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Abstract 

This study examines the relationship between Kyle's lambda and the square root law in 

financial markets. We investigate how these concepts affect the phenomenon of price impact 

and discuss their implications for trading strategies. Our findings suggest that a thorough 

understanding of Kyle's lambda and the square root law can provide valuable insights into 

price impact and lead to more profitable trading decisions. 
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I. Introduction: 

The fluctuations in stock prices are a result of the actions of the people and organizations that 

make up the market. These market participants typically act in their own best interests, but 

human behavior is often unpredictable. As a result, studying financial markets can be a 

fascinating and enlightening journey. Despite the many complexities and uncertainties of the 

market, the behavior of market participants is driven by a few basic principles. By 

understanding these principles and how they interact, we can gain insight into the forces that 

drive stock prices up and down. 

It is generally accepted that the price of a stock is determined by the balance between the 

supply of and demand for that stock. While this may be the most straightforward explanation 

for how stock prices are determined, it is not the whole story. We know that buy orders tend 

to push stock prices up, while sell orders tend to push them down, but we don't always know 

by how much or for how long. This uncertainty leads us to believe that an aggressive order 

will have a greater impact on a stock's price than a normal or ordinary order (small quantity). 

And what makes prices efficient is the way they absorb and incorporate the information 

contained in these orders. In other words, prices reflect the collective wisdom of the market, 

as encoded in the orders placed by market participants. 

The use of algorithms for trading has grown significantly in recent years, with approximately 

80% of market transactions now being executed by algorithms. Hedge funds are constantly 

searching for new strategies and edges in order to find and exploit any remaining "alpha" in 

the market. However, this alpha is not without limitations. When backtesting a trading 
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strategy, it is important to make it as realistic as possible by incorporating factors such as 

transaction costs, slippage, and price impact. Failure to do so can lead to unrealistic 

expectations and potentially disastrous results when the strategy is put into practice in the real 

world. 

Price impact is not as well-known as it might be because it only comes into play for large 

orders, which are big enough to significantly affect the price of a stock. In order to avoid the 

potential negative effects of price impact, traders and trading algorithms often divide their 

orders into smaller, more manageable parts, which are then executed over a period of time 

using a variety of different order types, such as market orders and limit orders. This allows 

them to avoid the pitfalls of executing large, single orders that can have a significant impact 

on the market. 

One of the best ways to study the behavior of price impact is by examining the Limit Order 

Book (LOB), which is a record of all outstanding buy and sell orders for a particular stock. 

The LOB is particularly useful for this purpose because its activity is restricted to a predefined 

grid of prices and volumes (Tick and Lot size). When a matching buy and sell order is 

received, it is immediately executed and removed from the LOB. However, when a large order 

is received, it can have a significant impact on the LOB, removing a large number of limit 

orders and causing the price of the stock to shift from its initial state. 

II. Problem identification and Objectives: 

The problem that we are trying to address in this study is the lack of understanding and 

knowledge about the phenomenon of price impact. Our objective is to gain a better 

understanding of how price impact works, and how it can be studied and measured. By doing 
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so, we hope to improve our ability to predict and manage the effects of large orders on stock 

prices, and ultimately to make more informed and profitable trading decisions. 

If you have ever placed a market order, you may have noticed that the order is not always 

filled at the price you expected. This discrepancy between the anticipated and actual price is 

known as "slippage." Slippage occurs when the market conditions at the time the order is 

placed are different from the conditions that were anticipated when the order was placed. This 

can lead to the order being filled at a different price than the one that was originally 

anticipated. Slippage is a common occurrence in financial markets, and it can have significant 

implications for traders and investors. It is therefore important to understand and account for 

the potential effects of slippage when making trading decisions. 

Slippage can be caused by a variety of factors, such as market volatility, trading volume, and 

the size of the order being placed. These factors can affect the amount of slippage that occurs, 

and in turn, they can also affect the price impact of a large order. In order to understand how 

price impact works, we need to study the behavior of these factors and how they interact. By 

doing so, we can gain a better understanding of the expected behavior of price impact, and we 

may be able to identify the best times to execute large orders in order to minimize their impact 

on the market. 

III. Volume and Volatility intraday behavior: 

One of the key factors that can affect the intraday behavior of price impact is the volume of 

trading that occurs over the course of a single trading day. The volume of trading can have a 

significant impact on the behavior of stock prices, and it is therefore important to understand 

the patterns that can be observed in trading volume over the course of a day. 
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In this study, we are focusing on the intraday behavior of trading volume and market volatility. 

Previous research has investigated the patterns that can be observed in these factors over the 

course of a single trading day, and we believe that these patterns can provide valuable insight 

into the intraday behavior of price impact. By analyzing the relationship between volume, 

volatility, and price impact, we hope to gain a better understanding of how these factors 

interact and to develop more accurate predictions of the effects of large orders on stock prices. 

1. Volume intraday behavior: 

In order to thoroughly examine the intraday behavior of volume in financial markets, we have 

adopted a rigorous methodology in our analysis. This includes dividing the trading day into 

1-minute intervals and excluding overnight periods, in order to ensure the precision and 

accuracy of our results. In order to comprehensively examine the intraday behavior of 

volatility in financial markets, we have utilized a large dataset consisting of the historical 

prices of all stocks listed on the NASDAQ from 2005 to 2022. In order to manage the 

computational demands of our analysis, we have divided the stocks into batches of 10. This 

approach allows us to conduct our analysis efficiently, without encountering memory issues. 

In order to make the volumes comparable across different stocks and days, we have employed 

min-max normalization (formula below). By grouping the data by hour and minute, we are 

able to compute the average volume across all days and gain insights into the patterns and 

trends in volume throughout the trading day. 

 

 

 𝑥𝑠𝑐𝑎𝑙𝑒𝑑 =
𝑥 − 𝑥𝑚𝑖𝑛

𝑥𝑚𝑎𝑥 − 𝑥𝑚𝑖𝑛
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Figure 1 - Volume intraday behavior [batch:0] 

 

The graphical representation in our analysis reveals a pronounced U-shaped pattern in volume, 

which can be explained by the incorporation of non-trading period information into stock 

prices at the opening of the trading day. This phenomenon has been observed in previous 

studies and underscores the importance of considering the effects of those periods on market 

activity. 

2. Volatility intraday behavior: 

One aspect of our analysis focuses on the intraday behavior of volatility in financial markets. 

Given the nature of the data utilized in our study, we have employed the Garman-Klass 

volatility estimator, noted as σ𝐺𝐾, which takes into account both the opening and closing 

prices. This approach is particularly relevant, as markets tend to be most active during the 

opening and closing of a trading session. Therefore, the Garman-Klass estimator is well-suited 

for our purposes and provides more accurate results. 
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We have utilized the same methodology as in our analysis of volume, and we have observed 

that volatility exhibits a similar behavior to volume. This result is expected, as the two metrics 

are known to be correlated. (See Figures 2) 

 

Figure 2 - Volatility intraday behavior [batch:0] 

 

Based on our analysis, we have found that volume exhibits a U-shaped pattern whereas 

volatility exhibits an inversed J-shaped pattern over the course of a trading day. This suggests 

that the price impact of financial markets may also exhibit a similar pattern, with the greatest 

impact occurring at the opening. Our findings provide evidence for the importance of 

considering the time of day when examining the price impact of financial markets. 

Where: 

•  𝑇: Number of records in the sample 

period 

•  𝑜𝑡: Open price at t 

•  ℎ𝑡: High price at t 

•  𝑙𝑡: Low price at t 

•  𝑐𝑡: Close price at t  
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−
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IV. Kyle’s lambda: 

Kyle's lambda, proposed by Kyle (1985), is a statistical measure of price impact that attempts 

to answer the question of how much of an asset can be traded without moving the market. The 

formula for Kyle's lambda predicts a linear relationship between the quantity of an asset traded 

and the resulting price change. This approach has been widely used in finance as a way to 

measure the market impact of trading activity. 

The formula for Kyle's lambda, noted as 𝜆, is as follows: 

 

 

 

 

In order to estimate the value of lambda using Kyle's formula, we ran a regression analysis 

using 17 years of intraday data for each stock in our universe. Our dependent variable was the 

absolute difference between the high and the low of 1-minute candles, and our independent 

variable was the volume traded during the same 1-minute period. This allowed us to examine 

the relationship between volume and price change and estimate the value of lambda for each 

stock. By analyzing this relationship over a long time period, we were able to gain a better 

Where: 

•  |Δ𝑃𝑟𝑖𝑐𝑒𝑡|: Absolute price change 

• 𝑉𝑜𝑙𝑢𝑚𝑒 𝑡 : Volume traded over that 

period 

𝜆 =  
|Δ𝑃𝑟𝑖𝑐𝑒𝑡|

𝑉𝑜𝑙𝑢𝑚𝑒 𝑡
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understanding of the market impact of trading activity. 

 

Figure 3 - Slope intraday behavior (Kyle's model) [batch:0] 

 

Figure 4 - Intercept intraday behavior (Kyle's model) [batch:0] 

 

As depicted in Figure 3, the intercept exhibits an inverted J-shaped behavior, similar to the 

volatility. This suggests that when executing a trade, there will be an initial market impact that 

is not dependent on the quantity traded. The exact form and behavior of the intercept may vary 
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depending on the market conditions and other factors, but this general relationship is 

commonly observed. By understanding this relationship, we can better analyze when it is 

optimal to enter or exit a position.  

Figure 4 indicates that the slope exhibits a random behavior and does not exhibit any 

discernible pattern throughout the day. However, the slope remains negligible relative to the 

intercept below a certain threshold of the quantity traded. 

 

Figure 5 - Simulation of the execution (Kyle's model) [batch:0] 

 

Figure 5 demonstrates that the inverted J-shaped market impact persists below a certain 

threshold. In this particular batch, the shape remains unchanged until around 50,000 shares. 

One major limitation of Kyle's lambda is that it assumes a linear relationship between the 

change in price and the quantity traded. This means that, according to the model, a 10% 

increase in the quantity traded would result in a 10% increase in the market impact. However, 

this relationship may not hold in all cases, and the actual impact of trading activity on price 

may not be accurately captured by this model. Therefore, it is important to consider the 
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limitations of Kyle's lambda when using it to measure the price impact of financial markets. 

V. Square root law: 

As financial markets continue to evolve, the ability to accurately measure the impact of trading 

activity on price has become increasingly important. Alternative methods, such as the square-

root method, have been used to assess market impact. 

The square root law is not only empirically robust, but it also appears to arise from the nature 

of the order book near the boundary between buying and selling. As one approaches the 

"current price", the density of the order book rapidly decreases.  

 The formula for the square-root impact method is as follows: 

To further investigate the relationship between the price impact and the quantity traded, we 

used regression analysis to estimate the value of the constant in the square root law formula. 

By using the same data as in our previous model, we were able to accurately determine the 

value of the constant and to gain a deeper understanding of the underlying relationship 

between these variables. 

∆𝑃 =  𝑐 𝜎 ඨ
𝑄

𝑉
 

Where: 

• ∆𝑃: Price change 

• 𝜎 : The daily volatility 

• 𝑉 : The daily volume 

• 𝑐 ∶ a constant 
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Figure 6 - Intercept intraday behavior (Square root model) [batch:0] 

 

 

Figure 7 - Slope intraday behavior (Square root model) [batch:0] 

 

As shown in Figure 6, both models exhibit the same behavior. However, Figure 7 reveals that 

the slope of the regression line in our model is smaller than that of Kyle's model. Additionally, 

the slope in our model appears to behave randomly, with no clear pattern. 
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Figure 8 - Simulation of the execution (Square root model) [batch:0] 

 

Figure 8 shows that the inverted J-shaped market impact persists for this model also below a 

certain threshold. This threshold is lower than the one observed in Kyle's lambda. In our 

model, the price impact becomes noisy around the execution of 10,000 shares. 

VI. Discussion and conclusion: 

In this study, we worked with a vast amount of data, consisting of approximately 3368 stocks 

over a period of 17 years of 1-minute data. This resulted in a total of 6,059,975,040 lines of 

data, which equates to around 36 billion data points since we utilized open-high-low-close 

prices and volume data, in addition to timestamps. In order to optimize our memory usage, 

we decided to divide the stocks into manageable batches, which allowed us to conduct a total 

of 2,829,120 regressions (3368 stocks x 7 hours x 60 minutes x 2 regressions). 

Kyle's model and the square root model are both important tools for predicting the market 

impact of executing a trade. Each model offers unique insights and considerations that can 
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help market participants in the execution of their trades. Kyle's model, focuses on the 

relationship between the size of the trade and the impact it has on the price of the underlying 

asset. On the other hand, the square root model takes into account the liquidity of the market 

and the volatility of the asset and adds non-linearity, providing a more nuanced view of the 

potential market impact. 

 

Figure 9 - The impact of large orders for CFM proprietary trades on futures markets 

 

 

The figure above (from Toth et al.)  demonstrates the results of an analysis conducted using a 

database of nearly 500,000 orders to measure the market impact on the futures market between 

June 2007 and December 2010. The line of slope 0.5 corresponds to a square-root impact, 
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while the line of slope 1 corresponds to a linear impact. This analysis provides us with both 

an upper bound and a lower bound for the real market impact, allowing us to better assess the 

maximum and minimum consequences of executing a trade. 
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Appendix: 

Batch 0 Batch 1 Batch 2 Batch 3 Batch 4 

AABA AAXN ABTX ACHN ACRX 

AAL ABAC ABUS ACHV ACSF 

AAME ABCB ACAD ACIA ACST 

AAOI ABCD ACBI ACIU ACT 

AAON ABDC ACER ACIW ACTG 

AAPL ABEO ACET ACLS ACWI 

AAWW ABEOW ACGL ACMR ACWX 

- ABIL ACGLO ACNB ACXM 

- ABIO ACGLP ACOR ADAP 

- ABMD ACHC ACRS ADBE 
Figure 10 - members of the 5 first batches 

 

 

 

 

 

 

Figure 11 - Volume intraday behavior [batch:1] 
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Figure 12 - Volume intraday behavior [batch:2] 

 

 

 

 

 

Figure 13 - Volume intraday behavior [batch:3] 
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Figure 14 - Volume intraday behavior [batch:4] 

 

 

 

 

 

Figure 15 - Volatility intraday behavior [batch:1] 
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Figure 16 - Volatility intraday behavior [batch:2] 

 

 

 

 

 

Figure 17 - Volatility intraday behavior [batch:3] 
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Figure 18 - Volatility intraday behavior [batch:4] 
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Figure 19 - Kyle results [batch:0] 
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Figure 20 - Kyle results [batch:1] 
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Figure 21 - Square root law results [batch:0] 
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Figure 22 - Square root law results [batch:1] 


