individual asset prices due to its 
aggregate nature.  
 
The normalized total volume norTotalVol 
coefficient shows a slightly broader 
spread compared to the other variables, 
with a central clustering around positive 
values. This broader spread may 
indicate that the influence of total 
trading volume on price variation is less 
consistent, potentially due to variations 
in market liquidity or trading behavior 
across different weeks. 
 
One limitation of the analysis is the 
relatively small number of weekly 
observations (approximately 250), 
spanning roughly five years. While this 
provides a meaningful view of temporal 
stability, the small sample size 
introduces variability and limits the 
statistical precision of the coefficient 
estimates. Despite this limitation, the 
overall stability of the coefficients 
across variables suggests that the 
relationships identified in Model 3.1 are 
consistent over time and that the 
regression model provides a reasonable 
framework for understanding the drivers 
of price variation. 
 
 
 
 
 
 
 
 
 
 

Dark Volume Coefficient Histogram 

 
Figure 21: Dark Volume Coefficient Histogram 

 
Index Variance Coefficient Histogram 

 
Figure 22: Index Variance Coefficient Histogram 

 
Normalized Total Volume Coefficient  

 
Figure 23: Normalized Total Volume Histogram 
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8. Discussion 

8.1 Discussing Results 
Our analysis highlights a statistically 
significant correlation between 
increased dark pool activity and 
heightened price variation. While the 
significance of this relationship is 
noteworthy, it is critical to approach 
these results with caution. The large 
dataset, comprising over 20,000 
observations, naturally amplifies 
statistical significance, which may not 
always translate to economic or 
practical relevance. Furthermore, the 
direction of causality remains uncertain. 
It is equally plausible that increased 
uncertainty in the market drives both 
heightened price variation and 
increased dark pool activity, rather than 
dark pool activity being the root cause of 
volatility. Notably others have found the 
inverse correlation between dark pool 
activity and volatility (He & Lepone, 
2014).  
 

Correlation Matrix for Volume Metrics  

 
Figure 24: Correlation matrix for volmue metrics 

One observation worth noting is the 
strong correlation between executed 
volume in dark pools and that in lit 
exchanges. This suggests that dark pool 
activity does not operate in isolation but 
rather reflects broader market 
dynamics. It might be the case that 
general market activity and heightened 

trading volumes in both lit and dark 
venues contribute to increased volatility, 
rather than dark pool activity being a 
direct driver of price variation (He & 
Lepone, 2014). 
 

8.2 Data & Model Limitations 
A key assumption underlying our 
analysis is that uncertainty in the 
fundamental value of assets is relatively 
stable across time. However, this 
assumption does not hold up to 
scrutiny. Macro-economic conditions, 
industry-specific developments, and 
unforeseen events, such as the 
imposition of tariffs or geopolitical 
disruptions, can significantly influence 
market uncertainty. These external 
factors likely interact with both dark 
pool activity and price variation, 
complicating the interpretation of our 
results. For instance, in industries where 
uncertainty spikes due to regulatory 
changes or earnings announcements, 
price variation may increase 
independently of dark pool activity. 
 
Our model provides a framework for 
exploring the relationship between 
weekly price variation and dark pool 
market share, but it is inherently limited 
in scope. It does not account for daily 
variations or intraday dynamics, as dark 
pool volumetric data is aggregated on a 
weekly basis. Consequently, while we 
can identify broad trends, our model 
lacks the granularity needed to predict 
how specific daily market conditions or 
order flows influence price variation.  
 
The availability of more frequently 
updated dark pool data is likely 
restricted to dark pool operators 
themselves. Currently, dark pool 
operators are required to report 
aggregated weekly data to FINRA, and 
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there is little incentive for them to 
increase the reporting frequency. Such 
high-frequency data is inherently 
valuable, as it provides insights into 
market dynamics that could be 
exploited by participants with access to 
this information. Furthermore, the 
nature of dark pool trading inherently 
prioritizes discretion, making it unlikely 
that operators would voluntarily 
disclose more granular data.  
 
Our regression analysis is rooted in the 
theoretical frameworks proposed by Ye 
and Kyle. While these models provide 
valuable insights into market dynamics 
in a controlled theoretical setting, they  
oversimplify the complexities of real-
world markets. When applied to real-
world data, their explanatory power 
diminishes significantly, as they fail to 
capture the intricate and multifaceted 
factors that influence market behavior 
beyond the theoretical assumptions. 
 

8.3 Market Participants 
For large institutional traders, dark pools 
offer an important advantage by 
reducing information leakage, thereby 
mitigating transitory volatility that could 
arise if large trades were executed on lit 
exchanges. This discretion allows 
institutions to manage execution costs 
more effectively and supports broader 
market liquidity (Degryse, et al., 2015). 
However, as noted in our findings, the 
potential correlation between increased 
dark pool activity and heightened price 
variation in lit markets suggests a trade-
off. By diverting order flow, dark pools 
might reduce price transparency and 
amplify volatility in visible markets, 
complicating residual trades executed 
outside of dark venues. 
 

In theory, informed traders can exploit 
price variations by capitalizing on 
deviations from the fundamental value. 
However, in practice, the uncertainty 
surrounding the true fundamental value 
is often too significant to execute such 
strategies effectively. 
 

9. Conclusion 
In essence, our findings do not provide 
evidence of causality between dark pool 
activity and price variation. Instead, they 
highlight a correlation that warrants 
further investigation, ideally with more 
granular data and additional explanatory 
variables. The interaction between 
market uncertainty, trading behavior, 
and price variation remains complex, 
and while our analysis sheds light on 
some aspects of this relationship, it also 
raises important questions about the 
broader market dynamics at play. 
 

10. Further Research 

10.1 Further Model Development 
Our analysis highlights significant 
limitations in applying linear regression 
to this dataset, as the models fail to fully 
meet the assumptions of OLS. 
Specifically, the presence of 
heteroskedasticity, autocorrelation, and 
residual patterns suggest potential non-
linear relationships or omitted variable 
bias (Degiannakis & Xekalaki, 2004). 
These issues underscore the need for 
alternative approaches to better 
understand the dynamics between dark 
pool activity and price variance. 
Investigating whether a non-linear 
relationship exists or whether additional 
factors could address these issues is an 
essential next step. 
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Additionally, a fixed-effects model could 
provide a more nuanced approach to 
understanding asset-specific 
contributions to price variance. By 
assuming that each asset has its own 
individual effect, potentially tied to its 
fundamental value variance, this 
method could capture unobserved 
heterogeneity across stocks. Such a 
model might reveal additional 
explanatory power by accounting for 
asset-specific factors that contribute to 
price variation. On could also attempt to 
adapt a dynamic Kalman filter to try to 
capture time-varying parameters 
(Rockinger & Urga, 2012). However, this 
approach carries the risk of overfitting 
by assuming constant, individual effects 
for each asset, potentially masking the 
broader market-level dynamics we aim 
to uncover. 
 
Combining these approaches, non-
linear modeling and fixed-effects 
analysis, could provide a more robust 
framework for understanding the 
relationship between dark pool activity 
and price variance. This integrated 
perspective would help bridge the gap 
between theoretical models and 
observed market behaviors. 
 

10.2 Live Trading Session 
One avenue for further exploration could 
involve organizing a live trading 
experiment with real participants to 
study the behavior driving price 
variance. In such a controlled setting, 
participants could assume roles such as 
informed traders, noise traders, and 
market makers, interacting within a 
simulated market that includes both lit 
and dark pool trading venues. By 
replicating market dynamics in a 
structured environment, this experiment 
could provide unique insights into how 

human decision-making, strategic 
behavior, and the availability of opaque 
trading options influence price variance. 
Such a trading session could serve as an 
engaging and educational activity, 
perhaps as part of the FIN11 course. 
This approach would allow for the 
evaluation of real human behavior and 
the dynamics between dark pools and lit 
markets in a concrete and observable 
manner. 
 
By comparing a trading session that 
includes a dark pool to one conducted 
without it, we could directly observe the 
impact of dark pools on the market mix. 
This comparison could provide valuable 
insights into whether the inclusion of a 
dark pool enhances or hinders price 
discovery. 
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