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Dynamic Models for Dutch Stocks Market Liquidity Forecasting 

 

 

 

1. Introduction 

Stocks market liquidity (henceforth liquidity) refers to a state of market suitable for absorbing 

large order flows from both buy and sell-side participants without affecting market prices. Liquid 

financial assets are therefore characterized by low transaction costs, easy trading in terms of 

finding a counterparty, fast settlement, and limited impact of large orders to a market price (Sarr 

and Lybek 2002). These features of financial markets are highly desirable and merit particular 
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In this paper, I compare MA, AR, ARIMA and ARIMAX model in order to forecast liquidity of 

AEX index constituents. On the assumption of strongly related equity markets and 

common components in liquidity, I include lagged value of CAC40, DAX, and FTSE100 

liquidity proxy in ARIMAX model. Furthermore, I carry out the forecasts by using two 

liquidity proxies - Amihud's ILLIQ measure and turnover volume by value. The main 

findings indicate that MA represents the most suitable model for ILLIQ forecasting, 

followed by ARIMA, ARIMAX, and AR, respectively. Moreover, models’ forecasting accuracy 

is related to AEX, DAX, CAC40, and FTSE100 index volume level. I also discover the 

significant effect of the crisis period (2007-2009) to models’ forecasting errors. The results 

also reveal that ARIMA and ARIMAX provide the most accurate forecasts of turnover by 

volume. Taking into account both proxies’ results, ARIMAX does not perform significantly 

better when confronted with the best model of those that do not use variables derived 

from outside markets. 
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attention making liquidity forecasting an imperative element of financial markets. 

There are numerous benefits of liquid markets and consequently of the ability to forecast future 

liquidity levels. Stock market liquidity is highly significant for the proper functioning of an 

economy and its sudden disruption in a relatively small market segment or even a financial 

instrument can be transmitted to broader economy or even worldwide through highly 

interconnected markets (Fernandez 1999). For instance, the Great Financial Crisis in 2007 

started with a breakdown in relatively small part of the market – illiquid mortgage-backed 

securities – and then spread out throughout numerous interdependence canals of modern 

financial markets.  

Explained fragility can be a good reason for governments and central banks to engage in 

liquidity modeling in order to react on possible shortfalls in a timely manner. For instance, if 

market liquidity is drying up in particular market segment, governments can consider the short-

selling ban to limit further selling off or perhaps central banks can create an incentive for trading 

particular asset class by providing a certain type of subsidies (e.g. tax deduction on capital 

gains). 

Apart from macroeconomic viewpoint, liquidity forecasting has also very practical implication for 

institutional investors that trade large quantities of financial instruments. For instance, an asset 

management firm aiming to readjust its portfolio by buying 30,000 IBM stocks might find the 

optimal to hire a broker who will quietly “work” the order and breakdown the quantity into smaller 

bits instead of trading entire quantity at once (Hendershott et al. 2010).  

The main rationale behind this logic is the fact that the institutional investor seeks for a way to 

avoid “walking the book” that occurs when the market is not liquid enough to absorb large 

quantity blocks without a price impact (Wyss 2004). Therefore, liquidity forecasting provides an 

indication of future liquidity level and consequently enables investors to plan the order execution 

when the market liquidity is high.  

The present paper concerns liquidity forecasting of 24 stocks that construct Dutch stocks index 

(AEX) by the means of MA (Moving Average), AR (Autoregressive), ARIMA (Autoregressive 

Integrated Moving Average), and ARIMAX model (Autoregressive Integrated Moving Average 

with Exogenous Variables). Amihud’s illiquidity measure (ILLIQ) is the main liquidity proxy used 

in this study and the analysis bases on 15 years of daily ILLIQ data from January 2002 through 

March 2017.  
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The backbone of the paper is dynamic rolling window which utilizes all four models in order to 

derive forecasted ILLIQ values. The dynamic loop exploits first 250 observations in order to find 

the optimal model structure, i.e. the structure that minimizes BIC (Bayesian information 

criterion). After finding the most convenient model, the loop generates 20-step ahead forecast 

and then proceeds further by dropping first 20 observations from the initial subsample and 

adding next 20 observations to the subsample. This process is repeated for each stock until a 

stock sample gets exhausted. Aforementioned dynamic features AR, ARIMA, and ARIMAX 

model while MA only accounts for last 20 observation in order to derive 1-step ahead forecast. 

The program allows each model to change the structure of parameters in a predefined range. 

For instance, AR can take from 1 to 3 autoregressive components whereby the loop checks for 

a particular number of lags that minimize BIC and carries out the forecast accordingly.  

Additional key fact to remember is that the rolling window uses two different datasets for model 

estimation and forecasting – actual ILLIQ dataset and winsorized ILLIQ dataset. The first 

dataset was subject to scaling and natural logarithm transformation while the latter was subject 

to winsorizing by using 1 and 99 percentile cuts (after scaling and taking natural logarithm). 

Optimal model estimation bases on winsorized data because of the fact that a model adjusts to 

the most extreme values in the sample while the bulk of other data is partially ignored. The 

optimal model structure is then used for the prediction that bases on actual ILLIQ values as the 

paper focuses on forecasting original ILLIQ values and not winsorized. 

The most comprehensive model examined in the study is ARIMAX model with exogenous 

variables. Additional variables that are included in the model are German (DAX), French 

(CAC40) and UK stock index (FTSE100). These variables take the form of equally-weighted 

average of all constituents’ ILLIQ values of a respective index at a particular day. Dynamic of 

ARIMAX is the most flexible in comparison to other models as the loop allows from 0 to 3 

AR/MA components and all possible combinations of three indices. 

The motivation for the belief that the three indices ILLIQ might contain information about the 

future level of 24 stocks ILLIQ rests on the assumption of strongly related equity markets and 

commonality in liquidity. German, French and UK stock index exhibit very similar value 

development with an indication that change in returns of one index usually precedes changes in 

other indices (Dajčman 2013). Similarly, Karolyi et al. (2012) explain that liquidity has common 

components which determine a country’s stock market liquidity irrespective of individual stocks 

characteristics. Moreover, the authors reveal that commonality in liquidity of the United 
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Kingdom, Germany, France, and the Netherlands is on a similar level.  

These findings testify that four markets have the similar infrastructure in terms of components 

that drive market liquidity and consequently put forward a question of liquidity spillovers 

between the developed markets.  

The present study formally tests to what extent pieces of information derived from nearby 

markets help to predict ILLIQ of Dutch stock index ingredients. Specifically, I compare ARIMAX 

model performances with other three models that do not include variables derived from other 

markets. By doing this, I test possible spillover effects and determine their contribution to 

liquidity forecasting.  

Additionally, the paper provides a detailed comparison of all four models with respect to their 

forecast reliability which is used to rank the models. These results reveal the purpose of utilizing 

more extensive models that typically take several hours to generate forecasts. For instance, 

confrontation of the results generated by MA and ARIMAX should reveal purposefulness of 

utilizing ARIMAX, given that the computational time of MA is less than one minute. Therefore, 

MA serves as a basic benchmark for all models examined in this study. 

What is more, I test persistence of the models’ ranks by studying whether the models’ errors 

change with indices’ volumes fluctuations. Specifically, I test the influence of natural logarithm of 

AEX, CAC40, DAX, and FTSE100 volume levels to models’ squared residuals difference. In 

other words, whether natural logarithms of indices’ volume level explain two models’ forecasting 

squared errors and consequently their ranks. The purpose of this test is to provide a breakdown 

of average results of each model, i.e. to provide an answer whether models’ forecasting 

precision alters over certain periods in a way which is not captured by the average results used 

to assign the ranks. 

Along the same lines, I investigate whether periods of high market volatility affect relative 

performances of the models. This test is carried out by introducing a crisis dummy which takes 

the value of 1 over the period of the Great Financial Crisis (from 2007 through 2009) and 0 

otherwise. The purpose of the analysis is to understand relative performances of the models 

over the crisis period that is typically featured by high market volatility.  

In order to check sensitivity of the models’ ranks to change in liquidity proxy, I repeat the 

forecasting by using natural logarithm of volume by value. Ultimately, I carry out the robustness 

check of the models’ ranks by accounting for stock-specific variations in the left-hand-side 
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variable. 

Main findings of the paper suggest that MA represents the most accurate model for ILLIQ 

forecasting, followed by ARIMA, ARIMAX, and AR, respectively. Models’ squared prediction 

errors vary over time, depending on the natural logarithm of DAX, AEX, CAC40, and FTSE100 

volume level. I also find significant relation between the crisis period and models’ squared 

residuals differences. These findings put forward the fact that the models outperform each other 

over certain periods and that the ranks are not fixed throughout the whole sample. 

Ranks of the models shift after repeating the forecast for different liquidity proxy. The most 

relevant model for volume forecasting appears to be ARIMA and ARIMAX, followed by AR and 

MA, respectively. Robustness check of overall models’ ranks for both proxies shows persistence 

of the assigned models’ order. 

The model with exogenous variables is not capable of providing more accurate predictions than 

the best model which bases on the past values and shocks of the left-hand-side variable. Yet, 

ARIMAX provides insights about the frequency of three indices utilization in forecasting current 

ILLIQ value. The model makes the most frequent use of FTSE100 ILLIQ, followed by DAX, and 

CAC40 ILLIQ. This order might be an indication of liquidity interconnectedness between four 

markets. 

The rest of the paper is structured as follows. The second section provides a brief overview of 

relevant literature, the third and fourth explain the data and methodology used in the paper, 

respectively, Section 5 presents the main findings, Section 6 discusses the results and reveals 

shortcomings and section 7 concludes. 

2. Literature Overview 

In this study, I put forward the claim that stocks market liquidity represents very important 

concept for an asset manager who is planning a large order execution. In order to show how 

liquidity shortage can drive prices against an asset manager, I introduce a mechanism of the 

limited order book and provide measures used for quantifying liquidity level. Moreover, I present 

several viewpoints that reveal strong interdependence between stock markets together with a 

framework of liquidity common components. After setting the stage with these concepts, I 

discuss a solution to the problem that an asset manager faces. 
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2.1 The Limited Order Book 

Ranaldo (2001) explains the limited order book on an example of Swiss Stock Exchange. The 

example shows the logic why large orders impact prices and implicitly provides an explanation 

on why would an asset manager need a liquidity forecast tool when she intends to readjust a 

portfolio? Moreover, the example amplifies the need for an effective forecasting method that 

shapes the rest of the paper. 

 

Graph 1 shows the supply and demand curve of a stock together with four liquidity dimensions 

at one point in time. Price is located on the vertical axis and contains the bid price, i.e. price that 

buyers (bidders) are ready to pay (demand price), and ask price that denotes the price at which 

the sellers are willing to sell the stock (supply price). The horizontal axis represents cumulated 

bid volume and cumulated ask volume, respectively. Cumulated here refers to a sum of all 

quantities offered by different buyers and sellers at different prices, i.e. denotes total quantity 

available at any price on buy and sell side of the market. In contrast, bid depth (ask depth) 

stands for volume that can be sold (bought) at the best bid (ask) price, where the best bid (ask) 

price denotes the highest (lowest) price at which trade occurs. These two aspects are shown in 

the graph by solid vertical lines that intersect supply and demand curves.  

 

Graph 1 – Liquidity dimensions in the limited order book 

 

Source: Ranaldo (2001) 
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Minding the limit order book setting introduced above, I present the underlying mechanism on 

the example of IBM stocks. If a manager wants to buy a quantity that exceeds the volume 

offered at the best ask price, she will have to “walk the book” and buy the fraction of quantity at 

the higher price. This situation can be seen from Graph 1 if I make an assumption that the first 

horizontal solid line (bid price) was wider than the first solid line (ask price) on the supply side. 

For the sake of the example, I also assume that the first line stands for 30,000 IBM stocks (bid 

depth) and latter denotes 25,000 stocks (ask depth). Following the order book logic, the 

manager would have to buy a total of 5,000 units at a higher price because the ask depth is not 

able to consume the whole order (30,000 stocks). However, that higher price does not have to 

be very different from the initial price and it depends on supply curve slope, i.e. the change of 

ask price per unit change of quantity.  

The presented example uses a simplified market environment, i.e. static limit order book, while 

the limit order book in practice also has a time dimension. Hence, interactions between market 

participants shape liquidity dimensions through time which increases uncertainty around the 

price at which the orders are executed. If we introduce the time dimension in the example, it can 

be seen that the price of 5,000 IBM stocks can vary to a large extent depending on liquidity 

dimensions development through time. Particularly, if ask depth decreases and market 

resiliency increases, the buy price of 5,000 stocks might differ largely from the previous 25,000 

stocks. Or even worse, the buy price within the block of 5,000 stocks can also differ if ask depth 

decreases to that extent that the order must be executed by further “walking the book”. 

Ultimately, if the manager makes a profit on the initial 25,000 stocks, the profit can be “eaten” by 

unfavorable prices of the next 5,000 stocks realized in the less liquid market environment. 

Because of the above-described features of trading in less liquid markets, there is an interest in 

splitting large orders into smaller blocks and executing the trades when liquidity is high. As 

Bertsimas and Lo (1998) argue, a trade “execution costs” that encompass commissions, bid/ask 

spreads, opportunity costs of waiting, and price impact from trading can have a considerable 

impact on investment performance. The authors employ a mathematical model to find an 

optimal strategy for execution of fixed stocks block with minimum price impact. They recognize 

that the optimal strategy stretches across few days and trades occur sequentially with the 

respect to minimizing “execution costs”. In line with these findings, Chan and Lakonishok (1995) 

investigate institutional investors’ trades and acknowledge that the large trades are almost 

always broken up into smaller blocks and traded over course of a few days. Moreover, they 

report that out of 1.2 million transactions of 37 large investment management firms, only 20% of 
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market value of these transactions are realized within a day, and more than 53% have a 

completion time of four or more days. 

2.2 Liquidity Measures from the Limited Order Book 

Brunnermeier and Pedersen (2009), define liquidity as “the ease with which a financial asset is 

traded”. Other authors define liquidity in a different way. For instance, Shen & Starr (2002) 

interpret liquidity as “the ability to absorb smoothly the flow of buying and selling orders” and 

Næs et al. (2011) explain liquidity as “costs of trading equities”. Harris (1990) provides a 

definition that encompasses several domains of liquidity and according to him "...a market is 

liquid if traders can quickly buy or sell large numbers of shares when they want and at low cost". 

The cited definitions represent only a small fraction of existing definitions and their purpose is to 

create awareness to a reader that liquidity is not one-dimensional concept. Therefore, typical 

definitions of liquidity include price, costs, the speed of carrying out a trade, and order volume.  

A commonly used classification of market liquidity is given by Harris (1990), where he 

distinguishes four dimensions of market liquidity: width, depth, resiliency, and immediacy. Width 

refers to bid-ask spread for a given number of shares and encompasses per-share commissions 

and fees. Depth reflects the volume of stocks that can be bought or sold at a given bid-ask 

spread. Immediacy represents an average time of completing a transaction given a particular 

trading volume and costs. Resiliency shows a capability of the market to revert the prices to the 

previous level after an execution of large order flows that causes a temporary price imbalance. 

Moreover, resiliency can refer to price change caused by a change in trade volume.  

It is worth noting that the dimensions are not self-standing but mutually interactive, i.e. they are 

highly connected. For instance, trading on a thin market features not only low depth but also a 

larger measure of tightness, trading time, and lower resiliency. The above-listed classification 

should be taken into account with caution as existing literature defines liquidity dimensions in a 

different way and some of the terms are used interchangeably. For instance, Gouriéroux et al. 

(1999) use trading time as an equivalent of immediacy while Demsetz (1968) uses tightness to 

explain bid-ask spread rather than width. Moreover, a variety of terminology in explaining 

liquidity attributes can be sometimes misleading. Specifically, Bekaert (1995) connects depth 

with bid-ask spread while this dimension was captured by tightness (width) in the above 

classification. 

In order to summarize different perspectives and for the sake of preventing misunderstanding 

imposed by different terms, I list the four dimensions used throughout the paper.  
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1. Trading time – Time passed until a transaction has been fully executed at the prevailing 

price. If the order has been processed in blocks of trades, the time between the first 

block and last traded block denotes trading time or immediacy. 

2. Resiliency – Dimension that captures price impact of different trade volumes, i.e. price – 

volume elasticity.  

3. Tightness – Difference between the lowest ask price and the highest bid price of 

particular assets. The dimension is interpreted by some authors as transaction costs 

involved in a trade.   

4. Depth – The sum of the volumes that can be bought/sold at the best bid/ask price, i.e. 

ability of a market to absorb quantities, in terms of trade volumes, from both buy and 

sell-side without price impact 

2.3 Liquidity Measures used in Literature 

An ability to quantify each of the liquidity attributes is very important for estimating liquidity level 

of stocks market. Given that liquidity is not directly observable, researchers make use of 

numerous proxies. Among many papers that investigate the proxies, the most comprehensive 

dataset of different liquidity measures is provided by Wyss (2004) where he compiles 31 

measures and investigates to what extent the measures co-move. 

All existing liquidity quantifiers can be classified into two groups. The first one consists of one-

dimensional liquidity measures that include a single variable capable of tracking only one 

liquidity attribute. The second group gathers the quantifiers that are suitable for capturing more 

than one dimension and it is referred to as multi-dimensional liquidity measures. The multi-

dimensional view can be achieved by combining one-dimensional variables in a meaningful way 

and therefore multi-dimensional quantifiers usually take the form of ratios. 

Compiled measures in Table 1 provide a reader with important details regarding each measure, 

however, some of them require additional elaboration in order to be understood completely. 

Particularly, the measures that combine two liquidity dimensions merit particular attention. One 

of those measures is the Amivest liquidity ratio that combines volume traded and absolute 

returns in order to estimate how high volume should be to move prices for one percentage point. 

The inverse of Amivest ratio is known as Amihud (2002) liquidity ratio which reveals the price 

impact of one Euro of trading volume. An underlying intuition is that the returns react strongly to 

the volume change in relatively illiquid markets while a Euro change in volume triggers only a 



10 
 

slight change in returns in liquid markets. In other words, stock price changes are more robust 

to the volume changes in liquid markets. 

Table 1 – Summary of Common Market Liquidity Measures 

Column A shows a prevailing notation of each measure. Column B provides information crucial for 

computing particular measure. Column C explains dimension(s) accounted by each measure. Since all 

equations have common ingredients, I provide a global list of notations used in all equations without 

referring to a particular one. Moreover, each equation has on the left-hand-side a symbol that refers to a 

proxy name in Column A. The rest of equations symbols stand for the following quantities. 𝑆 in Equation 3 

denotes bid-ask spread, 𝑃𝑎 refers to ask price while 𝑃𝑏 bid price, 𝑃𝑖 stands for stock price, 𝑄𝑖 is a notation 

of traded shares number, 𝑆 in Equation 2 denotes outstanding stocks number and 𝑃 to an average stock 

price in a sample of 𝑖 stocks, 𝑡𝑟𝑖 and 𝑡𝑟𝑖−1
 explain a time difference between two consecutive trades, 𝑁 

stands for shares traded between the 𝑡𝑖 and 𝑡𝑖−1
, 𝑟𝑡 shows returns of a stock at time 𝑡, 𝑞𝑡

𝑏 and 𝑞𝑡
𝑎 show 

quantity outstanding at the best bid and ask  price, respectively.  

 Liquidity proxy           Equation   Dimension 

Number          (A)             (B)         (C) 

1. Turnover value 𝑉𝑡 = ∑ 𝑃𝑖 ∗ 𝑄𝑖 Volume 

2. Turnover volume 𝑇𝑛 =
𝑉

(𝑆 ∗ 𝑃)
 Volume 

3. B/A spread 𝑆 = (𝑃𝑎 − 𝑃𝑏) 
Transaction-
costs 

4. Relative B/A spread 𝑆 =  
(𝑃𝑎 − 𝑃𝑏)

(𝑃𝑎 + 𝑃𝑏)/2
 

Transaction-
costs 

5. 
Number of trades per 
time unit 

𝑁𝑡 Time related 

6. 
Waiting time between 
trades 

𝑊𝑇𝑡 =
1

𝑁 − 1
∑ 𝑡𝑟𝑖 − 𝑡𝑟𝑖−1

𝑁

𝑖=1

 Time related 

7. Amivest liquidity ratio 𝐿𝑅𝑡 =
𝑉𝑡

|𝑟𝑡|
 

Volume and 
Price 

8. Amihud liquidity ratio 𝐼𝐿𝐿𝐼𝑄𝑡 =
|𝑟𝑡|

𝑉𝑡
 

Volume and 
Price 

9. Flow ratio 𝐹𝑅𝑡 =
𝑉𝑡

𝑊𝑇𝑡
 

Volume and 
Time 

10. Order ratio 𝑂𝑅𝑡 =
|𝑞𝑡

𝑏 − 𝑞𝑡
𝑎|

𝑉𝑡
 

Volume and 
Price 

  Source: Compiled from different authors across cited research articles 
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Observed together, the two measures are among the most commonly used liquidity quantifiers 

and according to Bekaert (1995), serve as the main proxy in numerous papers that investigate 

liquidity of NASDAQ stocks. Additionally, Lou and Shu (2017) argue that over the  2009-2013 

period, more than one hundred papers based on Amihud's ratio were published in prestige 

financial journals. However, in spite of the popularity, the measures have also downsides. 

Firstly, as Kumar (2015) argues, the main limitation of Amihud’s ratio is that it does not account 

for a number of days without trading, which is an important determinant of illiquidity. Secondly, 

Amihud’s and Amivest’s ratios are only defined when returns are different than zero and 

therefore certain caution should be taken when computing these measures. 

 

2.4 Stock Markets Interdependence and Commonality in Liquidity 

Stock markets across the globe exhibit a large degree of interdependence. For instance, Ning 

(2009) explains that returns of European (FTSE100, DAX, CAC40), American (S&P500, TSX) 

and East Asian (KOSPI, HSI, NIKKEI225) indices tend to move together. According to him, 

dependence is greater for intracontinental pairs than for intercontinental. On the intracontinental 

level, French, German, and UK stock market show the highest degree of correlation. Moreover, 

the author argues that the dependence varies over time and that the relation becomes stronger 

over stress periods. 

Other available evidence also point to the direction of strongly related equity markets. For 

example, Longin and Solnik (2001) investigate the relation between US, UK, German, French, 

and Japanese equity market index returns. They find that returns interdependence exists and 

that correlation between indices increases with the decrease of returns. Moreover, the 

researchers explain that the degree of dependence follows the market trend (bullish or bearish) 

rather than market volatility per se. 

Similar to the previously explained viewpoints, Forbes and Rigobon (2002) confirm that stock 

market indices of the United States, Canada, Germany, the United Kingdom, and Japan follow a 

similar path. However, they contrast the previous findings by arguing that correlation among 

indices does not increase significantly during distress. Graph 2 shows the empirical findings that 

advocate the hypothesis of strongly related equity markets. 
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Graph 2 – Comovement of Stock Markets Indices 

Source: Forbes and Rigobon (2002) 

 

The graph illustrates co-movement of five indices around US stock market crash in October 1987. The 

base value of 100 is set for all indices in September 1987, whereby the figures are based on the indices 

values. 

Minding the evidence of global equity markets connectedness, it is worth noting that European 

stock markets also exhibit a high degree of dependence. As Bartram et al. (2004) explain, after 

the introduction of common currency, the dependence of equity markets in the EU has 

increased but only for relatively large markets, i.e. the Netherlands, Germany, France, and 

Spain. The United Kingdom was not part of the Union back then but the relation of UK stock 

market and equity markets of other European countries was present. 

More recent evidence provided by Dajčman (2013) highlights that certain European markets 

have a leading role in setting returns dynamic while other markets exhibit lagging behavior. In 

his study, Dajčman investigates market linkages by examining German (DAX), French (CAC40), 

UK. (FTSE100), and Austrian (ATX) stock indices and their relation. He points out that FTSE100 

returns flow precedes CAC40 and DAX returns dynamics and to lesser extent ATX drift. Hence, 

spillovers from UK to French and German market reveal that the dynamics in large markets 
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indicate the development of smaller markets. 

Not only that stock markets exhibit similar value development of the indices, but they also 

display common components which determine stock market liquidity. Commonality in liquidity 

can be defined as a set of underlying forces that drive stock markets liquidity, after controlling 

for individual stocks characteristics. In other words, commonality in liquidity reveals components 

of particular stocks market that influence liquidity of all stocks traded at that market.   

As Karolyi et al. (2012) explain, commonality in liquidity can arise from supply and demand side 

of the market. Supply-side effect is presented as in Brunnermeier and Pederesen (2009). 

Specifically, financial intermediaries act as liquidity providers but face funding constraints over 

periods of increased market uncertainty. As uncertainty about fundamentals increases, financial 

intermediaries face higher margins and have to close positions at losses, resulting in reduced 

market-making activities and consequently lower liquidity. The authors show that commonality is 

stronger in countries with high volatility, high interest rates, and weakly developed financial 

markets. 

Karolyi et al. (2012) test demand-side commonality by considering the correlation of trading 

activities of international and institutional investors, preferences over individual stocks trading, 

and investors sentiment. Underlying idea is that synchronized investors’ behavior puts pressure 

on buy/sell side of the market and consequently affects market liquidity. Results point out that 

markets characterized by large institutional ownership of stocks and large international 

ownership display stronger common variations in liquidity. In addition, higher commonality 

coincides with the market setting in which investors receive low protection and with markets of 

low transparency. What is more, it appears that commonality increases with investors’ optimistic 

views. 

The authors present results of liquidity commonality across countries as shown in Graph 3. The 

graph summarizes demand and supply side commonality in one measure. As it can be seen, 

certain countries exhibit similar overall influence of common liquidity components that determine 

its stock market liquidity.  
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Graph 3 – Cross-country Commonality in Liquidity 

Source: Karolyi et al. (2012) 

 

The graph shows liquidity commonality measure (𝑅𝑙𝑖𝑞
2 ) across different countries in February 1995, 

August 2004, and October 2008. Vertical axis denotes countries while horizontal axis shows the degree 

of liquidity commonality whereby larger number means stronger common variations in liquidity among all 

stocks in a country. 

The evidence presented here seems to suggest that stocks liquidity forecasting can be 

exercised by taking into account variables that derive from other stock markets. Specifically, this 

paper predicts ILLIQ level of Dutch stocks index constituents by the means of equally-weighted 

average of ILLIQ measure of German, French, and UK stocks index. The forecasting is 

premised on a class of ARIMA models that allows for exogenous variables, which is also known 

as ARIMAX. 

3. Data  

The data was collected using Datastream and all further computations were carried out by 

making use of STATA software. The resulting dataset consists of daily Amihud’s illiquidity 

measure (hereafter “ILLIQ”) of 24 Dutch Index (AEX) constituents and equally-weighted ILLIQ 

average of 3 indices’ (FTSE100, DAX, CAC40) constituents. The time span of the data covers 

the period from January 2002 through March 2017 and all observations have daily frequency. 
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ILLIQ was computed for each individual stock of AEX Index by following Equation 8 in Table 1. 

This measure is then subject to scaling and natural logarithm transformation. Likewise, ILLIQ 

was calculated for all individual stocks of DAX, FTSE100, and CAC40 index. In order to express 

each index ILLIQ by one figure, I take weighted-average of constituents’ ILLIQ where weights 

represent trading volume of particular stock compared to total value traded at that day. The 

complete equation of the three indices ILLIQ can be expressed as below. 

𝐼𝐿𝐿𝐼𝑄𝑡
𝑖𝑛𝑑𝑒𝑥 =  ln (108(∑

𝑉𝑡,𝑖

𝑉𝑡
∗ 𝐼𝐿𝐿𝐼𝑄𝑡,𝑖 ))𝑛

𝑖=1        [1] 

In Equation 1, 𝐼𝐿𝐿𝐼𝑄𝑡
𝑖𝑛𝑑𝑒𝑥 denotes illiquidity of an index (DAX, FTSE100, or CAC40) at day 𝑡, 𝑛 

stands for the number of stocks in the index, 𝑉𝑡,𝑖 shows volume by value of constituent 𝑖 at day 

𝑡, 𝑉𝑡 is total volume by value at day 𝑡, and 𝐼𝐿𝐿𝐼𝑄𝑡,𝑖 stands for ILLIQ of a stock 𝑖 at day 𝑡 

computed by using Equation 8 in Table 1, 108 denotes scaling factor and ln natural logarithm. 

Given Equation 8 in Table 1, it can be proved that Equation 1 reduces to equally-weighted 

average of the following form. 

𝐼𝐿𝐿𝐼𝑄𝑡
𝑖𝑛𝑑𝑒𝑥 =  ln (108 (∑

|𝑟𝑡,𝑖|

𝑉𝑡

𝑛
𝑖=1 ))        [2] 

Hence, ILLIQ measure of the indices shows an average price reaction of all constituents to one 

EUR of traded volume at a particular day. 

It is worth noting that ILLIQ cannot be calculated if both traded volume by value and absolute 

returns of a stock are not available. Similarly, if the absolute return of a stock equals zero it 

means that a stock does not face any price impact and consequently ILLIQ takes zero value. 

Assuming that moments of zero price impact are coincidence more than regularity, 

computations in this paper do not take into account observations with zero ILLIQ and 

observations where ILLIQ measure cannot be computed due to lack of data. Precisely, AEX 

constituents display 1,346 (1,35%) zeros and 13,172 (13,24%) missing values out of 99,452 

daily observations. Moreover, out of 680,238 daily observations used to derive the three indices’ 

ILLIQ, 12,527 (1,84%) individual observations ILLIQ measures take zero value while 90,390 

(13,29%) cannot be computed. 

After computing ILLIQ of 24 individual stocks and ILLIQ of DAX, FTSE100, and CAC40, the 

complete dataset was scaled by 108 and then transformed by taking the natural logarithm of 

each observation, both for stocks and indices. Scaling of data was carried out in order to avoid 

very small numbers in results that raw ILLIQ measure assumes (e.g. numbers with more than 5 
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decimals). Logarithmic transformation was applied in order to reduce the impact of extreme 

values, i.e. in order to avoid models adaptation to the most extreme values – explaining a part in 

the bulk of data. 

In spite of the very small number of stocks (25) that construct AEX Index, the constituents that 

have a small number of observations relative to the rest of sample were eliminated from the 

dataset. Specifically, ABN AMRO stock was removed from the sample due to the low number of 

observations (351). For this reason, the final sample contains 24 constituents eligible for the 

analysis.  

After carrying out the aforementioned changes, the dataset was subjected to winsorizing 

process with the intention to further reduce the impact of extreme values. Explicitly, winsorized 

data was generated from existing dataset by using 1 and 99 percentile cuts, resulting in a set of 

variables that have been treated for extreme values next to the original data. Given these 

points, the final database encompasses two sets of data, the original data and the winsorized 

data for each of 24 stocks and the 3 indices. The purpose of this setting is that a program 

developed for the analysis uses the refined data for model identification while forecasting 

concerns only the actual data presented in Table 2 and Table 3. 

Additionally, a graphical overview of ILLIQ measure distribution of Royal Dutch Shell stock and 

DAX index is shown in Graph 4, Panel A and B, respectively. These items are selected 

arbitrarily for the purpose of providing a more insightful overview of the data while the rest of the 

dataset is not reported here due to space constraints. As it can be seen from the graph, ILLIQ of 

both DAX Index and Royal Dutch Shell exhibit excessive kurtosis and skewness compared to 

the normal distribution properties.  
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Table 2 – Descriptive Statistics of AEX Index Constituents ILLIQ 

The table provides an overview of the ILLIQ data after the scaling and taking natural logarithm. A number 

of observations, mean, standard deviation, minimum, maximum value, skewness, and kurtosis are 

presented for 24 stocks. It is also worth noting that the dataset was subjected to all explained 

manipulations except winsorizing that features the second dataset which can be seen in Appendix A, 

Table A1, together with full notations of the stocks and indices. 

Number Variables N SD Mean Min Max Skewness Kurtosis 

1. aalberts 2,781 1.445 5.528 0.105 10.73 0.104 3.595 

2. aegon 2,781 1.145 2.903 -1.587 6.800 -0.455 3.312 

3. altice 666 1.324 4.056 -0.305 8.388 -0.382 3.553 

4. delhaize 2,781 1.040 2.655 -1.770 6.281 -0.662 3.738 

5. akzo 2,781 1.132 2.919 -1.880 5.667 -0.843 3.883 

6. arcelormittal 2,737 3.426 3.813 -3.162 17.00 1.656 5.013 

7. asml 2,781 1.158 2.578 -2.393 5.800 -0.750 4.186 

8. boskalis 2,781 1.678 4.975 -1.347 11.60 0.429 3.851 

9. dsm 2,781 1.093 3.086 -2.094 6.113 -0.809 4.106 

10. galapagos 2,343 2.274 7.593 0.173 16.01 0.177 2.876 

11. gemalto 2,471 1.350 4.292 -0.963 10.33 -0.375 3.611 

12. heineken 2,781 1.099 2.729 -1.823 5.176 -0.919 3.835 

13. ing 2,781 1.202 1.794 -2.738 5.335 -0.462 3.618 

14. kpn 2,781 1.098 2.570 -2.306 5.262 -0.566 3.305 

15. nn 588 1.235 3.639 -0.422 6.550 -0.469 3.464 

16. philips 2,781 1.063 2.193 -1.868 4.773 -0.756 3.677 

17. randstad 2,781 1.540 4.175 -1.289 10.62 0.396 4.398 

18. relx 2,781 1.088 3.110 -1.199 6.016 -0.770 3.754 

19. shell 2,781 1.074 1.143 -2.689 3.809 -0.807 3.517 

20. sbm 2,781 1.137 4.212 -0.0017 7.594 -0.646 3.580 

21. uniball 2,781 1.404 2.905 -2.771 7.218 -0.476 4.125 

22. vopak 2,781 1.505 4.850 -0.585 9.668 0.0673 3.733 

23. wolters 2,781 1.091 3.601 -0.989 6.375 -0.726 3.641 

24. uniliver 2,781 1.010 1.468 -3.194 3.936 -1.090 4.555 
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Table 3 – Descriptive Statistics of DAX, FTSE100, and CAC40 Index ILLIQ 

The table shows a number of observations, mean, standard deviation, minimum, maximum value, 

skewness, and kurtosis of the 3 indices ÍLLIQ. Figures presented in the table were subject to scaling and 

transformation by taking the natural logarithm of values. Winsorized dataset of the indices is provided in 

Appendix A, Table A2. 

Number Variables N SD Mean Min Max Skewness Kurtosis 

1. cac 2,781 0.505 2.748 1.200 4.566 0.389 3.167 

2. ftse 2,781 0.539 3.318 1.711 5.372 0.0570 3.017 

3. dax 2,781 0.532 2.301 -0.305 4.690 0.0463 3.898 

 

Graph 4 – Distribution of Royal Dutch Shell and DAX Index ILLIQ measure  

(A)        (B) 

 

Panel A and B show histograms with frequencies and overlay normal distribution density curves of Royal 

Dutch Shell stock ILLIQ measure and of DAX Index ILLIQ, respectively. As it can be noticed from Panel 

A, the stock’s ILLIQ measure exhibits excessive kurtosis and left-side skewness in comparison to normal 

distribution. In contrast, DAX Index ILLIQ in Panel B demonstrates skewness close to zero that features 

normal distribution. However, kurtosis takes a value above 3 which is not in accordance with normal 

distribution properties. Therefore, the both panels illustrate non-normally distributed data.   

4. Methodology 

The aim of the paper is to find the most accurate model for predicting stock market liquidity. In 

the hope that such a model exists, I thoroughly examine and compare performances of four 

dynamic models which include Moving Average (MA), Autoregressive Model (AR), 

Autoregressive Integrated Moving Average (ARIMA), and Autoregressive Integrated Moving 
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Average with Exogenous Variables (ARIMAX). These models are chosen because they 

represent widely used means of dealing with time-series that exhibit autocorrelation. Given that 

many financial time-series exhibit autocorrelation, I find the model choice reasonable for the 

liquidity investigation.  

4.1 Liquidity Modelling 

In this study, I approach liquidity modeling by making use of four different methods. Given that 

stationarity is not an important concern for short-term forecasting, and that ILLIQ dataset 

displays autocorrelation as shown in Graph 5, I consider this paper’s dataset suitable for 

liquidity forecasting by the means of ARIMA models family.  

Graph 5 – Autocorrelation and Partial Autocorrelation Function of Royal Dutch Shell ILLIQ 

(A) (B) 

 

Panel A denotes autocorrelation (AC) of Royal Dutch Shell ILLIQ while panel B shows partial 

autocorrelation (PAC). Vertical axes represent the strength of AC and PAC, respectively. Horizontal axes 

denote AC and PAC of respective lag with the current value of the time series.  

The most extensive model used in the study is known as ARIMAX model and all other models 

can be expressed as its special cases. This model can be posited by the following equation.  

𝐼𝐿𝐿𝐼𝑄𝑡 =  𝜇 + 𝛽1𝐶𝐴𝐶𝑡−1 + 𝛽2𝐷𝐴𝑋𝑡−1 + 𝛽3𝐹𝑇𝑆𝐸𝑡−1 +  ∅1 𝐼𝐿𝐿𝐼𝑄𝑡−1 +…+∅𝑝 𝐼𝐿𝐿𝐼𝑄𝑡−𝑝 + 𝜃1 𝜀𝑡−1 + … 

+𝜃𝑞 𝜀𝑡−𝑞 +  𝜀𝑡,        𝜀𝑡  ~ 𝑖. 𝑖. 𝑑 𝑁(0, 𝜎2)           [3] 

In Equation 3, 𝐶𝐴𝐶𝑡−1, 𝐷𝐴𝑋𝑡−1, and 𝐹𝑇𝑆𝐸𝑡−1 denote illiquidity one period ago of French, German 

and the UK market expressed in form of ILLIQ Amihud’s measure, 𝐼𝐿𝐿𝐼𝑄𝑡−1,…, 𝐼𝐿𝐿𝐼𝑄𝑡−𝑝 stand 

for particular stock ILLIQ 1,2,..,𝑝 days ago and 𝜀𝑡−1,…, 𝜀𝑡−𝑞 denote errors of estimates 
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generated 1,2,..,𝑞 periods ago. Terms 𝛽1,  𝛽2,  𝛽3, ∅1, ∅𝑝,   𝜃1, and 𝜃𝑞 stand for coefficients, 𝜀𝑡 

represents random shock at period 𝑡 and 𝜇 represents constant. 

Aforementioned choice of the exogenous variables rests on the fact of the interdependence of 

European stocks markets. Specifically, liquidity levels across the EU markets exhibit high 

correlation coefficients2 and this effect can be possibly exploited in explaining individual stocks 

liquidity of DAX Index constituents. In other words, if there are liquidity spillovers across the 

three major European economies, it is likely that a fraction of the spillovers effects also 

individual stocks liquidity of another large European stocks market – Dutch stocks market.  

The expressed view is in line with commonly observed markets states where a structural 

change in one country heavily affects the country’s index. Consequently, the tendency of 

individual markets to react on this impulse can be considered reasonable given the fact that all 

countries belong to the EU market. Hence, a fraction of the initial shock will be transmitted to 

other economies in the Union in form of change in countries’ indices. Since the indices are 

compiled of individual stocks, each stock will reflect the new state of the market as a whole. 

Other three models estimated in the paper are nested models of ARIMAX. Hence, if ILLIQ 

measures of foreign markets abandon Equation 3, the equation reduces to ARIMA model. In 

ARIMA framework, the current value of a variable is explained by properly weighted lagged 

terms of the variable (𝑝), 𝑞 previous random shocks coupled with an unconditional mean of time 

series and random shock at present moment. 

In a similar way, if both exogenous variables and previous error components leave Equation 3, 

the resulting model is pure AR. In this setting, liquidity of a stock is modeled merely by the 

means of past ILLIQ values of respective stock. Consequently, ILLIQ current value is given by 

an average of past values plus a fraction of last 𝑝 lags plus a random shock, where 𝑝 

determines a number of the past values needed for computing current ILLIQ level. Therefore, if 

the present can be modeled by the means of only past values, AR is the convenient model for 

forecasting. 

Ultimately, if one removes all the terms from Equation 3 except autoregressive components and 

under the assumption that the number of autoregressive terms equals 20 (𝑝 = 20), whereby 

                                                           
2 Variance inflation factor (VIF) was used to test the degree of correlation between the exogenous variables. VIF 
statistic for DAX ranges from 2.28 to 3.37, for FTSE from 2.03 to 2.91, and for CAC from 2.42 to 4.09. Given the rule 
of thumb that VIF should not be greater than 4, the degree of correlation between the indices can be considered 
high but within the boundary.  
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∅1 =  ∅2= ,…., ∅𝑝 =  
1

20 
, the equation boils down to 20-day MA. This model assumes that the 

best guess of tomorrow’s ILLIQ of a stock can be derived by averaging over last 20 days ILLIQ. 

4.2 Model Selection Criterion and White-Noise  

All previously explained models involve a number of parameters to be estimated. In one hand, a 

number of variables that enter into a model should be sufficient to provide reliable description of 

actual data. In the other hand, models with fewer variables commonly provide better out-of-the-

sample forecasting performances. Model selection criterion that balances between the two 

requirements is known as Bayesian information criterion (BIC) and it is used throughout the 

paper for selecting optimal number of lags and structure of the indices used for forecasting. BIC 

takes the following form. 

𝐵𝐼𝐶(𝑘) = 𝑇 𝑙𝑜𝑔 �̂�2 + 𝑘𝑙𝑜𝑔𝑇         [4] 

In the above equation, 𝑇 denotes size of the sample, 𝑘 number of parameters, and �̂�2 is the 

residuals variance. As it can be seen from the equation, BIC multiplies 𝑘 by the logarithm of the 

sample size given by 𝑇. Hence, BIC weights additional variables and allows their entrance only 

if they reduce residuals variance in magnitude that is enough to offset inclusion of extra 

variables. Because of this feature, the paper is geared toward models with fewer variables.  

After utilizing the models in the aforementioned setup, I obtain forecast error terms (𝜀�̂�) of all 24 

stocks in order to analyze models efficiency. White-noise is desirable property of error terms 

because it testifies capability of utilized model to capture the underlying DGP (Data Generating 

Process) whereby the errors do not exhibit statistically significant autocorrelation. In the present 

study, residuals are formally tested for white-noise by the means of Ljung-Box test. 

Results of these tests are reported in the main results section by indicating whether a particular 

model has white-noise residuals. It is worth noting that failure of a model to generate white-

noise residuals means that residuals exhibit certain pattern which might be utilized by a different 

model in order to explain better particular stock liquidity. In other words, residuals still contain 

potentially important information for explaining stock liquidity that is not utilized by the current 

model.  

 

4.3 Mean Squared Prediction Error and Diebold-Mariano Test  

The degree of models’ capability to accurately predict liquidity levels is quantified by Mean 
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Squared Prediction Error (MSPE). This measure can be mathematically expressed as in 

Equation 5. 

𝑀𝑆𝑃𝐸 =  
1

𝑁
∑ 𝜀�̂�

2𝑛
𝑡=1 =  

1

𝑁
∑ (𝐼𝐿𝐿𝐼𝑄𝑡 − 𝐼𝐿𝐿𝐼𝑄𝑡

̂ )
2𝑛

𝑡=1        [5] 

Where 𝑁 and 𝑛 denote total number of predicted ILLIQ values, 𝜀�̂�
2
 represents squared forecast 

error term, and the term in brackets denotes the difference between ILLIQ actual level at 

moment  𝑡 and forecasted ILLIQ value. 

MSPE shows an average model accuracy in form of squared prediction error. In other words, 

MSPE answers the question: how much on average was a model far from actual value? 

Needless to say, model accuracy increases as MSPE decreases. Naturally, models with smaller 

MSPE are considered more accurate. 

Comparison of the examined models is based on MSPE and Diebold-Mariano (DM) test. The 

corresponding hypothesis tested via DM test can be formally expressed as follows.  

𝐻0:   𝐸[𝐿(𝜀�̂�
2 (𝑚𝑜𝑑𝑒𝑙 1))] −  𝐸[𝐿(𝜀�̂�

2 (𝑚𝑜𝑑𝑒𝑙 2))] = 0       [6] 

𝐻1:   𝐸[𝐿(𝜀�̂�
2 (𝑚𝑜𝑑𝑒𝑙 1))] −  𝐸[𝐿(𝜀�̂�

2 (𝑚𝑜𝑑𝑒𝑙 2))] ≠ 0 

Notations in Equation 6 are given in general form where 𝐸 denotes unconditional expectation, 𝐿 

stands for particular function of squared residuals, 𝑚𝑜𝑑𝑒𝑙 1 and 𝑚𝑜𝑑𝑒𝑙 2 denote two competing 

models. 

In the current framework, DM method tests two competing models’ MSPEs. Depending on the 

test’s results, there are three different cases. If the difference between 𝑀𝑆𝑃𝐸𝑚𝑜𝑑𝑒𝑙1 and 

𝑀𝑆𝑃𝐸𝑚𝑜𝑑𝑒𝑙2 is statistically significant and negative, one rejects null hypothesis of equal MSPEs 

in favour of the first model. Similarly, if the difference is positive and statistically significant, null 

hypothesis is rejected in favour of the second model. Ultimately, if the difference is either 

positive or negative but not statistically significant, one fails to reject null hypothesis meaning 

that two models have the same prediction accuracy.  

4.4 Rolling Window Forecasting and Models Dynamic 

This paper makes use of dynamic rolling window for models estimation and ILLIQ forecasting. 

All discussed models are parts of the rolling window which allows their maximum flexibility 

inside predefined boundaries. In addition, the dynamic program uses BIC for determining 

models’ structure and therefore favors the models with fewer variables. 
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Dynamic loop inside the program proceeds through all 24 stocks, estimates the most suitable 

structure for every model and generates 20-step ahead ILLIQ forecasts, prediction errors, 

squared prediction errors, and information about the optimal model structure. These details are 

available for each stock and represent the main input used for models accuracy comparison.   

Setup of the rolling window and behavior of each model discussed in the paper can be depicted 

by Graph 6. 

As it can be seen from Graph 6, estimation and forecasting are grounded on two different 

datasets emphasized by superscript 𝑟 (real dataset) and 𝑤 (winsorized datset). In one hand, 

there is a dataset that contains actual ILLIQ values of 24 stocks and 3 indices (scaled and 

subject to natural logarithm transformation). In the other hand, there is a second dataset which 

was subject to transformation in form of smoothing out ILLIQ values that take extreme levels 

relative to the rest of each stock or index sample (𝑤 dataset).  

The argument in favor of double dataset rests on the assumption that model estimation based 

on smoothed dataset rules out a chance that a model adjusts toward explaining the most 

extreme values and therefore partially ignore the bulk of other data.  

Then again, the study aims for predicting ILLIQ based on originally observed values. To give an 

illustration, an asset manager is interested in tomorrow’s liquidity of a stock which she intends to 

sell but in real terms of ILLIQ measure and not on a predicted value that is based on smoothed 

dataset. Needless to say, practical application of the forecasting depends on the extent to which 

a model predicts real ILLIQ levels. 

In order to explain the construction of the rolling window, I provide steps that characterize the 

loop used for models estimation and forecasting. The loop processes all 24 stocks, one by one, 

and the steps involved are repeated until a stock sample gets exhausted. It is important to 

mention that the loop bases on the assumption that one year has around 250 working days and 

a month 20. Under this assumption, it can be said that the loop uses one year of data for model 

estimation and then predicts consecutive month ILLIQ. 
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Graph 6 – Rolling window estimation and forecasting 

 

The graph shows estimation and forecasting structure of MA, AR, ARMA, and ARMAX model over time. 

The main horizontal line represents the size of a stock sample whereby each point denotes daily ILLIQ of 

the stock. It is also worth noting that the horizontal line does not express geometric distance accurately 

due to space constraint. Symbols  𝐴𝑅𝑤 , 𝐴𝑅𝑀𝐴𝑤 , 𝐴𝑅𝑀𝐴𝑋𝑤 denote utilization of each model on winsorized 

dataset while notations 𝐴𝑅𝑟 , 𝐴𝑅𝑀𝐴𝑟 , 𝐴𝑅𝑀𝐴𝑋𝑟refer to implementation of the models on real (non-

winsorized) dataset. MA stands for 20-day Moving Average model that is reported in later sections only 

for actual dataset. Symbols  𝑝, 𝑞, 𝑎𝑛𝑑 𝑥 respectively denote number of autoregressive terms, moving 

average terms, and structure of exogenous variables in a given model. 

Minding sequence of events given by Graph 6, the rolling window dynamics can be interpreted 

as follows. 

1. The program takes first 250 non-missing observations which represent daily ILLIQ levels 

of a respective stock, based on Winsorized (𝑤) dataset. Taking into account those 250 
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inputs, the program loops through all possible combinations of parameters within 

predefined range for a respective model and looks for a combination of the parameters 

that minimize BIC criterion. With respect to a model, possible combinations of parameters 

are given as indicated below. 

 𝐴𝑅(𝑝) process can include last 1, 2, or 3 ILLIQ values, i.e. 𝑝 can take values 

from 1 to 3. 

 𝐴𝑅𝑀𝐴(𝑝, 𝑞) allows all combinations of 𝑝 and 𝑞 where both parameters range 

from 1 to 3. 

 𝐴𝑅𝑀𝐴𝑋(𝑝, 𝑞, 𝑥) model lets 𝑝 = 0, 1, 2, 3 and 𝑞 = 0, 1, 2, 3. The third term, 𝑥, 

denotes 8 possible combinations of three indices.      

 𝑆𝑀𝐴(20) model does not involve looping as it always uses fixed parameter of 

value 20. Moreover, the model only exploits the last 20 observations in each 

estimation subsample in order to forecast subsequent value. Hence, the next 

relevant step for this model is listed under number 4 of this list. 

2. Once the program finds model parameters that minimize BIC, it saves them in memory. 

Depending on a model, it saves 𝑝 value, 𝑞 value, and one of the indices combination that 

assures the lowest BIC. With this action, model estimation in the actual subsample is 

over. 

3. The program proceeds with 20-step ahead forecast which bases on the previously 

estimated model structure. It is worth noting that the optimal model structure cannot be 

derived if log-likelihood estimation fails. In that situation, the program looks for the 

parameters of last available optimal model and continues forecast with these parameters. 

For instance, if the loop fails to estimate optimal parameters for the period 41 – 290, the 

consequent 20-step ahead forecast is carried out on the basis of optimal parameters 

estimated for the period 21 – 270. 

4. After gathering forecasted values, the loop stores those 20 predicted values and 

automatically computes and saves prediction errors by subtracting forecasted values 

from actual (non-winsorized) values. In the case of 𝑆𝑀𝐴(20), the program performs 1-

step ahead forecast based on last 20 values and then stores the predicted values 

together with forecast error in the same way as for other models. 

5. Rolling window proceeds further throughout the sample by dropping first 20 observations 

from the subsample and adding next 20 observations to the subsample. All the previous 

steps are applied in the same order until a stock sample becomes exhausted. 
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Just presented list shows the dynamics and relative complexity of each model estimated in the 

present study. However, there are two points to be emphasized regarding models relevance for 

practical application. 

Firstly, 𝑆𝑀𝐴(20) requires almost no computational efforts and time needed to carry out the 

calculations is negligible. On the other hand, 𝐴𝑅𝑀𝐴𝑋(𝑝, 𝑞, 𝑥) model utilization for liquidity 

forecasting in the presented form consumes several hours. This extreme difference questions 

practical relevance of  𝐴𝑅𝑀𝐴𝑋(𝑝, 𝑞, 𝑥) and other two models that are undoubtedly more time-

consuming than 𝑆𝑀𝐴(20). Therefore, the relative comparison of models’ results should reveal 

usefulness of more comprehensive models. In other words, 𝑆𝑀𝐴(20) can be considered basic 

benchmark and failure of other models to provide more reliable forecasts than 𝑆𝑀𝐴(20) 

essentially means that those models are inferior both in terms of prediction accuracy and time 

consumption.  

Secondly, relative performance of 𝐴𝑅𝑀𝐴(𝑝, 𝑞) and 𝐴𝑅𝑀𝐴𝑋(𝑝, 𝑞, 𝑥) also have an interesting 

connotation. As it can be seen from the list, the two models are very much alike beside the fact 

that 𝐴𝑅𝑀𝐴𝑋(𝑝, 𝑞, 𝑥) includes liquidity levels of the three indices on the right-hand-side of 

regression. Consequently, if 𝐴𝑅𝑀𝐴𝑋(𝑝, 𝑞, 𝑥) forecasting outperforms 𝐴𝑅𝑀𝐴(𝑝, 𝑞), the 

exogenous variables can be considered useful and this framework would set the foundation for 

further exploitation of possible liquidity spillover effect for the purpose of liquidity forecasting . 

These assumptions are formally tested and discussed in the forthcoming results section.  

5. Empirical Results 

Findings presented here shed a light on liquidity forecasting methods that can be utilized by 

asset managers in order to protect themselves from the unfortunate scenario of severe price 

effect caused by incapability of market to absorb large trades without significant price 

movements.  

Detailed reports on each model’s results provide insights about the most reliable method for 

achieving an asset manager’s goals. Moreover, the results give a clue about liquidity 

interconnectedness between stocks markets and relevance of this information for an accurate 

liquidity forecast. 

5.1 ILLIQ Forecasting Results 

Table 4 reveals the main findings of this paper. Results are presented in a way which allows an 
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overview of models’ performances on a stock level as well as an overview of average 

performances of each model. Models’ names are given in the top row of the table while the 

second row denotes obtained parameters for each model and stock. The intersection of a 

parameter in a column and a stock name in a row shows the findings for particular stock under a 

given model. 

The last row summarizes MA, AR, ARIMA, and ARIMAX model performances, respectively. It is 

worth noting that the values in the row do not represent simple average over columns, except 

for three indices. Specifically, the figures are collected by merging 24 time-series into one, with 

respect to a particular parameter. In other words, the time-series of a particular parameter, 

under a given model, results from averaging over 24 individual stocks’ time-series with respect 

to that parameter. The resulting time-series is then used for reporting overall performances of a 

model. 

MSPE is the main criterion used for models’ performances comparison on a stock level as well 

as for determining overall prediction accuracy of a model. This measure is reported in Table 4 

for each model and stock together with rank (R columns) which directly originates from MSPE.  

On a stock level, for a given model, MSPE is computed by averaging over squared residuals as 

shown in Equation 7.  

𝑀𝑆𝑃𝐸𝑠𝑡𝑜𝑐𝑘
𝑚𝑜𝑑𝑒𝑙 =  

∑ 𝜀𝑡
2𝑁

𝑡=1

𝑁
          [7] 

In equation 7, 𝑀𝑆𝑃𝐸𝑠𝑡𝑜𝑐𝑘
𝑚𝑜𝑑𝑒𝑙 denotes MSPE of particular stock under given model, ∑ 𝜀𝑡

2𝑁
𝑡=1  

represents sum of squared residuals over time for a stock under a given model, 𝑁 shows a 

number of generated squared prediction errors, 𝑡 represents time expressed in days. 

Rank of a model on a stock level is determined by applying Diebold-Mariano test on two 

competing models squared residuals. If the difference between two models’ squared residuals is 

significant on average, the model with lower MSPE receives a higher rank. If the difference is 

not statistically significant, both models receive the same rank. The procedure followed in 

assigning models’ ranks on a stock level can be seen in Appendix B, Table B1. 
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Table 4 – ILLIQ Forecasting with MA, AR, ARIMA, and ARIMAX 

Main results of this study are presented in the table below, where MSPE stands for Mean Squared Prediction Error, R refers to rank of a model relative to 

other three models on a stock level, W reports White-Noise (Ljung-Box) test results on 95% confidence level, AR/MA denote an average number of AR/MA 

lags used for liquidity forecasting on a stock level, and C, D, and F report how frequent was each index ILLIQ in optimal models that are estimated after 

each 20 observations on a stock level. This measure is given in percentages for CAC40 (C), DAX (D), and FTSE100 (F). AVR stands for Average and 

reports summarized performances of each model for all 24 stocks. Notation ~ next to a model rank means that a model does not have significantly different 

squared residuals on 95% confidence level compared to at least one other model. Hence, if a stock has two models that have the same rank, it means that 

the two models do not differ significantly in terms of squared prediction errors. 

 20D-MA  AR  ARIMA  ARIMAX  

Stock MSPE R W MSPE R W AR MSPE R W AR MA MSPE R W C D F AR MA 

aalberts 1.124 1 N 1.256 4 N 1.61 1.177 2 N 1.13 1.17 1.197 3 N 3.16 3.16 6.32 0.82 0.90 
aegon 0.983 1 N 1.107 3 N 1.69 1.033 2~ N 1.16 1.29 1.042 2~ N 2.36 5.51 11.02 0.66 0.71 
altice 1.345 1~ Y 1.409 2~ N 2.11 1.340 1~ Y 1.03 1.00 1.413 2~ Y 4.76 14.28 9.52 0.94 0.97 
delhaize 0.931 2 N 0.967 4 N 1.27 0.935 1 N 1.24 1.26 0.953 3 N 11.02 6.29 16.53 0.41 0.33 
akzo 1.070 1 N 1.193 4 N 1.25 1.136 2 N 1.11 1.18 1.154 3 N 7.09 21.26 22.83 0.44 0.45 
arcelormittal 1.082 1 Y 1.327 3 N 2.07 1.225 2~ N 1.18 1.24 1.232 2~ N 4.03 8.06 4.03 0.76 0.75 
asml 1.059 1~ N 1.086 2 N 1.47 1.071 1~ N 1.31 1.21 1.065 1~ N 3.17 7.14 15.87 0.55 0.48 
boskalis 1.236 1 N 1.348 4 N 1.61 1.276 2 N 1.27 1.22 1.288 3 N 1.58 7.89 2.37 0.93 0.97 
dsm 1.047 1 N 1.120 3 N 1.13 1.092 2~ N 1.19 1.23 1.096 2~ N 22.83 16.53 18.03 0.49 0.52 
galapagos 1.178 2 N 1.363 4 N 2.42 1.247 1 N 1.14 1.06 1.267 3 N 1.90 2.85 9.52 1.28 0.78 
gemalto 1.183 1~ N 1.229 2 N 1.35 1.202 1~ N 1.10 1.31 1.211 1~ N 3.62 9.04 25.33 0.50 0.51 
heineken 1.113 1 N 1.161 3 N 1.14 1.127 1~ N 1.27 1.19 1.145 2 N 11.85 7.01 12.64 0.23 0.17 
ing 0.985 1 N 1.106 4 N 1.52 1.031 2~ N 1.24 1.19 1.033 2~ N 2.37 8.69 21.32 0.70 0.59 
kpn 0.901 1 N 0.959 3 N 1.23 0.921 2~ N 1.16 1.18 0.926 2~ N 0.78 7.87 9.45 0.73 0.64 
nn 1.057 2~ N 1.087 3 Y 1.59 1.045 1 Y 1.06 1.03 1.055 2~ Y 0.00 3.39 20.37 0.79 0.73 
philips 0.941 1 N 1.026 3 N 1.41 0.985 2~ N 1.25 1.28 0.984 2~ N 1.59 23.81 9.53 0.68 0.51 
randstad 1.141 1 N 1.299 3 N 1.76 1.227 2~ N 1.25 1.29 1.231 3~ N 1.58 5.52 8.69 0.81 0.80 
relx 1.090 1~ N 1.137 2 N 1.16 1.106 1~ N 1.21 1.23 1.113 1~ N 3.95 7.90 21.33 0.38 0.36 
shell 1.029 2~ N 1.066 3 N 1.13 1.050 2~ N 1.18 1.21 1.036 1 N 8.66 7.87 11.02 0.34 0.41 
sbm 1.060 1 N 1.146 3 N 1.27 1.097 2~ N 1.20 1.11 1.106 2~ N 7.89 7.12 8.37 0.60 0.61 
uniball 1.403 1~ N 1.462 2 N 1.18 1.432 1~ N 1.25 1.21 1.426 1~ N 3.93 14.17 1.57 0.32 0.41 
vopak 1.147 1~ N 1.193 3~ N 1.52 1.158 1~ N 1.19 1.14 1.191 3~ N 14.22 3.16 14.69 0.62 0.55 
wolters 1.034 1 N 1.093 3 N 1.17 1.064 2~ N 1.26 1.31 1.072 2~ N 7.90 7.11 4.42 0.53 0.45 
uniliver 1.001 1~ N 1.003 1~ N 1.18 1.005 1~ N 1.16 1.14 0.997 1~ N 5.51 3.15 14.17 0.03 0.03 

AVR 1.079 1 N 1.166 4 N 1.46 1.117 2 N 1.20 1.20 1.126 3 N 5.65 8.70 12.46 0.60 0.56 
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Overall MSPE for each model is reported in the last row of Table 4. This figure was computed 

by averaging over individual stocks’ squared residuals time-series and then calculating mean of 

the merged time-series as demonstrated by Equation 8 and 9.  

𝜀𝑡
2(𝑚𝑜𝑑𝑒𝑙) =  

∑ 𝜀𝑖,𝑡
2𝑛

𝑖=1

𝑛
          [8] 

In Equation 8, 𝜀𝑡
2(𝑚𝑜𝑑𝑒𝑙) represents squared prediction error for a 

𝑚𝑜𝑑𝑒𝑙 (𝑀𝐴, 𝐴𝑅, 𝐴𝑅𝐼𝑀𝐴, 𝐴𝑅𝐼𝑀𝐴𝑋) at day 𝑡, ∑ 𝜀𝑖,𝑡
2𝑛

𝑖=1  denotes sum of all stocks’ squared residuals 

that are available at day 𝑡, 𝑛 shows a number of stocks that have valid squared residuals at day 

𝑡.  

𝑀𝑆𝑃𝐸𝑚𝑜𝑑𝑒𝑙 =  
∑ 𝜀𝑡

2(𝑚𝑜𝑑𝑒𝑙)𝑁
𝑡=1

𝑁
          [9] 

In equation 9, 𝑀𝑆𝑃𝐸𝑚𝑜𝑑𝑒𝑙 denotes MSPE for a model as a whole, 𝜀𝑡
2 represents squared 

residual of a model at day 𝑡, 𝑁 shows total number of days that have non-missing squared 

residual. 

After extracting MSPE for all four models, DM test was used to assign the final ranks of the 

models as shown in Appendix B, Table B2. 

Depending on a model, Table 4 also provides insights in AR, MA lags, and exogenous variables 

used in forecasting. AR and MA are computed in the same manner as MSPE, i.e. by averaging 

24 stocks AR/MA time-series and then computing mean of the merged time-series for 

summarizing results on a model level.   

Details about exogenous variables used by ARIMAX are given in column C, D, and F of Table 4. 

Notations refer to CAC40, DAX, and FTSE100 index lagged ILLIQ, respectively. The figures are 

expressed in percentages and they provide an answer to a question how many times in 100 

forecasts the model utilizes CAC40, DAX, or FTSE100 in order to explain current ILLIQ of a 

stock? In other words, the percentages show a fraction of daily forecasts that involve CAC40, 

DAX, or FTSE100 as the right-hand-side variable. The figures reported in the last row of Table 4 

are columns averages and they summarize results on a model level. 

The main table also reports the results of White-noise (Ljung-Box) test of residuals. These 

results are revealed under column W for each model and stock in Table 4. Possible notations 

are “Y” which refers to White-noise residuals and “N” which denotes noisy residuals time-series. 

The test is important because it shows whether the model’s shocks still contain potentially 
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valuable information that can be utilized by a different model in order to explain ILLIQ of a stock 

in a more accurate way. Moreover, residuals that exhibit patterns might be the result of omitted 

variables that are relevant for ILLIQ but not taken into account.  

Results from Table 4 suggest that Moving Average model predicts stocks ILLIQ most 

accurately. According to MSPE, the second best model is pure ARIMA. Third and fourth are 

ARIMAX and AR, respectively. These results are significant on 99% confidence level according 

to t-values in Appendix B, Table B2. 

Models’ performances on a stock level do not provide always the one-sided answer. As it can 

be seen from Table 4, multiple stocks have at least two competing models that do not perform 

differently in statistically significant manner. However, the biggest fraction of stocks that rank at 

the first place on 95% confidence level belongs to 20-day Moving Average. In contrast, AR 

model performs the worst for almost all stocks. ARIMA and ARIMAX behave similarly on a stock 

level with the slightly better rank of ARIMA model. 

Variables derived from outside markets that are used in ARIMAX do not provide more accurate 

ILLIQ forecasting performances. Consequently, ARIMAX outperforms only one model. However, 

columns C, D, and F of Table 4 exhibit regular pattern. Specifically, lagged value of FTSE100 

ILLIQ is mostly used in ILLIQ forecasting of individual stocks. Moreover, percentages of 

FTSE100 utilization are usually around two to three times greater than percentages that indicate 

the second commonly used index. Along the same lines, DAX ILLIQ lagged value is the second 

most used variable in predicting current ILLIQ level. In terms of percentages comparison, DAX 

frequently dominates CAC40. The order of utilization changes rarely and the patterns persist 

throughout the sample. 

These findings indicate that some regularities in ILLIQ interconnectedness between AEX 

constituents and FTSE100, DAX, and CAC40 indices might exist. However, the relation is not 

strong enough to make these pieces of information relevant for ILLIQ forecasting. 

5.2 Impact of Trading Volume and the Crisis Period to Models’ Relative Performances 

This section tests the results provided in the last row of Table 4. As the findings suggest, MA is 

the best model on average, while ARIMA, ARIMAX, and AR rank second, third, and fourth, 

respectively.  

A question of interest for this section relates to the degree of the ranks’ consistency with respect 

to the natural logarithm of four indices’ volume levels. In other words, I check whether natural 
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logarithm of an index volume level affects models’ forecasting squared errors.  

In order to test these relations, I make use of the following equation. 

𝜀𝑡
2(𝑚𝑜𝑑𝑒𝑙 1) − 𝜀𝑡

2(𝑚𝑜𝑑𝑒𝑙 2) =  𝛼 +  𝛽𝑙𝑛𝑉𝑂𝐿𝑡
𝑖𝑛𝑑𝑒𝑥 + 𝜀𝑡     [10] 

In the above equation, 𝜀𝑡
2(𝑚𝑜𝑑𝑒𝑙 1) and 𝜀𝑡

2(𝑚𝑜𝑑𝑒𝑙 2) represent forecasting squared errors of two 

competing models (e.g. ARIMA and ARIMAX), 𝛼 is constant term, 𝑙𝑛𝑉𝑂𝐿𝑡
𝑖𝑛𝑑𝑒𝑥 denotes natural 

logarithm of average volume level across index constituents at day 𝑡 (e.g. CAC40, DAX, 

FTSE100 constituents), 𝜀𝑡 is a random shock. 

Another question that this section tackle is related to models’ forecasting performances over 

periods of high market volatility. Under the assumption that increased market volatility features 

crises periods, I use time-span of the most important events of the Great Financial Crisis 2007-

2009 (Gorton et al. 2012) to test relative forecasting performances of the models. Concretely, I 

introduce crisis dummy that takes the value of 1 for period January 2007 through December 

2009 and 0 otherwise. In order to test whether forecasting squared errors of model pairs behave 

differently over periods of high volatility, the following equation is put into the use. 

𝜀𝑡
2(𝑚𝑜𝑑𝑒𝑙 1) − 𝜀𝑡

2(𝑚𝑜𝑑𝑒𝑙 2) =  𝛼 +  𝛽𝐷𝑐𝑟𝑖𝑠𝑖𝑠 + 𝜀𝑡      [11] 

In Equation 11, 𝜀𝑡
2(𝑚𝑜𝑑𝑒𝑙 1) and 𝜀𝑡

2(𝑚𝑜𝑑𝑒𝑙 2) denote squared prediction errors of any two 

models, 𝛼 is constant, 𝛽 is coefficient, 𝐷𝑐𝑟𝑖𝑠𝑖𝑠 represents the crisis dummy and 𝜀𝑡 is white-noise 

error term. 

Table 5 reveals the main findings of this section. Results from the table can be summarized for 

each pair as follows. 

 MA/AR: With an increase in the natural logarithm of AEX volume level (computed as in 

Equation 10), the difference between squared residuals of MA and AR decreases 

(toward positive numbers), due to either MA squared residuals increase or AR squared 

residuals decrease. Similarly, the difference between two models decreases with 

increase in the natural logarithm of DAX volume level (computed as in Equation 10). In 

both cases, AR outperforms MA with an increase in the natural logarithm of indices’ 

volume levels. In contrast, there is no significant relation between the models’ squared 

errors and the natural logarithm of CAC40/FTSE100 volume level (computed as in 

Equation 10). Crisis period dummy suggests that MA predicts ILLIQ better than AR over 

periods of stocks market instability.  
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 MA/ARIMA: There is no statistically significant impact of the natural logarithm of indices’ 

volume levels on MA and ARIMA squared residuals difference on 95% confidence level. 

Moreover, the difference in squared residuals is more negative over the volatile market 

periods compared to more stable periods. Hence, MA model forecasts better than 

ARIMA over the crisis period. 

 MA/ARIMAX: The results suggest that there is no significant influence of natural 

logarithm of indices’ volume levels to the squared residuals difference on 95% 

confidence level. Additionally, the difference between MA and ARIMAX residuals is 

more negative during less stable times.  

 AR/ARIMA: Squared residuals difference decreases (toward negative values) with an 

increase in the natural logarithm of AEX, CAC, and DAX volume level. This suggests 

that AR forecasts better than ARIMA over the high-volume periods expressed in the 

natural logarithm of indices’ volume levels. The crisis dummy suggests that the 

difference is more positive over less stable periods, i.e. ARIMA performs better than AR 

during the high-volatility periods. 

 AR/ARIMAX: Squared residuals difference decreases (toward negative values) with an 

increase in the natural logarithm of all indices’ volume levels. The dummy variable 

reveals that ARIMAX predicts better over less-stable times. 

 ARIMA/ARIMAX: The results show statistically significant influence of natural logarithm 

of CAC volume level to increase in squared residuals difference (toward more negative 

values). In other words, ARIMA forecasts ILLIQ better than ARIMAX as the natural 

logarithm of CAC volume level increases. Crisis dummy shows that ARIMA performs 

better over less-stable times. 

 

These results provide a proof that models’ forecasting performances depend on trading volume 

and market stability. Natural logarithm of AEX volume level affects significantly three pairs’ 

forecasting errors. DAX and CAC volumes are also highly relevant for models’ relative 

performances. In contrast, volume of FTSE index appears relatively important only for one pair 

(AR/ARIMAX). Additionally, the crisis period dummy advocates a viewpoint that forecasting 

squared residuals differ significantly for all pairs over the periods of high market volatility. The 

results suggested here can be graphically presented as illustrated by Graph 7. 
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Table 5 – Impact of Trading Volume and the Crisis Period to Models’ Relative Performances 

Table 5 compares forecasting errors of every possible model pair with respect to the natural logarithm of 

constituents’ average volume level. Additionally, the table shows how periods of increased volatility 

influence two models’ prediction errors. The first column in the table shows combinations of the models, 

MSPE difference denotes difference of MSPE between Model (1) and Model (2) whereby negative sign 

indicates that the first model has smaller and significant MSPE on average while positive sign indicates 

that the second model has smaller and significant MSPE on average, t-values are given in parenthesis. 

Columns AEX, CAC40, DAX, and FTSE100 show the influence of natural logarithm of AEX, CAC40, 

DAX, and FTSE100 index volume level to models’ squared prediction errors. Column Crisis shows the 

impact of highly volatile periods to the models’ forecasting errors. Reported figures represent coefficients 

and Newey-West based t-values are given in parenthesis.  

Model 

(1)             (2) 

MSPE 

difference 
AEX CAC40 DAX FTSE100 Crisis 

MA 

AR 
-0.088  

(-11.90) 

0 .041 
(3.06) 

0.037 
(1.63) 

0 .057 
(3.90) 

0.012 

(0.56) 

-0.093 

(-5.40) 

ARIMA 
-0.039 

(-6.22) 

0.009 

(0.75) 

0.010 

(0.55) 

0.021 

(1.83) 

0.003 

(0.18) 

-0.040 

(-2.41) 

ARIMAX 
-0.047  

(-7.33) 

0.007 

(0.59) 

-0.0004 

(-0.02) 

0.023 

(1.81) 

-0.005  

(-0.26) 

 -0.051 

(-3.05) 

AR 

ARIMA 
0.049 

(18.44) 

-0.033 

(-6.66) 

-0.027 

(-3.23) 

-0.035 

(-5.96) 

-0.009 

(-1.12) 

0.053 

(6.72) 

ARIMAX 
0.041 

(15.32) 

-0.034 

(-6.58) 

-0.038 

(-4.22) 

-0.036 

(-5.22) 

-0.017 

(-1.96) 

0.042 

(4.94) 

ARIMA ARIMAX 
-0.008  

(-4.86) 

-0.002 

(-0.64) 

-0.011 

(-2.08) 

-0.0003 

(-0.08) 

-0.008 

(-1.59) 

-0.011 

(-2.18) 
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Graph 7 – Differences in Models’ Squared Errors and Natural Logarithm of AEX Volume Level 

 

Panels A, B, C, D, and F have identical vertical axes which denote natural logarithm of AEX index volume 

level. Horizontal axes represent differences in squared residuals of MA and AR, MA and ARIMA, MA and 

ARIMAX, AR and ARIMA, AR and ARIMAX and ARIMA and ARIMAX, respectively. Panel A shows that 

AR outperforms MA with an increase in the natural logarithm of AEX volume level. This relation is positive 

and statistically significant. Panel B illustrates the relation between the difference in MA and ARIMA 

squared residuals and the natural logarithm of AEX volume level. Panel C demonstrates the relation 

between MA and ARIMAX squared residuals difference and the natural logarithm of AEX volume level. 

Relations in Panel B and Panel C are positive but not statistically significant. Panel D demonstrates that 

ARIMA outperforms AR as the natural logarithm of AEX volume level decreases. Similarly, Panel E 

suggests that ARIMAX outperforms AR with a decrease in the natural logarithm of AEX volume level. 

Results in Panel D and Panel E are statistically significant. Panel F shows the relation between the 

difference in ARIMA and ARIMAX squared residuals and the natural logarithm of AEX volume level. The 

relation is slightly negative but not statistically significant.  
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5.3 Trading Volume Forecasting Results 

In order to investigate whether the results from Section 5.1 hold for different liquidity measure, I 

repeat the forecasting procedure by making use of volume by value (hereafter volume) as 

liquidity proxy. Methodology exploited in deriving this section’s results completely coincides with 

the methodology used for ILLIQ forecasting. Similarly, this section makes use of data that span 

from January 2002 through March 2017. Observations are obtained on daily bases from 

Datastream.  

Volume of the stocks is directly subject to natural logarithm while indices’ volumes represent the 

volume-weighted average of their constituents’ volumes. After computing an index volume, the 

measure is subject to natural logarithm. Equation 12 mathematically expresses the final form of 

an index volume used in the analysis. 

𝑉𝑡
𝑖𝑛𝑑𝑒𝑥 = ln (∑

𝑉𝑖,𝑡

𝑉𝑡
𝑉𝑖 ,𝑡 )𝑁

𝑖=1          [12] 

In Equation 12, 𝑉𝑡
𝑖𝑛𝑑𝑒𝑥 represents the natural logarithm of CAC40, DAX or FTSE100 index 

volume at day 𝑡, 𝑉𝑖,𝑡 denotes volume of constituent 𝑖 at day 𝑡, 𝑉𝑡 represents sum of all 

constituents’ volumes at day 𝑡, 𝑁 shows the number of constituents that have available volume 

at day 𝑡, 𝑙𝑛 stands for natural logarithm. 

Accounting for the fact that natural logarithm cannot be computed if trading volume equals zero, 

I take out 11 observations out of 99,452 daily observations of AEX constituents. Additionally, 

zeros are not taken into account in computing three indices’ volumes. Hence, Equation 12 does 

not sum observations that have 𝑉𝑖,𝑡 zero and 𝑁 does not account for those observations. Total 

number of observations that have zero volume is 366, accounting for all three indices. Missing 

values are not considered in further analysis. 

It is worth noting that the analysis in this section also bases on two datasets. After the above-

mentioned transformations, winsorized dataset was subject to 1 and 99 percentile cuts.  

The results provided in Table 6 are computed in the same way as results in Table 4. The only 

difference is that Table 6 does not report percentages that indicate utilization of CAC40, DAX, 

and FTSE100, due to time constraints. Additionally, Diebold-Mariano test results of four models’ 

are provided in Appendix B, Table B3.  
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Table 6 – Volume Forecasting with MA, AR, ARIMA, and ARIMAX 

In the table below, MSPE stands for Mean Squared Prediction Error, R refers to rank of a model relative to other three models on a stock level, W reports White-

Noise (Ljung-Box) test results on 95% confidence level and AR/MA denote an average number of AR/MA lags used for liquidity forecasting on a stock level. AVR 

stands for Average and reports summarized performances of each model for all 24 stocks. Notation ~ next to a model rank means that a model does not have 

significantly different squared residuals on 95% confidence level compared to at least one other model. Hence, if a stock has two models that have the same rank, 

it means that the two models do not differ significantly in terms of squared prediction errors. 

 20D-MA  AR  ARIMA  ARIMAX  

Stock MSPE R W MSPE R W AR MSPE R W AR MA MSPE R W AR MA 

aalberts 1.140 4 N 1.057 3 N 1.588 1.014 1 N 1.277 1.133 1.029 2 N 1.327 0.750 
aegon 0.448 3 N 0.357 2~ N 1.516 0.353 1 N 1.210 1.169 0.360 2~ N 1.251 0.647 
altice 0.701 3~ Y 0.671 3~ N 1.851 0.641 2 N 1.123 1.049 0.606 1 N 1.708 1.240 
delhaize 0.613 4 N 0.483 3 N 1.478 0.474 1 N 1.177 1.231 0.481 2 N 1.377 0.942 
akzo 0.527 4 N 0.461 3 N 1.534 0.448 1 N 1.205 1.303 0.459 2 N 1.379 0.880 
arcelormittal 1.646 1~ Y 1.756 2 N 1.816 1.652 1~ N 1.152 1.089 1.648 1~ N 1.301 0.952 
asml 0.562 3 N 0.469 2 N 1.460 0.455 1~ N 1.182 1.174 0.462 1~ N 1.361 0.454 
boskalis 1.584 3 N 1.424 2 N 2.035 1.379 1~ N 1.154 1.128 1.390 1~ N 1.327 0.890 
dsm 0.548 3 N 0.460 2~ N 1.447 0 .454 1 N 1.123 1.103 0.463 2~ N 1.312 0.545 
galapagos 2.794 2~ N 2.684 2~ N 2.056 2.561 1~ N 1.165 1.172 2.554 1~ N 1.279 0.960 
gemalto 0.941 4 N 0.804 3 N 1.437 0.785 1 N 1.109 1.197 0.790 2 N 1.185 0.668 
heineken 0.502 4 N 0.438 3 N 1.437 0 430 1 N 1.102 1.082 0.436 2 N 1.314 0.722 
ing 0.353 4 N 0.279 3 N 1.478 0.273 1 N 1.082 1.082 0.276 2 N 1.140 0.766 
kpn 0.596 4 N 0.498 3 N 1.411 0.491 1 N 1.113 1.077 0.496 2 N 1.171 0.561 
nn 0.547 2~ Y 0.527 2~ N 2.086 0.511 2~ N 1.173 1.115 0.485 1 Y 1.835 1.194 
philips 0.403 3 N 0.347 2~ N 1.935 0.338 1 N 1.244 1.097 0.347 2~ N 1.392 0.890 
randstad 0.765 3 N 0.711 2 N 1.951 0.687 1~ N 1.151 1.205 0.689 1~ N 1.283 0.984 
relx 0.451 4 N 0.391 3 N 1.462 0.384 1 N 1.102 1.102 0.389 2 N 1.249 0.701 
shell 0.283 3 N 0.242 2~ N 1.694 0.236 1 N 1.056 1.174 0.241 2~ N 1.218 0.813 
sbm 0.740 4 N 0.634 3 N 1.539 0.624 1 N 1.087 1.082 0.629 2 N 1.234 0.844 
uniball 0.584 3 N 0.560 2~ N 1.696 0.536 1 N 1.061 1.071 0.559 2~ N 1.187 1.156 
vopak 1.072 3 N 0.958 2 N 1.722 0.924 1~ N 1.213 1.046 0.923 1~ N 1.376 0.657 
wolters 0.520 4 N 0.448 3 N 1.565 0.440 1 N 1.118 1.149 0.441 2 N 1.251 0.846 
uniliver 0.345 4 N 0.299 3 N 1.210 0.294 1 N 1.300 1.133 0.297 2 N 1.264 0.670 

AVR 0.798 3 N 0.707 2 N 1.615 0.684 1~ N 1.157 1.137 0.688 1~ N 1.291 0.799 
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As it can be seen from the last row of Table 6, two most reliable models for volume forecasting 

are ARIMA and ARIMAX. AR and MA take the third and the fourth position in models ranking, 

respectively. ARIMA model has the lowest MSPE on average, yet not significantly different than 

ARIMAX. Additionally, residuals generated by the four models are noisy. AR model uses the 

largest number of autoregressive lags on average, compared to ARIMAX and ARIMA, 

respectively.  

Given the facts that ARIMAX model has an ability to exclude all lagged values of the left-hand-

side variable from the regression and that the average number of AR lags is greater than one, it 

can be argued that the natural logarithm of volume one day ago (hereafter volume) commonly 

contains important information about current volume level. Moreover, ARIMAX utilizes a lesser 

number of MA lags compared to ARIMA. However, this is not directly comparable since 

ARIMAX model can exclude all moving average components from the regression. 

On a stock level, the models’ rankings mostly coincide with the overall models’ ranks. Mean 

squared prediction errors of all but a few stocks are smaller than one. Moreover, stock level 

results also suggest similar performance of ARIMA and ARIMAX, given the substantial amount 

of stocks that have statically equal MSPE. Additionally, White-noise test shows that only several 

stocks have white-noise residuals. Specifically, three stocks under MA and one under ARIMAX 

model. 

Utilization of ARIMAX model which involves three exogenous variables is partially justified by 

the fact that the model outperforms MA and AR model. However, the variables derived from 

outside markets do not appear relevant when comparing ARIMA and ARIMAX performances. 

Hence, liquidity forecasting can be carried out equally well with ARIMA as with ARIMAX. Given 

statistically equal results of the two models and the fact that ARIMA forecasting takes less time, 

it can be argued that the forecasting can be exercised merely by the means of past volume and 

shock terms. 

5.4 Robustness Check of Overall Models’ Performances 

ILLIQ and volume forecasting in this paper are carried out on individual stock level per each 

model. After obtaining individual stocks’ forecasts, forecasting errors and squared errors, I 

aggregate these 24 time-series in order to derive summarized model’s performances. The last 

row of Table 4 and Table 6 show the models’ overall performances. Particularly important figure 

in these rows is MSPE which is used as a criterion for assigning overall models’ ranks. MSPE 

on a model level can be calculated after deriving squared residuals time-series for that model. In 
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the framework of Section 5.1 and Section 5.3, squared residuals on a model level for ILLIQ and 

volume are computed as in Equation 8. 

Equation 8 shows that squared residuals on a model level emerge from equally weighted 

average of individual stocks’ squared residuals. To put it another way, a squared residual of a 

model at day 𝑡 is computed by averaging over 24 stocks’ squared residuals at day 𝑡. Four 

models’ squared residuals are then subject to Diebold-Mariano test in order to compare models’ 

MSPE and derive the ranks. 

Given the fact that the natural logarithm of volume (henceforth volume) and the natural 

logarithm of scaled ILLIQ (henceforth ILLIQ) vary substantially over 24 stocks, it can be posited 

that the stocks with higher variance of the measures are expected to have larger forecasting 

errors and consequently forecasting squared errors. This assumption rests on a fact that more 

erratic time-series usually lead to larger forecasting errors. 

If this is the case, then summarized squared residuals of a model, derived by equally averaging 

over individual stocks’ squared residuals, reflect the squared errors of a stock which has the 

highest variance of volume and ILLIQ measure over time. Consequently, MSPE might be 

misleading in determining the models’ ranks. 

In order to rule out the possibility that the results are influenced by individual stocks’ 

characteristics, I repeat the procedure of computing models’ squared residuals by using a 

different method that accounts for the aforementioned issue. Specifically, I construct the weights 

that prevent the dominance of the most volatile stocks, in terms of ILLIQ and volume measures, 

in the models’ squared residuals. The procedure can be mathematically posited as in Equation 

13. 

𝜀𝑡
2(𝑚𝑜𝑑𝑒𝑙) =  ∑ 𝜀𝑖,𝑡

2𝑛
𝑖=1 𝑤𝑖,   𝑤𝑖 =

1/𝑉𝑎𝑟(𝑚𝑒𝑎𝑠𝑢𝑟𝑒𝑖)

∑ 1/𝑉𝑎𝑟(𝑚𝑒𝑎𝑠𝑢𝑟𝑒𝑖)𝑁
𝑖=1

     [13] 

In Equation 13, 𝜀𝑡
2(𝑚𝑜𝑑𝑒𝑙) represents squared residuals of a model (MA, AR, ARIMA or 

ARIMAX) at day 𝑡, 𝜀𝑖,𝑡
2  denotes forecasting squared error of a stock 𝑖 at day 𝑡, 𝑛 represents the 

number of stocks that have non-missing squared residual at day 𝑡, 𝑤𝑖 expresses the weight of a 

stock 𝑖, 𝑉𝑎𝑟(𝑚𝑒𝑎𝑠𝑢𝑟𝑒𝑖) is stock-specific variance based on all daily observations of a stock 𝑖, 

𝑚𝑒𝑎𝑠𝑢𝑟𝑒 denotes ILLIQ or volume and 𝑁 shows the number of stocks that have 𝑉𝑎𝑟(𝑚𝑒𝑎𝑠𝑢𝑟𝑒𝑖) 

value. In the current setup, 𝑁 = 24 because variance is computed over all times per a stock. 

Based on the above procedure, I repeat the computation of models’ squared residuals for both 
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measures and carry out Diebold-Mariano test in order to check whether the results from the last 

row of Table 4 and Table 6 hold. As it can be seen in Appendix C, Table C1 and Table C2, 

ranks of the models remain the same while t-values slightly change. 

6. Results Discussion and Shortcomings 

According to Section 5, the most accurate model for stocks market liquidity forecasting depends 

on a liquidity proxy. For ILLIQ prediction, the most accurate model is MA. In the other hand, 

market liquidity expressed via trading volume can be equally well predicted by the means of 

ARIMA and ARIMAX model. 

Substantial rank change of MA model might arise as a consequence of the fact that ILLIQ and 

volume measure market liquidity in different ways. The first measure is focused on capturing 

price impact while the latter measures turnover by volume. Hence, it might be the case that MA 

represents a model which is more suitable for price impact related measure than for volume 

proxy. 

Along the same lines, Table 4 and Table 6 show substantially larger forecasting errors for ILLIQ 

measure than for volume. Minding the fact that the loop consumes less time for volume 

forecasting, it can be argued that the models presented in the paper appear more convenient for 

volume predictions. 

Advocated viewpoint that liquidity information from outside markets might improve liquidity 

forecasting of Dutch stocks market does not receive empirical confirmation. As shown in Table 

4, ARIMAX is dominated by two models which base merely on lagged values and shocks of the 

left-hand-side variable. In Table 6, ARIMAX dominates two models but it has the same 

forecasting power as ARIMA. Hence, compared with benchmark models that derive forecasts by 

using only past information of the left-hand-side variable, ARIMAX is not particularly beneficial.  

However, ARIMAX results in Table 4 reveal that the most commonly utilized index in ILLIQ 

forecasting of Dutch stocks is FTSE100, followed by DAX and CAC40, respectively. Despite the 

fact that the model is not very useful in terms of forecasting performances when MA and ARIMA 

are on the disposal, it still provides a clue about the most relevant information derived from 

outside markets for Dutch stocks market illiquidity forecasting. These details are not available 

for volume forecasting due to the time constraints. 

In Section 5.2, I examine the relative models’ performances in ILLIQ forecasting. As suggested 

by Table 5, models do not perform consistently over the whole sample period. In other words, 
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there are periods when one model outperforms the other. Specifically, I find that the models 

squared residuals are related to the natural logarithm of traded volume level of AEX, CAC40, 

DAX, and FTSE100 index. Among the indices, DAX exhibits the strongest influence to relative 

models’ performances, followed by AEX, CAC40, and FTSE100. Moreover, I find that the 

models’ squared residuals react on market instability. Concretely, over the period from 2007 

through 2009, the models produce significantly different forecasting errors than over stable 

times. 

Ultimately, I check whether the models’ ranks reflect individual stocks’ forecasting errors by 

introducing the weights that account for left-hand-side variable variance. After computing 

models’ squared residuals in this way, I find that the models’ ranks still hold with a slight change 

in t-values. 

The most serious drawback of the paper is the time necessary for generating the results. The 

source of this drawback is the computational demanding loop coupled with short forecasting 

period and the double dataset of each stock. Because of these reasons STATA software needs 

around 10 hours to produce the results for one stock inside ARIMAX loop. Other models are 

less demanding whereby MA takes one minute for all stocks. 

Software slowness limited scope and depth of the analysis since the program was mostly busy 

with generating the main results. After producing them, time-constraints limited further 

investigation of very large and useful database of daily forecasts. With this in mind, I advise 

other researchers to look for faster software if they intend to write extensive loops. 

One more shortcoming that relates to time constraints is the effectiveness of double dataset 

approach. Precisely, I was not able to test whether model estimation based on the winsorized 

dataset and forecasting premised on the actual dataset outperforms approach that does not 

assume winsorizing. However, this can be an interesting topic to be investigated by future 

researchers. 

Another possible drawback that might affect ILLIQ results relates to database manipulations 

prior to the analysis. Specifically, I drop all ILLIQ observations that have zero value due to no 

price change over two consecutive trading days. Consequently, this means that the eliminated 

observations are the most liquid ones. However, this weakness was discovered after the 

significant amount of the results was generated and therefore it was not possible to account for 

it at that point. Moreover, reported figures suggest that the number of observations with zero 

returns is relatively small in comparison to the whole sample and therefore the results should 
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not be greatly affected. 

Similarly, after scaling and taking the natural logarithm of each stock/index ILLIQ, several ILLIQ 

observations take negative values. This contrasts the logic of ILLIQ measure but it does not 

affect the results since it emerges as a consequence of taking the natural logarithm of a number 

that is positive but close to zero. However, more elegant way of providing positive ILLIQ 

numbers involves adding one to ILLIQ and taking natural logarithm of the expression, i.e. 

ln(1 + 𝐼𝐿𝐿𝐼𝑄𝑖,𝑡 ).  

7. Conclusion 

An asset management fund bears substantial price risk when trading large quantities of stocks. 

If the fund trades on the thin market, the order will most likely move the prices in an unfavorable 

direction. In other words, the large trade block will be executed as a session of smaller blocks 

whereby the price of each consecutive trade becomes less favorable. On logical grounds, an 

effective tool for forecasting stocks market liquidity imposes as an imperative for the asset 

management fund. 

In order to mitigate the risk that the asset management fund faces, I test widely used time-series 

forecasting methods aiming to find the most accurate model for predicting liquidity of AEX index 

constituents. In this paper, I make use of two prominent liquidity proxies - Amihud's ILLIQ 

measure and turnover volume by value - in order to test forecasting accuracy of MA, AR, 

ARIMA, and ARIMAX model. 

Setup of ARIMAX model tests the relevance of liquidity information derived from outside 

markets for predicting liquidity of AEX index constituents. Specifically, the model uses lagged 

value of CAC40, DAX, and FTSE100 index liquidity proxy premised on the assumption of 

strongly related equity markets. Moreover, performances of ARIMAX compared to other models 

implicitly reveal the influence of other markets liquidity to Dutch stock market liquidity, i.e. 

provide a clue about liquidity interconnectedness.  

The first set of the analysis concerns ILLIQ forecasting. If this liquidity measure is to be used by 

the asset management fund, the most accurate forecasting method is MA model. Yet, MA 

provides the most accurate results on average and broader market environment should be 

considered before opting for this model. For instance, I find that AR outperforms MA over the 

periods of high AEX index volume level. Along the same lines, MA proves to be more accurate 

than any other model over the period featured by high market volatility (2007 through 2009).  
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The second liquidity measure tested in the paper is turnover by volume. The models that 

provide the lowest MSPE on average are ARIMA and ARIMAX. Moreover, the results suggest 

that almost all stocks' volume forecasts heavily rely on the first lagged value of volume. From an 

asset manager perspective, this means that volume traded today provides a significant 

indication of tomorrow's volume. 

The analysis did not confirm significant difference between ARIMAX and the most accurate 

model out of other three. These findings put forward the fact that additional variables do not 

significantly contribute to AEX constituents liquidity forecasting. However, insights from ILLIQ 

forecasts suggest that the most commonly used liquidity information in predicting Dutch stocks 

ILLIQ comes from UK stocks market, followed by German, and French stock market. Although 

not investigates here, these pieces of information can provide a clue about liquidity 

interconnectedness for future research. 

The analyses provided in this paper can be extended in many ways. However, there are several 

directions I consider interesting for future research. 

In the present study, I include CAC40, DAX, and FTSE100 index in ARIMAX model. It would be 

interesting to see the results for different combinations of indices (e.g. Japanese, US, Canadian 

index). Ideally, the loop that seeks the most relevant combination out of the large database of 

the indices could produce interesting results. 

Additionally, a study that provides relation between liquidity forecasting performances of several 

models and market volatility measured by standard deviation of returns can also provide 

insightful results. Similarly, the interaction between the crisis period and particular index volume 

could supply with the information about models' forecasting errors for the specific country over 

the period of instability. 

Moreover, it would be interesting to investigate whether liquidity forecasting performs better for 

stocks that belong to particular industry. Along the same lines, one could create a sample of 

large and small-cap stocks and compare liquidity forecasting performances of the two groups. 

Another possible direction is to split ILLIQ database into portfolios of illiquid and liquid stocks 

and carry out the forecasting. Similarly, after sorting the sample on liquid and illiquid stocks they 

can be further sorted into portfolios of high and low turnover by volume. This type of research 

would provide liquidity forecasting performances with respect to stocks' characteristics. 
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Appendix A  

Table A1 – Winsorized (1,99) ILLIQ data descriptive statistics with complete Datastream 

notations of 24 individual stocks of AEX Index 

No. Variables Full Name N SD Mean Min Max Skewness Kurtosis 

1. aalbertsW 
Aalberts 
Industries 

2,781 1.419 5.529 2.043 9.320 0.119 3.243 

2. aegonW Aegon 2,781 1.419 5.529 2.043 9.320 0.119 3.243 

3. alticeW Altice A 666 1.297 4.056 0.538 6.853 -0.381 3.200 

4. delhaizeW 
Konniklijke 
Ahold Delhaize 

2,781 1.007 2.658 -0.084 4.678 -0.586 3.006 

5. akzoW Akzo Nobel 2,781 1.113 2.921 -0.470 4.987 -0.786 3.475 

6. 
arcelormittal
W 

Arcelormittal 2,737 3.390 3.812 -0.853 14.69 1.643 4.828 

7. asmlW ASML Holding 2,781 1.134 2.580 -0.884 5.015 -0.685 3.688 

8. boskalisW 
Boskalis 
Westminster 

2,781 1.644 4.977 1.181 9.619 0.463 3.461 

9. dsmW 
DSM 
Koninklijke 

2,781 1.068 3.089 -0.141 5.175 -0.715 3.447 

10. 
galapagos
W 

Galapagos 2,343 2.242 7.594 2.589 13.05 0.180 2.640 

11. gemaltoW Gemalto 2,471 1.321 4.290 0.476 7.049 -0.418 3.121 

12. heinekenW Heineken 2,781 1.082 2.732 -0.506 4.648 -0.861 3.467 

13. ingW ING Groep 2,781 1.179 1.794 -1.496 4.414 -0.453 3.255 

14. kpnW KPN KON 2,781 1.082 2.572 -0.418 4.620 -0.505 2.974 

15. nnW NN Group 588 1.221 3.643 0.334 6.406 -0.417 3.258 

16. philipsW 
Philips Eltn. 
Koninklijke 

2,781 1.047 2.194 -1.000 4.081 -0.710 3.364 

17. randstadW 
Randstad 
Holding 

2,781 1.508 4.178 0.503 8.662 0.448 4.012 

18. relxW Relx 2,781 1.069 3.111 -0.112 5.087 -0.732 3.389 

19. shellW 
Royal Dutch 

Shell A 
2,781 1.059 1.144 -1.917 3.017 -0.772 3.257 

20. sbmW SBM Offshore 2,781 1.123 4.212 0.953 6.490 -0.646 3.367 

21. uniballW 
Unibal – 
Rodamco 

2,781 1.376 2.907 -1.279 6.049 -0.427 3.695 

22. vopakW Vopak 2,781 1.473 4.854 1.118 8.738 0.132 3.350 

23. woltersW Wolters Kluwer 2,781 1.073 3.603 0.422 5.594 -0.665 3.238 

24. uniliverW Unilever DR 2,781 0.986 1.472 -1.671 3.103 -0.967 3.821 
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Table A2 – Winsorized (1,99) ILLIQ data descriptive statistics with complete Datastream 

notations of the three indices 

No. Variables Full Name N SD Mean Min Max Skewness Kurtosis 

1. cacW LFRCAC40 2,781 0.498 2.748 1.657 4.067 0.365 2.912 

2. ftseW LFTSE100 2,781 0.532 3.317 2.104 4.626 0.0234 2.772 

3. daxW LDAXINDX 2,781 0.517 2.301 0.920 3.611 0.110 3.090 

 

Appendix B  

Table B1 – Procedure for assigning models’ ranks on a stock level - Diebold-Mariano Test for 

Royal Dutch Shell 

The table shows results of Diebold-Mariano test applied to MSPE of the models. MSPE difference is 

defined as row’s model MSPE minus column’s model MSPE. Negative values indicate that a model given 

in a row outperformed a model given in a column. T-values in the parenthesis test null hypothesis that 

Mean Squared Prediction Errors of any two models are not significantly different from each other. The 

overall rank is computed by counting how many times a model dominated other models on 95% 

confidence level. In this particular case, ARIMAX and MA are not significantly different. Results for other 

stocks are derived in the same way but not included here due to space constraints. However, they are 

available on demand. 

Model MA AR ARIMA ARIMAX Overall Rank 

MA - -0.038  

(-2.56) 

-0.022  

(-1.71) 

-0.008  

(-1.00) 

2~ 

AR 0.038  

(2.56) 

- 0.016  

(2.65) 

0.030  

(-4.16) 

3 

ARIMA 0.022  

(1.71) 

-0.016  

(-2.65) 

- .013  

(2.00) 

2~ 

ARIMAX 0.008  

(1.00) 

-0.030  

(-4.16) 

-0.013  

(-2.00) 

- 1 
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Table B2 – Diebold-Mariano test of the models’ squared residuals generated in ILLIQ 

forecasting 

The table shows results of Diabold-Mariano test applied to MSPE of the models. MSPE difference is 

defined as row’s model MSPE minus column’s model MSPE. Negative values indicate that a model given 

in a row outperformed a model given in a column. T-values in the parenthesis test null hypothesis that 

Mean Squared Prediction Errors of any two models are not significantly different from each other. The 

overall rank is computed by counting how many times a model dominated other models on 95% 

confidence level. 

Model MA AR ARIMA ARIMAX Overall Rank 

MA - -0.088  

(-11.90) 

-0.039 

(-6.22) 

-0.047  

(-7.33) 

1 

AR 0.088  

(11.9) 

- 0.049 

(18.44) 

0.041 

(15.32) 

4 

ARIMA 0.039 

(6.22) 

-0.049 

(-18.44) 

- -0.008  

(-4.86) 

2 

ARIMAX 0.047  

(7.33) 

-0.041 

(-15.32) 

0.008  

(4.86) 

- 3 

 

Table B3 – Diebold-Mariano test of the models’ squared residuals generated in volume 

forecasting 

The table shows results of Diabold-Mariano test applied to MSPE of the models. MSPE difference is 

defined as row’s model MSPE minus column’s model MSPE. Negative values indicate that a model given 

in a row outperformed a model given in a column. T-values in the parenthesis test null hypothesis that 

Mean Squared Prediction Errors of any two models are not significantly different from each other. The 

overall rank is computed by counting how many times a model dominated other models on 95% 

confidence level. 

Model MA AR ARIMA ARIMAX Overall Rank 

MA - .090 

(18.32) 

.114 

(24.95) 

.109 

(22.53) 

3 

AR -.090 

(-18.32) 

- .023 

(16.45) 

.019 

(7.21) 

2 

ARIMA -.114 

(-24.95) 

-.023 

(-16.45) 

- -.004 

(-1.73) 

1 

ARIMAX -.109 

(-22.53) 

-.019 

(-7.21) 

.004 

(1.73) 

- 1 
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Appendix C  

Table C1 – Diebold-Mariano test of the models’ variance-weighted squared residuals generated 

in ILLIQ forecasting 

The table shows results of Diabold-Mariano test applied to MSPE of the models. MSPE difference is 

defined as row’s model MSPE minus column’s model MSPE. Negative values indicate that a model given 

in a row outperformed a model given in a column. T-values in the parenthesis test null hypothesis that 

Mean Squared Prediction Errors of any two models are not significantly different from each other. The 

overall rank is computed by counting how many times a model dominated other models on 95% 

confidence level. 

Model MA AR ARIMA ARIMAX Overall Rank 

MA - -0.075 

(-13.93) 

-0.041 

(-9.63) 

-0.046 

(-10.34) 

1 

AR 0.075 

(13.93) 

- 0.034 

(15.79) 

0.029 

(13.26) 

4 

ARIMA 0.041 

(9.63) 

-0.034 

(-15.79) 

- -0.004 

(-3.23) 

2 

ARIMAX 0.046 

(10.34) 

-0.029 

(-13.26) 

0.004 

(3.23) 

- 3 
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Table C2 – Diebold-Mariano test of the models’ variance-weighted squared residuals generated 

in volume forecasting 

The table shows results of Diabold-Mariano test applied to MSPE of the models. MSPE difference is 

defined as row’s model MSPE minus column’s model MSPE. Negative values indicate that a model given 

in a row outperformed a model given in a column. T-values in the parenthesis test null hypothesis that 

Mean Squared Prediction Errors of any two models are not significantly different from each other. The 

overall rank is computed by counting how many times a model dominated other models on 95% 

confidence level. 

Model MA AR ARIMA ARIMAX Overall Rank 

MA - 0.065 

(25.41) 

0.074 

(29.62) 

0.073 

(27.45) 

3 

AR -0.065 

(-25.41) 

- 0.008 

(16.66) 

0.007 

(5.86) 

2 

ARIMA -0.074 

(-29.62) 

-0.008 

(-16.66) 

- -0.001 

(-0.52) 

1 

ARIMAX -0.073 

(-27.45) 

-0.007 

(-5.86) 

0.001 

(0.52) 

- 1 

 


