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ABSTRACT 

This paper focuses on Finance, Capital Market Segment. Recent empirical evidence suggests 

that stock market liquidity is positively related to the costs of raising external capital. 

Specifically, before economic recessions we observe ‘flight to quality’, where some investors 

leave the stock market altogether and others shift their stock portfolios into larger and more 

liquid stocks. Moreover when booming occurs we also observe ‘flight to liquidity’, where some 

investors shift their portfolios from less liquid to more liquid stocks. There is an assumption that 

if stock price equals the discounted value of future earnings, it seems natural that it should 

contain information about future earnings growth. This paper tries to find is there any 

significant relationship between stock market liquidity and business life cycle. It also tries to find 

whether the investor’s portfolio change with the business cycle and investors’ participation 

related to market liquidity. For data collection this paper covers NSE’s stock market index from 

2009 to 2011. Similarly for Business Cycle it takes macroeconomic variables of Indian economy 

covers the same period. Here this research focus on NSE’s Nifty’s liquidity rather than the whole 

NSE’s liquidity because Nifty is the powerful indicator than NSE’s whole stock listed companies. 

After reaching primary objective this research paper will take some sector stocks like 

automobile, software and banks sector’s liquidity etc will be compared with macroeconomic 

variables like GDP, GNP, and Per Capita Income etc. 

One explanation why liquidity seems to be better predictor than stock price changes is that stock 
price contains more complex mix of information that blurs the signals from stock returns. This 
paper also tries to understand the mechanism by which asset markets are linked to macro 
economy.   
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INTRODUCTION 

In  thought  of  the  current  financial  crisis,  much  is  made  of  the  evident  causality between 

a decline in the liquidity of financial assets and the economic crisis. In  this research paper  we  

show  that  such  things are  not  new;  changes  in  the liquidity of the Indian stock market have 

been matching  with changes in the real economy from 2009-2011. In fact, stock market liquidity 

is a very good "leading indicator" of the real economy. Using data for the India over  the  period  

2009 - 2011,  we  document  that  measures  of  stock market  liquidity  have leading  

information  about  the  real  economy,  even after controlling for other asset price predictors.  

If a stock price equals the expected discounted value of future earnings, it seems normal that it 

should contain information about future earnings growth.  Theoretically, a link  between  asset  

prices  and  the  real  economy  can  be  recognised  from  a consumption-smoothing argument. If 

investors are willing to pay more for an asset  that  pays  off  when  the  economy  is  thought  to  

be  in  a  bad  state  than for  an  asset  that  pays  off  when  the  economy  is  considered  to  be  

in  a  good  state, then current asset prices should contain information about investors' 

expectations about the future real economy.  

It  is  a  common  observation  that stock  market  liquidity  tends  to  dry  up  through  economic  

downturns.  However, we  show  that  the  relationship  between  trading  costs  and  the  real  

economy  is much more persistent than previously thought. 

The rest of the paper is prepared as follows. First, in Section I we look at the data. We define the 

measures that we use, we discuss the data sources, & we present summary statistics.  Next, in 

Section II we document that liquidity is related to the real economy using data for the India for 

the period 2009 - 2011. In Section III, we look at the causes of this certainty by splitting stocks 

into size groups and showing that the main source of the certainty appears  to  be  the  liquidity  

variation  of  small,  relatively  illiquid  stocks.  In Section  IV,  we  use  Indian  data  to  test  the  

robustness  of  the  Indian  results. We continue to find that stock market liquidity contains 

information about the macro economy. Further, we find some proof on the causes of time 

variation in aggregate liquidity, by linking changes in liquidity to changes in the portfolio 

composition of all investors at the Indian Stock Exchange.  We make several measures of 

changes in the portfolio composition of investors and show that the periods allied with liquidity 
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tightening coincide with the periods associated with flight to quality in investors' stock 

portfolios. Section V offers concluding remarks. 

I.  LIQUIDITY MEASURES AND DATA  

A.  Liquidity Measures  

Rit = ai + bi Rmt +εit   

Where, Rit is the return on security i at time t, Rmt is the market return at time t, ‘a’ is a constant 

term, b is a regression coefficient, and ε is an error term. In this model, for any change in the 

market return, the return of security i should move according to the above equation.  

B.  Liquidity Data  

To  work out  the  liquidity  measures,  we  use  data  on  stock  prices, returns, and trading 

volume. For the India, we obtain sample data from NSE for the period 2009 - 2011.  

Describing Liquidity Measures: 

Panels A and B show descriptive statistics for the Indian liquidity measures. The Indian sample 

covers the period from 2009 through 2011.  The liquidity measures examined are the relative 

bid-ask spread (RS), the Lesmond, Ogden, and Trzcinka (1999) LOT, the Amihud (2002) ILR 

and the Roll ILR (1984) implicit spread estimator (Roll). Note that the RS is not universally 

available; the NSE database  only  includes  full  data  on  spreads  starting  in  1980,  but  there  

are  some  observations earlier. The liquidity measures are calculated for each available stock 

once each quarter. Panel A shows  the  mean  and  median  of  the  liquidity  measures,  the  

number  of  securities  used, the total  number  of  observations  (each  security  is  observed  in  

several  quarters),  and  estimates  of average liquidity measures for different sub periods. Panel 

B shows correlation coefficients between the liquidity measures.  The  correlations  are  

calculated  across  all  stocks  and  time,  that  is,  the liquidity measures are calculated for each 

available stock once each quarter, and the correlations are pair wise correlations between these 

liquidity measures. Panels C and D show corresponding statistics for the Indian liquidity 

measures.  The Indian sample covers the period from 2009 through 2011.  
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Panel A: Descriptive Statistics, Indian Liquidity Measures 

S.No. 
Liquidity 

Measure 
Mean Median 

Means, Sub Periods 

2009 2010 2011 

1 RS 0.021 0.014 0.020 0.027 0.016 

2 LOT 0.035 0.022 0.037 0.010 0.027 

3 ILR 0.657 0.056 0.294 0.366 0.176 

4 Roll 0.017 0.013 0.015 0.017 0.018 

 

 Panel B: Correlation Coefficients, Indian Liquidity Measures 

S.No. Liquidity Measure RS LOT Roll 

1 LOT 0.72 

0.62 

0.32 

2 Roll 0.40 

3 ILR 0.41 0.38 

 

 The high correlations between the measures suggest they contain same information and hints. 

C.  Macro Data  

To  proxy  for  the  state  of  the  real  economy  we  employ  real  GDP  (GDPR),  the 

unemployment  rate  (UE),  real  consumption  (CONSR),  and  real  investment (INV). We also 

use a number of financial variables to contain  leading  information  about  economic  growth.  

From  the  equity  market we use Excess market return (erm), calculated as the value-weighted 

return on the  NSE  index  in  excess  of  the  3-month  T-bill  rate,  and  Market  volatility 

(Vola), calculated as the cross-sectional average volatility of the sample stocks, where volatility 

is calculated as the standard deviation of daily returns over the quarter. We also use Term spread 

(Term), calculated as the difference between the yield on a 10-year Treasury bond benchmark 

and the yield on the 3-month T-bill,  and  Credit  spread  (Cred),  measured  as  the  yield  

variation  between Moody's  Baa  credit  benchmark  and  the  yield  on  a  30-year  government  

bond benchmark.  Moody’s long-term corporate bond yield benchmark consists of seasoned 

corporate bonds with maturities as close as possible to 30 years. We use comparable macro series 

for Norway. 
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D.  Time-Series Adjustment of Series  

The  sample  period  that  we  use  covers  more  than  60  years.  Over  this  long period  changes  

in  market  structure,  competition,  technology,  and  activity  in financial markets potentially 

generate non stationarities in the liquidity series. As a result,  we  perform  several  unit  root  

tests  for  each  series  to  find whether the series needs to be transformed to stationary series. 

Although  we  want  to  avoid  the  risk  of  obtaining  fake  results,  we  also want to avoid the 

risk of over differentiating our variables. We therefore employ two tests.  The  first  test  is  the  

Augmented  Dickey-Fuller  (ADF)  test  with  a null  that  the  variable  has  a  unit  root.  The 

second test is the test proposed by Kwiatkowski et al.  (1992)  (KPSS),  where  the  null  

hypothesis  is  that  the series  is  stationary.  As  cited  by  Kwiatkowski  et  al.,  their  test  is  

intended  to complement unit root tests such as the ADF test. Among our liquidity proxies, Roll  

is  the  only  variable  for  which  we  reject  the  null  of  a  unit  root  using  the ADF test. We 

are also unable to reject the null (of stationarity) using the KPSS test. Both the LOT and ILR 

series are unit root processes according to the ADF test (both allowing for a drift and a 

deterministic trend), and in both cases the null of stationarity is rejected by the KPSS test. 

E.  Indian Ownership Data  

A vital reason for including Indian data in the paper is the availability  of  data  on  stock  market  

ownership  for  all  investors  at  the  National Stock Exchange, which we use to investigate 

aggregate patterns in stock ownership.  

Our  data  on  stock  ownership  come  from  the  centralized  records  on  stock  ownership  in  

Norway.  All  ownership  of  stocks  at  the  Indian  Stock  Exchange  is registered  in  a  single,  

government-controlled  entity,  the  Indian  Central Securities Registry (VPS). From this source, 

we have access to monthly observations of the equity holdings of the complete stock market.  At  

each  date,  we study  the  number  of  stocks  held  by  every  owner.  Each owner has a unique 

identifier, which allows us to follow each owner's holdings over time. For each owner,  the  data  

also  include  a  sector  code,  which  allows  us  to  distinguish  between  such  types  as  mutual  

fund  owners,  financial  owners  (which  include mutual funds), industrial (nonfinancial 

corporate) owners, private (individual) owners, state owners, and foreign owners. This data set 

allows us to construct the actual monthly portfolios of all investors at the stock exchange. We 
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can also calculate,  for  each  stock,  measures  of  ownership  concentration  and  fractions held  

by  different  owner  types. 

II. PREDICTING INDIAN ECONOMIC GROWTH WITH MARKET 

ILLIQUIDITY  

A.  In-Sample Evidence  

We  start  by  assessing  the  in-sample  predictive  ability  of  market  illiquidity.  

The models we examine are predictive regressions of the form:  

Yt+1 = α + β LIQt + γ’ Xt + ut+1  

Where, Yt+1 is the realized growth in the macro variable of interest over quarter t + 1, LIQt  is 

market illiquidity measured for quarter t, Xt  is a vector of control variables  (Term,  dCred,  

Vola,  erm,  and  the  lag  of  the  dependent  variable)  noticed at t, and γ’ is the vector of  

coefficient estimates on the control variables. We  use  three  different  proxies  for  equity  

market  illiquidity:  ILR,  LOT,  and Roll. Our main dependent variable (Yt+1) is real GDP 

growth. However, we also examine three further macro variables related to economic growth, 

namely, growth in the unemployment rate (dUE), real consumption growth (dCONSR), and real 

growth in private investments (dINV). 

A.1. Causality  

We  are  principally  interested  in  predicting  macroeconomic  conditions  with liquidity,  but  

there  is  also  the  possibility  of  causality  going  in  the  opposite  direction,  with  changes  in  

economic  conditions  disturbing  market  illiquidity.  We know from earlier studies that 

monetary policy shocks have an effect on stock and  bond  market  illiquidity  (see,  for  

example,  S¨oderberg  (2008)  and  Goyenko and  Ukhov  (2009)),  whereas  there  is  no  effect  

of  distress  to  real  economic  variables  on  stock  market  illiquidity.  However,  neither  of  

these  studies  considers the  reverse  causality  from  market  liquidity  to  real  economic  

variables.  We look at this issue directly by performing Granger causality tests. We return to the  

specification  with  only  liquidity  and  real  variables  and  perform  Granger causality tests 

between the different illiquidity proxies and real GDP growth. 

A.2. Market Liquidity and CMIE Recessions  

The  in-sample  results  on  the  predictive  content  of  liquidity  for  macro  variables can be 

visualized using an "event study." We take the onset of a recession to  be  the  "event  date,"  and  
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plot  the  evolution  of  the  various  series  of  interest around this date. In Panel A of Figure 2,   

we plot changes in liquidity relative to the onset of a recession, as defined by the CMIE. For each 

CMIE recession, we  first  calculate  the  quarterly  GDP  growth  starting  five  quarters  before  

(t = 5Q) the first CMIE recession quarter (CMIE1) and ending five quarters after the end of each 

CMIE recession (t = 5Q). Next, we average the GDP growth for each quarter across all 

recessions, and we accumulate the average GDP growth over the event window.  We then do the 

same for ILR. This  style  of  analysis  also  permits  us  to  make  comparisons of  the  

informational  content  of  the  different  predictive  variables. Looking first at the term spread 

we see that there is a systematic decline in the term spread in all the quarters prior to the first 

CMIE recession quarter (CMIE1).   

B.  Out-of-Sample Evidence for the United States  

In the previous section, we find that market illiquidity has predictive power for  economic  

growth  for  the  entire  sample  period,  for  sub periods,  and  when controlling  for  other  

financial  variables  found  in  the  literature  to  be  informative  about future economic growth. 

However, in-sample predictability does not necessarily mean that the predictor is a helpful 

predictor out of sample. In this section,  we  examine  whether  market  illiquidity  is  able  to  

forecast  quarterly real GDP growth out of sample. 

III. FIRM SIZE AND THE INFORMATION CONTENT OF LIQUIDITY  

Small firms are relatively more sensitive to economic downturns than big firms. Therefore,  firm  

size  might  be  of  particular  interest  for  the  purpose  of this  paper.  If  the  business  cycle  

component  in  liquidity  is  caused  by  investors moving  out  of  assets  that  have  a  tendency  

to  perform  particularly  poorly  in recessions, we would expect that the liquidity of small firms 

reflects this effect most  strongly.  In  particular,  we  would  expect  the  liquidity  difference  of  

small firms  to  be  higher  than  the  liquidity  variation  of  large  firms,  and  also  the  liquidity 

of small firms to be more informative about future macro fundamentals.  

To  examine  this  more  closely,  we  run  in-sample  analytical  regressions  with liquidity  

variables  constructed  for  different  firm  size  quartiles.  Firms  are  assigned  into  size  

quartiles  at  the  beginning  of  the  year  based  on  their  market capitalization the last trading 

day of the previous year. We construct two versions of each liquidity variable, one calculated for 

the smallest quartile of firms (LIQ small ) and one for the largest quartile of firms (LIQ large). 
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Finally,  if  investors  have  a  tendency  to  move  out  of  small  firms  and  this causes activity 

to drop and liquidity to worsen, we would expect this pattern to show up in the trading activity of 

these firms. We therefore investigate whether trading volume predicts economic growth. We find 

it to be less informative than other liquidity measures about real variables, but looking at volume 

may still get better our understanding of the mechanisms. Turnover is measured as the shares 

traded divided by the number of outstanding shares. We sort firms into size quartiles at the end 

of each year and calculate the equally weighted average turnover for the first and fourth 

quartiles.  As  before,  the  bars  show  the  cumulative  average  quarterly growth  in  real  GDP  

and  the  solid  line  the  cumulative  average  change  in  ILR. 

IV. SYSTEMATIC LIQUIDITY VARIATIONS AND PORTFOLIO SHIFTS: 

EVIDENCE FROM NORWAY  

In  the  introduction,  we  speculated that  the  systematic  liquidity  variation that  we  find  is  

linked  to  portfolio  shifts  and  changes  in  market  participation during economic downturns, 

that is, investors look for to move away from equity investments  in  general  and  from  small,  

illiquid  stocks  in  particular.  Using special  data  on  stock  ownership  from  the  National  

Stock  Exchange  (NSE),  we  can examine this conjecture and provide a valuable robustness 

check of our results from the Indian market. 

A.  The Indian Evidence of Predictability  

We first check that we get similar results on predictability as in the Indian case. For  shortness  

we  report  the  Indian  results  on  predictability  in  the  Internet Appendix  and  only  

summarize  the  main  results  here.  We  start  by  assessing the  in-sample  predictive  ability  of  

market  liquidity  for  the  macro  variables' real  GDP  growth  (dGDPR),  growth  in  the  

unemployment  rate  (dUE),  real consumption growth (dCONSR), and growth in investment 

(dINV). We use the Amihud ILR and RS as our liquidity substitutes. 

B.  Portfolio Shifts and Liquidity  

A  possible  channel  through  which  the  documented  link  between stock  market  liquidity  

and  business  cycles  may  work  is  changes  in  investors' portfolio  composition.  In this 

section, we investigate whether investors do in fact tilt their portfolios toward more liquid assets 

in economic downturns. Our Indian data set contains monthly ownership of all investors in all 

Indian companies listed on the National Stock Exchange over the period 2009 to 2011. The  
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challenge  lies  in  constructing  aggregate  measures  of  changes  in  portfolio composition.  We 

do this in two ways.  First,  we  center  on  market  participation and  look  at  the  full  portfolio  

of  each  investor.  Next, we look at concentration and actions between owner types for 

individual stocks, without controlling for the portfolios across stocks. 

B.1. Market Participation on an Investor-by-Investor Basis  

Our  ownership  data  let  us  construct  the  actual  portfolios  of  all  investors  at the monthly 

frequency and also the variations in portfolio composition over time. We  want  a  variable  that  

can  be  informative  about  both  the  degree  to  which investors  go  in  and  out  of  the  stock  

market  and  the  degree  to  which  the structure  of  their  stock  portfolios  change.  The  

measure  should  be  influenced mainly  by  actual  changes  in  stock  ownership.  This  rules  

out  measures  based on wealth changes, because such measures have the undesirable 

characteristic that  wealth  can  change  due  to  stock  price  changes,  even  if  investors  do  not 

make  any  active  portfolio  changes.  We  therefore  use  the  number  of  shares owned  by  an  

investor  as  the  basic  observation  of  interest.  We  cannot  sum the  number  of  shares  across  

stocks,  because  this  is  again  sensitive  to  price differences  across  shares.  As a substitute,  

we  simply  ask:  When  does  an  owner  take significant  amounts  of  money  from  his  stock  

portfolio?  The extreme example is when he sells all his stocks.  Our measure of aggregate 

changes uses such cases to identify aggregate schedule into and out of the market or a group of 

stocks, such as a size portfolio. 

B.2. Movements between Owner Types for Individual Stocks  

A disadvantage of the measure of participation above is that it only considers cases of complete 

withdrawal from the market.  We therefore complement the analysis by looking at two 

alternative measures, namely owner concentration and owner type.  These measures are much 

simpler to calculate than the previous measure, as they can be established on a stock-by-stock 

basis without looking at the full portfolio of individual investors. 

Panel A: Describing Annual Changes in Portfolio Composition 

S.No. 
Investor 

Type 

Number of Investors Fraction of Investors 

Entering Leaving Net Entering Leaving Net 

1 All 15220 11934 3286 24.1 18.5 5.6 

2 Personal 13445 10087 3358 24.3 17.5 6.8 
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Owners 

3 
Foreign 

Owners 
862 1119 -257 33.7 35.3 -1.6 

4 
Financial 

Owners 
51 44 6 14.8 12.4 2.4 

5 
Nonfinancial 

Owners 
1013 838 175 24.4 19.6 4.8 

6 State Owners 14 11 3 20.8 15.1 5.7 

 

Panel B: Correlation Liquidity & Change in Stock Market Participation 

S.No. Investor Type All Firms 
Firm Size Quartile 

Q1( Smallest) Q2 Q3 Q4 (Largest) 

1 All Owners -0.07 (0.32) -0.35(0.00) -0.10 (0.22) -0.20 (0.07) -0.11 (0.22) 

2 Personal Owners -0.02 (0.45) -0.33 (0.01) 0.09 (0.25) -0.18 (0.09) -0.08 (0.28) 

3 Foreign Owners -0.18 (0.09) -0.30 (0.01) -0.16 (0.12) -0.25 (0.03) -0.23 (0.04) 

4 Financial Owners -0.06 (0.33) -0.11 (0.21) 0.01 (0.46) -0.09 (0.25) -0.08 (0.27) 

5 
Non Financial  

Owners 
-0.16 (0.12) -0.35 (0.00) -0.11 (0.21) -0.21 (0.06) 0.20 (0.06) 

6 State Owners -0.06 (0.34) -0.20 (0.07) 0.19 (0.08) -0.10 (0.25) -0.06 (0.34) 

 

Panel C: Correlation Change in Liquidity & Change in Ownership Concentration 

S.No. 
Concentration 

Measure 
All Firms 

Firm Size Quartile 

Q1 (Smallest) Q2 Q3 Q4 (Largest) 

1 Largest Owner 0.07 (0.30) 0.13 (0.13) 0.13 (0.16) 0.09 (0.25) -0.06 (0.31) 

2 Herfindahal 0.09 (0.24) 0.20 (0.06) 0.10 (0.22) 0.18 (0.08) -0.12 (0.18) 

3 No Owners 0.37 (0.00) -0.09 (0.23) -0.22 (0.04) -0.27 (0.02) 0.37 (0.00) 
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Panel D: Correlation Change in Liquidity & Movement across Owner Types 

S.No. Owner Type All Firms 
Firm Size Quartile 

Q1 (Smallest) Q2 Q3 Q4 (Largest) 

1 
Financial 

Fraction 
-0.12 (0.18) -0.14 (0.14) -0.10 (0.21) -0.07 (0.29) 0.24 (0.03) 

2 
Mutual Fund 

Fraction 
-0.06 (0.32) -0.13 (0.16) 0.00 (0.49) 0.04 (0.37) -0.18 (0.08) 

3 
Individual 

Fraction 
0.05 (0.35) -0.03 (0.42) -0.14 (0.13) 0.01 (0.46) 0.06 (0.32) 

4 
Non financial 

Fraction 
-0.06 (0.34) 0.10 (0.22) 0.05 (0.36) -0.14 (0.13) -0.17 (0.09) 

5 Foreign Fraction -0.08 (0.26) -0.16 (0.11) 0.04 (0.38) -0.07 (0.29) 0.21 (0.05) 

6 State Fraction -0.09 (0.23) -0.30 (0.01) -0.18 (0.08) -0.07 (0.29) 0.22 (0.05) 

 

We  first  look  at  several  proxies  for  ownership  concentration,  such  as  the fraction  of  the  

company  owned  by  the  largest  owner,  and  a  couple  of  Herfindahal  deals  of  

concentration.  We also look at the total number of owners. Ownership attention is related to 

participation by the simple book-keeping argument that because all stocks must be held by 

somebody, if participation declines, the number of owners declines and ownership concentration 

increases. In Panel C of Table VIII, we show the results of looking at correlations between 

changes in liquidity and ownership concentration.  The  interesting  numbers are  the  differences  

between  the  portfolio  of  small  firms  (quartile  1)  and  large firms. We see that, for example, 

when the spread increases, the concentration increases  for  the  portfolio  of  small  stocks  

(positive  correlation),  but  decreases for the portfolio of large stocks. Similarly, when the spread 

increases, the number  of  owners  diminishes  for  the  portfolio  of  small  stocks  but  increases  

for  the large stocks. 

A potential explanation for this result relates to funding problems. Included in the group of 

financial investors are mutual funds.  Because  these  entities have  a  trend  to  experience  

outflows  of  funds  in  economic  downturns,  as investors  sell  off  some  of  their  portfolios  to  

fund  consumption,  mutual  funds face a funding problem and have to sell a part of their 
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portfolios. To the extent that  this  is  the  case,  we  would  guess  out flows  from  small  stocks  

to  be  more prevalent  among  mutual  funds  than  other  financial  investors.  We  are  able  to 

investigate this conjecture because the database on ownership spots which of  the  financial  

owners  are  mutual  funds  (bottom  line,  Panel  D).  When  we rerun  the  calculation  only  for  

those  financial  owners  that  are  mutual  funds, the  results  show  that  really  mutual  funds  

have  a  stronger  tendency  to  sell their holdings of small stocks. This is consistent with an 

explanation based on funding problems. We observe that the group that appears to take up the 

slack in small firms, buying  small  stocks  when  liquidity  is  worsening,  is  foreign  investors  

(which includes large international funds), in spite this number is not significant. To  sum  up,  

using  various  measures  of  changes  in  portfolio  composition,  we find evidence consistent 

with our hypothesis that liquidity changes are related to portfolio shifts. 

CONCLUSION  

The major contribution of this paper is to provide two empirical observations. First,  we  show  

that  stock  market  liquidity  has  useful  information  for estimating  the  current  and  future  

state  of  the  economy.  These  results  are shown  to  be  remarkably  strong  to  our  choice  of  

liquidity  proxy  and  sample period. The relationship also holds for two different markets, the 

Indian and Norway.  Second,  we  find  evidence  that  time  variation  in  equity  market 

liquidity  is  related  to  changes  in  participation  in  the  stock  market,  especially for the 

smallest firms. Participation in small firms decreases when the economy (and market liquidity) 

worsens.  This  is  consistent  with  a  "flight-to-quality" effect,  and  with  the  judgment  that  

the  liquidity  of  the  smallest  firms  is  more informative about future economic conditions 

compared to the liquidity of large firms. In addition to suggesting a new financial market-based 

predictor, our results provide a new explanation for the observed commonality in liquidity.  

 There are a number of interesting ways to expand on our results. First, our results showing that 

(Granger) causality moves from the stock market to the real economy has implications for 

prediction.  The  ability  to enhance  forecasts  and "nowcasts"  (Giannone,  Reichlin,  and  Small  

(2008))  of  central  macroeconomic variables  such  as  unemployment,  GDP,  consumption,  

and  the  like  would  be of  particular  interest  to  central  banks  and  other  economic  planners.  

For  such purposes it would therefore be instructive to see more extensive comparisons of the  

predictive  power  of  different  liquidity  proxies,  or  combinations  of  proxies. Second,  
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although  we  find  evidence  of  a  link  from  observed  liquidity  to  the economy using data for 

the Indian and Norway, it would be interesting to  look  at  a  larger  cross-section  of  stock  

markets.  Finally,  our  finding  that stock  market  involvement  is  related  to  time  variation  in  

liquidity  should  be the key  to  asset-pricing  theorists  attempting  to  understand  why  liquidity 

appears to be priced in the cross-section of stock returns. 
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