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Abstract  

This study examines the asymmetric impact of systemic liquidity on asset prices across market 

states. We use time-series conditional quantile regressions to estimate an otherwise traditional 

liquidity-augmented three-factor model for asset prices. We find the exposure of equity returns 

to systemic liquidity risk to be dependent on the market state. Contrary to general assumptions, 

our results show that liquidity is not always a relevant factor for explaining stock market 

returns and that it only becomes relevant when the market state is particularly good or 

particularly bad. Search-for-yield and flight-to-liquidity considerations help to explain our 

findings.  
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1. Introduction  

Long-Term Capital Management’s related events at the end of 90’s reminded us that investors 

have a marked preference for liquidity (Amihud et al., 2005). In episodes of extreme turmoil, 

when liquidity appears to vanish from financial markets, investors engage in fire sales and 

financial intermediaries seem to renounce their function as purveyors of liquidity for the rest of 

the economic and financial system (Hameed et al., 2010). During these periods of market 

liquidity dry-ups, risk aversion leads investors to rebalance their portfolios towards less risky 

and more liquid assets, episodes referred to, respectively, as flights-to-quality and flights-to-

liquidity (Baele et al., 2013; Beber et al., 2008). In contrast, when the market scenario and 

associated economic conditions are stable and optimistic, investors generally experience excess 

liquidity, leading them to rebalance their portfolios towards riskier and less liquid assets, with 

search-for-yield considerations in mind (Kiendrebeogo, 2016; Fratzscher et al., 2018). Both, 

flight-to-liquidity and search-for-yield are naturally associated with extreme market conditions, 

that is, bad and good, respectively.   

For these reasons, the role played by liquidity as a factor-explaining asset prices should ideally 

be examined from a general perspective that allows for a changing (and non-linear) association 

between liquidity and prices. Yet, the study of the effect of systemic liquidity on asset prices 

has traditionally been confined to the linear, cross-sectional world (Martinez et al., 2005; Pastor 

& Stambaugh, 2003; Acharya & Pedersen, 2005). In this paper, we seek to fill this gap by 

testing the economically motivated hypothesis of nonlinearity in the relationship between 

systemic liquidity risk and asset prices (returns). We show how stock market returns are 

exposed to systemic liquidity risk during tail events and compare these outcomes with median 

market scenarios.  

To test our hypothesis we build upon Fama & French’s (1993) traditional three-factor model 

augmented with the bid/ask based liquidity factor recently proposed by Abdi & Ranaldo 

(2017). We conduct our estimations using quantile regressions, but rather than focusing on the 

cross-sectional effects (i.e. the cross-sectional liquidity premia associated with different 

portfolios at a given time), we fit quantile regressions to time-series returns.  

By adopting this strategy we are able to isolate the effects of liquidity on different parts of the 

stock return distribution over time, which in turn, are naturally related to different market 

states. Notice, however, that the definition of ‘market state’ can be elusive. Cooper et al. 
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(2004), for instance, define a good (bad) market state based on the average market return over 

the preceding three years. Pagan & Sossounov (2003) and Edwards et al. (2003) define market 

states by locating turning points and the duration of peaks and troughs. However, these 

definitions are unnecessarily arbitrary given that the window widths are unjustified and 

selecting them may involve the cherry picking of results.  

In contrast, using the market return quantiles of the probability distribution to define a market 

state is much less arbitrary. Quantiles-in-time can be considered as constituting a collection of 

market states, ranging from very good in the case of the highest quantiles (large positive 

returns) to very bad states in the case of the lowest quantiles (large negative returns). Being an 

order statistic that is robust to outliers, the independent estimation of different quantiles of the 

return distribution (conditional on relevant explanatory factors) has the advantage of allowing 

us to explore the full spectrum of the relationship between liquidity and stock returns. 

Our results show that systemic liquidity risk is a price factor dependent on the market state. 

First, we show that when the market is in a bad state, systemic liquidity risk exhibits a negative 

relation with contemporaneous excess stock returns. Lower contemporaneous prices are naturally 

associated with higher future expected returns (under constant market fundamentals), which is 

consistent with the previous literature that assigns a positive premia to liquidity risk. Indeed, 

Amihud (2002) shows that unexpected market liquidity risk lowers contemporaneous stock 

prices, because a higher realized liquidity risk raises traders’ expectations about future illiquidity 

in the market.  

Second, we show that excess stock returns are positively related to systemic liquidity risk 

during good market states. This is at odds with the traditional understanding of the literature, 

because it means that conditional on a good market state a generalized increase in systemic 

illiquidity is associated with higher contemporaneous market returns (and hence lower expected 

returns under constant market fundamentals). This is a consequence of investors rebalancing 

their portfolios towards more illiquid assets when market performance is good, as occurs, for 

instance, when investors use excess gains to buy riskier and illiquid assets with search-for-yield 

considerations in mind.  

Finally, we observe that during regular times (i.e. with quantiles close to the median), there is 

no significant relationship between systemic liquidity and market returns. This also challenges 

the traditional mean-to-mean effects reported in the literature that measures the importance of 
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liquidity as an asset-pricing factor and restricts this importance to episodes of extreme 

realizations of market returns. Interestingly, unlike in the empirical literature, there are 

significant precedents in a series of theoretical studies that point to a nonlinear relationship 

between market liquidity and asset prices (see Vayanos, 2004; Morris & Shin, 2004).  

2. Methodology 

2.1. Systemic Liquidity  

To measure systemic liquidity risk, we employed the estimator proposed by Abdi & Ranaldo 

(2017). This measure is based on close, high and low prices and bridges the well-known bid-

ask spread (Roll, 1984) and the more recent high-low spread (Corwin & Schultz, 2012). In 

comparison with other possible measures, this method makes use of wider information (i.e. 

close, high and low prices). Moreover, it presents the highest cross-sectional and average time-

series correlation with Trade and Quote’s effective spread and provides the most accurate 

estimates for less liquid stocks.  

The effective spread shares the same theoretical assumptions as Roll’s spread (1984) and can 

be written as:  

𝑠 =  2√𝐸(𝑐𝑡 − 𝜂𝑡)(𝑐𝑡 − 𝜂𝑡+1) ,    (1) 

where 𝑐𝑡 is the daily observed close log-price and 𝜂𝑡 represents the mid-range between daily 

high and low log-prices.  

Following Corwin & Schultz (2012), Abdi & Ranaldo (2017) estimate the squared spread 𝑠2 in 

(1) over two-day periods. If a two-day estimate is negative, they set it to zero. Second, they take 

the square root and then take the monthly average:  

𝑠𝑚𝑜𝑛𝑡ℎ𝑙𝑦 𝑐𝑜𝑟𝑟𝑒𝑐𝑡𝑒𝑑̂ =  √𝑚𝑎𝑥 {4
1

𝑁
∑ (𝑐𝑡 − 𝜂𝑡)(𝑐𝑡 − 𝜂𝑡+1), 0𝑁

𝑡=1 },  (2) 

where N is the number of trading days in a month.  

Finally, the monthly systemic liquidity risk indicator can be calculated as the equally weighted 

average of this monthly spread of individual stocks.  

2.2 Liquidity-Augmented Four-Factor Model  
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We augmented Fama & French’s (1993) standard three-factor model with the systemic liquidity 

risk factor. The liquidity-augmented four-factor model can be written as follows: 

𝑟𝑖𝑡 − 𝑟𝑓𝑡 =  𝛽1
𝐿𝐿𝑖𝑞𝑡 + 𝛽2(𝑟𝑚𝑡 − 𝑟𝑓𝑡) + 𝛽3(𝑆𝑀𝐵)𝑡 + 𝛽4(𝐻𝑀𝐿)𝑡 + 𝜀𝑖𝑡,      (3) 

where (𝑟𝑖𝑡 − 𝑟𝑓𝑡) gives the monthly excess returns on 25 U.S. portfolios sorted according to 

size and book-to-market value (BE/ME) quintiles; the excess return on a broad market 

portfolio is denoted as (𝑟𝑚𝑡 − 𝑟𝑓𝑡); 𝑟𝑓𝑡 is the risk-free rate, proxied by the one-month treasury 

bill rate; 𝜀𝑖𝑡 is the error term, assumed to be independent with zero mean and variance 𝜎2. The 

factors (SMB) and (HML) are portfolios, mimicking the risk factor in returns related to size 

and book-to-market equity, respectively1; 𝐿𝑖𝑞𝑡 denotes the systemic liquidity risk measure, and 

the coefficient 𝛽1
𝐿 captures the sensitivity of excess returns on systemic liquidity in the market.  

2.3 Quantile Regression 

We adopt Koenker & Bassett Jr’s (1978) quantile regression technique (see also Koenker & 

Hallock, 2001). Quantile regressions provide insights into the impact of explanatory variables 

on the entire conditional distribution of the response variable. In this setting, conditional 

quantile regressions are linear in parameters for each selected quantile.  

Eq. (3) relates to the conditional mean scenario of excess returns and exposure to aggregate 

liquidity risk. To investigate excess returns across its conditional distribution, the time-series 

quantile liquidity-adjusted factor model for quantile 𝜏 can be written as follows: 

𝑟𝑖𝑡 − 𝑟𝑓𝑡 =  𝛽(𝜏)𝑥𝑖 + 𝜀𝑖(𝜏),     (4) 

where all quantile parameters are displayed in a vector 𝛽(𝜏) = {𝛽1
𝐿(𝜏), 𝛽2(𝜏), 𝛽3(𝜏), 𝛽4(𝜏)} 

and all factors in a 𝑁 × 4 matrix, denoted as 𝑥𝑖 ={𝐿𝑖𝑞𝑡, 𝑅𝑀𝐾𝑇𝑡,𝑆𝑀𝐵𝑡, 𝐻𝑀𝐿𝑡}. We assume 

that the vector of error terms conditioned on the parameter matrix is zero, 𝑄𝜏(𝜀𝑖𝑡|𝑥𝑖 =  0). 

We can then specify the 𝜏th conditional quantile function as follows: 

𝑄𝑦((𝜏)|𝑥𝑖) =  𝛽(𝜏)𝑥𝑖.     (5) 

To obtain an estimate �̂�(𝜏) of the unknown coefficient(s) for the 𝜏th quantile, the following 

function is minimized: 

                                                           
1 See Fama & French (1992, 1993, 1996) for details about factor construction. 
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 �̂�(𝜏) = 𝑎𝑟𝑔𝑚𝑖𝑛 ∑ 𝜌𝜏((𝑟𝑖𝑡 − 𝑟𝑓𝑡) −  𝛽𝜏𝑥𝑖)
𝑛
𝑖 ,    (6) 

where 𝜌𝜏(𝜇) = 𝜇(𝜏 − 𝐼(𝜇 < 0)) with 0 < 𝜏 < 1 is a check function with asymmetric weights, 

which depend on the quantile selected. While we collect all quantile estimates in a set Φ =

 {𝛽1
𝐿(𝜏), 𝛽2(𝜏), 𝛽3(𝜏), 𝛽4(𝜏)}, we only report in the results section below the liquidity betas, 

𝛽1
𝐿(𝜏), for every quantile2. The liquidity-adjusted three-factor model is estimated as a 

conditional quantile function at a range of quantiles, 𝜏 = (0.1 − 0.95), in 0.05 intervals.  

 

3. Data  

The portfolios used in our calculations include stocks from NYSE, AMEX and NASDAQ, 

and are constructed on a monthly basis from July of year 𝑡 to June of year 𝑡 + 1, spanning the 

period July 2000-December 2016. Subtracting the risk-free rate from the returns, the excess 

returns on 25 portfolios denote the dependent variable in a time-series setting. The measure 

for systemic liquidity risk was retrieved from the authors’ webpage3. We standardized the 

liquidity measure to obtain comparable estimates with respect to the coefficients of the three 

factors commonly used in the literature. Data on the portfolios and the three factors were 

retrieved from Kenneth French’s webpage4.  

4. Results 

Figure 1 summarizes the effects of liquidity on different quantiles of the excess stock return 

distribution over time. As is evident, the effects are highly nonlinear, ranging from negative to 

positive as market returns increase.  

 

 

 

 

                                                           
2 We do not provide estimates of the factor-portfolios (three factors) as they have been widely documented in the 
respective literature, see, for example, Fama & French (2016). The results are available upon request. 
3 https://sbf.unisg.ch/en/lehrstuehle/lehrstuhl_ranaldo/homepage_ranaldo/research-material 
4 http://mba.tuck.dartmouth.edu/pages/faculty/ken.french/datalibrary:html 

https://sbf.unisg.ch/en/lehrstuehle/lehrstuhl_ranaldo/homepage_ranaldo/research-material
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Figure 1. Systemic Liquidity Effects on Excess Market Returns 

 

Note: The figure shows the effects of liquidity on excess market returns from January 2000 to December 2016.  The linear 
effect is indicated by the solid red line accompanied by two parallel dotted lines, representing the 95% confidence intervals of 
the regression. The effects of liquidity risk under different quantiles of the market return are captured by the dash-dotted black 
line accompanied by the associated bootstrapping confidence intervals of the quantile regressions (gray-shaded area). 

 

Panel A of Figure 2 presents the liquidity betas of 25 value-weighted U.S. portfolios sorted 

according to size and book-to-market criteria. The x-axis denotes the portfolio (from small-low 

portfolios to big-high portfolios) and the y-axis corresponds to the quantiles. Lower quantiles 

are associated with bad market states (darker shades through to red), while higher quantiles are 

associated with good market states (lighter shades through to yellow). Panel B presents a 

binary visualization of the associated t-statistics of the quantile regressions, where 1 – depicted 

in black – indicates whether the respective liquidity estimate made in the same coordinates of 

Panel A is statistically different from zero and 0 – depicted in white, indicates just the contrary. 

All the conclusions reached in this section are found to hold after controlling for such factors 

as size, value, and momentum, different industries, different portfolio types, and different 

sample periods (results are available on request). 

Figure 2 shows the transition of the liquidity betas associated with the systemic liquidity factor 

across states and across portfolios. We document a clear pattern across market states, but we 
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are unable to extract a reliable pattern across portfolios. We find that systemic liquidity risk 

tends to produce an effect on portfolio returns, with estimates ranging from -1.3 to 2.6. The 

sign and significance of these effects clearly depend on the market state. On the one hand, the 

coefficients tend to be negative for bad market states and positive for good market states. This 

means that an increase in illiquidity when the market is experiencing losses hurts the portfolio 

performance and that an increase in illiquidity busts portfolio returns when the market is 

experiencing gains.  

The effect of systemic liquidity risk on portfolio returns lying close to the median is, by general 

rule, statistically equal to zero. This result is consistent with the findings of Watanabe & 

Watanabe (2007). This authors find that cross-sectional liquidity betas vary over time, resulting 

in two distinct liquidity states and show that during ordinary transaction months, the pricing of 

illiquidity in the market is quite flat across portfolios. This contrasts with what these authors 

document for high liquidity states, when liquidity risk premia are disproportionately large. 

In episodes of extreme market turmoil, when the markets are experiencing significant and 

recurring losses, market-wide liquidity falls dramatically. The negative spirals documented in 

the literature as emerging between funding liquidity and market-wide liquidity may lead traders 

to engage in fire sales or precautionary transactions, as they seek to avoid expected margin 

calls. This situation is in turn accompanied by an increase in preference uncertainty, market 

sentiment and, in general, a deterioration in future economic outlooks. All these reasons have 

been documented previously in the literature and are in line with an increasing appetite for safe 

and liquid assets. Moreover, they point to a contemporaneous reduction in market prices, 

following an increase in generalized market illiquidity. Such reductions are to be found in the 

left tail of the returns distribution, which correspond to its lowest quantiles. As can be 

observed in Figure 2, the lower the quantile, the higher is the negative impact of liquidity risk 

on the contemporaneous stocks returns. 

The positive effects in the right tail of the return distribution implies that when the market 

state is good (positive large returns), traders perceive liquidity as a relevant factor to inform 

their decisions about portfolio composition. This situation is expected in a search-for-yield 

scenario, in which investors start to rebalance their portfolios in an opposite way to the 

strategy they adopt during a bad market state. Thus, they rebalance towards riskier and less 

liquid assets, which can provide greater returns. This is generally the case when market and 
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funding liquidities are both perceived as sufficiently high and, therefore, traditional and safe 

assets yield unusually low gains, which traders aim to offset by resorting to less liquid and 

riskier assets. If market portfolios consist of these risker and less liquid assets, returns naturally 

increase, as traditional compensation for risk demands, at the same time as market-wide 

liquidity falls.  

Our results show that for most of the quantiles – essentially between 𝜏 = (0.35) and 𝜏 = (0.75) 

– the effects of market-wide liquidity on excess returns are statistically equal to zero. Thus, 

market-wide liquidity is not priced by the market when the market state is regular. This result 

challenges the traditional belief that commonality and market-wide liquidity risk are 

determinants of asset prices. 
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Figure 2. Systemic Liquidity Betas according to market states 

Panel A 

 

Panel B 

 

 

Note: Panel A shows the liquidity betas for 𝜏 = 0.1 − 0.95 in 0.05 intervals, for all 25 portfolios. Panel B 
presents the corresponding t-statistics of the liquidity betas. The black-shaded area is defined as being statistically 
significant at the 5% level whereas the white-shaded area corresponds to insignificant coefficients associated with 
the liquidity betas. 
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5. Conclusion 

We find that for most portfolios, the effects of liquidity risk on excess returns exhibit a 

nonlinear pattern. In markets experiencing gains, we show that contemporaneous returns are 

positively associated with systemic liquidity risk. That is, market participants care about 

appropriate compensations for any illiquid position in the market that they are willing to buy. 

In contrast, we observe that in bearish markets systemic liquidity risk is negatively associated 

with returns, which, in line with the previous literature, translates into higher expected returns 

for illiquid assets. This can be explained by investors’ shifting risk preferences and uncertainty 

about the variability and timing of illiquidity events, resulting in downward effects on asset 

prices. During regular times, the market rarely prices liquidity risk. This shows that investors 

are less concerned about illiquidity in untroubled market states, corresponding to returns 

around the median.  
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