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中 文 摘 要 ： 本計畫應用結構性向量自迴歸的方法，探討2000-2016年東協五國新
加坡、泰國、馬來西亞、菲律賓以及印尼的名目匯率動態。
我們考慮了包含工業生產指數變動率、本國利率、外國利率、通貨
膨脹率以及匯率變動率5個變數的結構性向量自迴歸，
並以結合短期和長期的限制方法認定出供給面衝擊、需求面衝擊、
外國貨幣政策衝擊、本國貨幣政策衝擊和匯率衝擊。
透過衝擊反應函數以及預測誤差變異數分解，我們發現東亞五國普
遍有干預匯率的痕跡，且除了泰國外，
這些國家的匯率大多數未能內生反應其實體經濟面的衝擊。

中文關鍵詞： 匯率政策；結構式向量自迴歸；東協國家

英 文 摘 要 ： In this report, we use structural vector autoregression
(SVAR) to investigate whether the exchange
rates of Indonesia, Malaysia, the Phillippines, Singapore,
and Thailand are shock absorbers or the
sources of shock. We explicitly incorporate a monetary
policy reaction function in SVAR, and include
output growth, domestic interest rate, foreign interest
rate, inflation and exchange rate as endogenous
variables. Our empirical findings suggest that the exchange
rates of Indonesia, Malaysia, the
Phillipines and Singapore are likely to be the sources of
shock, while the exchange rate of Thailand
acts like a shock absorber.

英文關鍵詞： Exchange Rates; Structural Vector Autoregression; Exchange
Rate Policy; ASEAN;
Emerging Market
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Abstract 
In this report, we use structural vector autoregression (SVAR) to investigate whether the exchange 

rates of Indonesia, Malaysia, the Philippines, Singapore, and Thailand are shock absorbers or the 

sources of shock. We explicitly incorporate a monetary policy reaction function in SVAR, and include 

output growth, domestic interest rate, foreign interest rate, inflation and exchange rate as endogenous 

variables. Our empirical findings suggest that the exchange rates of Indonesia, Malaysia, the 

Philippines and Singapore are likely to be the sources of shock, while the exchange rate of Thailand 

acts like a shock absorber. 
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1. INTRODUCTION 

After the 1997 Asian Financial Crisis, some emerging countries changed their policies on foreign 

exchange markets. For example, Thailand moved from a fixed to floating exchange rate regime, 

Malaysia reverted to a fixed exchange rate regime, Indonesia removed the managed floating 

exchange regime, and the Philippines removed its remaining few impediments to a freely floating 

exchange rate regime, while Singapore retained its managed floating exchange rate regime 

throughout. However, Calvo and Reinhart (2002) notice that many countries that say they allow 

their exchange rate to float mostly do not, in other words, there seems to be an epidemic case of fear 

of floating.  Bernanke (2010) discusses the situation that some emerging countries, e.g., Thailand, 

Taiwan, Singapore and Hong Kong, deliberately depress their currencies in order to increase 

exports to stimulate economic growth. 

 

In this report, we attempt to use structural vector autoregression (SVAR) to investigate the de facto 

exchange rate regimes of five ASEAN countries, including Indonesia, Malaysia, the Philippines, 

Singapore, and Thailand. In particular, we follow Artis and Ehrmann (2006) to impose both short-

run and long-run restrictions to identify the SVAR, and use impulse response functions and forecast 

error variance decompositions to determine the macroeconomic shocks that these countries had to 

face relative to their main trading partners, like US, have predominantly been symmetrical or 

asymmetrical ones during 2000 to 2016. Our exercise is appealing since the characteristics and 

features of macroeconomic shocks, like demand and supply shocks, have been identified as an 

influential determinants of a country’s exchange rate regime. When these shocks are largely 

symmetric relative to the major trading partners, the common view in the literature is that the 

flexibility of the exchange rate policy should not be an issue, however, if they are primarily 

asymmetrical, then the role of exchange rate as a shock absorber is desirable. 

 

We employ the SVAR which explicitly incorporate a monetary policy reaction function and 

investigate whether the requirements for an exchange rate to be a shock absorber is necessary. As in 

Artis and Ehrmann (2006), we dissect structural shocks into nominal shocks and real shocks. When 

a currency area takes a fixed rate for its monetary policy, it means it cannot use its own floating 

exchange rate to adjust and stabilize its economy. In this case, when a domestic economy is hit by 

an asymmetric shock as compared to its foreign counterparts, the domestic interest rate and 

exchange rate lose their ability to stabilize the domestic economy and become sources of shock. 

That is, we would see the contribution of the nominal shocks dominate the real shocks in explaining 

the exchange rate fluctuations. On the contrary, when an economy uses a floating exchange rate to 



stabilize the shocks from trade partners, we say the exchange rate of this economy is a shock 

absorber, and the exchange rate fluctuations should be primarily driven by the real shocks. 

 

We find that real shocks in Malaysia and Thailand relative to their trading partners, namely the US, 

have been asymmetrical during 2000 to 2016. The real shocks in Singapore, the Philippines and 

Indonesia have been symmetrical during 2000 to 2016. Even though Singapore has managed its 

rate, it faced symmetric shocks relative to the US. This means the cost of its managed rates policy 

was not high. Thailand has been asymmetric relative to the US during 2000-2016, but its exchange 

rate acts as a shock absorber, which means the exchange rate of Thailand responded to its 

idiosyncratic risk. The exchange rate of the Philippines was identified as a source of shock, 

however, it has had symmetric shocks relative to the US, which means the cost was not high. 

Conversely, Indonesia and Malaysia have been faced asymmetric shocks relative to the US during 

2000-2016, and its exchange rates acted as sources of shocks, which implies the costs for their 

exchange rate policy were high. 

 

The remainder of this report is organized as follows. In Section 2, we introduce the empirical 

methodology. In Section 3, we present the data source and preliminary tests. Section 4 discuss the 

empirical results. Finally, Section 5 concludes. 

 

 

2. EMPIRICAL METHODOLOGY 

2.1 The SVAR model  

Following Artis and Ehrmann (2006), the endogenous variables in our SVAR can be represented 

by	𝐱 ≡ ∆𝑦&, 𝑖&∗, 𝑖&, ∆𝑝&, ∆𝑒& ′, where all variables except interest rates are in logarithms, ∆𝑦& denotes the 

domestic output growth, 𝑖&∗ is the foreign short-term nominal interest rate, 𝑖& is the domestic short-

term nominal interest rate, ∆p denotes the domestic rate of inflation, and ∆𝑒& denotes the changes 

of exchange rate per foreign currency. The SVAR is formulated as 

 

𝐴/𝑥& = 𝐴 𝐿 𝑥&34 + 𝜀&, with 𝜀&~𝑖𝑖𝑑	𝑁(0, 𝛴𝜀).     (1) 

 

The SVAR model implies the domestic economy is subject to several structural shocks. Specifically, 

we interpret	𝛆 ≡ 𝜀&?, 𝜀&@, 𝜀&A
∗, 𝜀&A, 𝜀&B ′, where 𝜀&? indicates a supply shock and 𝜀&@  indicates a demand 

shock; these two shocks are defined as real shocks to economy. The last three shocks are interpreted 



as "nominal” shocks. 𝜀&A
∗
、𝜀&A and 𝜀&B, are a foreign monetary policy shock, a domestic monetary 

policy shock, and an exchange rate shock, respectively.  

Equation (1) has the following SVMA form (structural vector moving average representation): 

 

𝑋& = 𝐹 𝐿 𝜀&,     (2) 

 

The 5x5 matrix of polynomial lags 𝐹 𝐿 ≡ 𝐹EF(𝐿) , for i, j = 1, … ,5, is the object to be estimated.  

We follow Artis and Ehrmann (2006) to combine the long-run and short-run identifying restrictions 

to identify the SVAR model. The following three sets of restrictions are to be imposed in our SVAR 

system: 

(a) Long-run restriction: Following Blanchard and Quah (1989), only supply shocks have a permanent 

effect on output.  

(b) Short-run restriction: The demand shocks from the remaining three nominal shocks is the only 

shock that can influence output contemporaneously. And only supply shock, demand shock, and 

foreign monetary policy shock can influence foreign interest rate contemporaneously. 

(c) From (a) and (b), we can get 9 restrictions. Lastly, to disentangle the two types of domestic 

nominal shocks, we estimate ω, which is defined as the weight of the central bank’s attachment to 

exchange rate development when setting monetary policy and was introduced by Smets (1997). 

The estimation procedure of ω is as follows. Once all the effects of supply, demand, and foreign 

monetary policy shocks on the domestic interest rate and the exchange rate have been identified by 

(a) and (b), the unexplained components of the exchange rate and the interest rate are driven entirely 

by the domestic monetary policy and exchange rate shocks. Eq. (3) shows the reduced-form empirical 

model of monetary policy behavior, and Eq. (4) shows the model for the foreign exchange market. 

Specifically: 

 

𝑢&E
N = 𝛼4𝜀&A + 𝛼P𝜀&BuRS

' = α4εRW + αPεRX.    (3) 

𝑢&B
N = 𝛽4𝜀&A + 𝛽P𝜀&B .    (4) 

 

Eq. (3) and Eq. (4) show that 𝑢&E
N denotes the residual of the interest rate equation after controlling 

the supply shocks, demand shocks and foreign monetary policy shocks. And 𝑢&B
N  represents the 

residual of the exchange rate equation after controlling the supply shocks, demand shocks and foreign 

monetary policy shocks. After removing the supply shocks, demand shocks and foreign monetary 

shocks, the central bank can control the domestic short-term interest rate by using the monetary 

shocks (𝜀&A) and exchange rate shocks (𝜀&B). Solving Eq. (3) and Eq. (4) for domestic monetary policy 

shocks, 𝜀&A, yields 



 

𝜀&A = Z[
\]Z[3\[Z]

𝑢&E
N + \[

\]Z[3\[Z]
𝑢&B

N
 εRW = ^[

_]^[-_[^]
uRS +
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_]^[-_[^]

uRXεRW = ^[
_]^[-_[^]

uRS
' + _[
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uRX

'
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(5) 

 

Normalizing Eq. (5) (𝛼4 = 𝛽4), 𝜀&A can be represented as below, 

 

𝜀&A = 1 − 𝜔 𝑢&E
N + 𝜔𝑢&B

N,     (6) 

 

where ω = −(𝛼P/(𝛽P − 𝛼P)). Eq. (6) be interpreted as short-run monetary condition index (MCI) in 

Siwei and Reza (2009). We would expect 𝛼P to capture the effect of exchange rate shocks on the 

domestic interest rate (appreciation), 𝛽P  to capture the effect of exchange rate shocks on the 

exchange rate itself, and 𝛼P ≤ 0, 𝛽P ≥ 0. Therefore, the relative weight of exchange rate in the MCI, 

ω, should lie between zero and one. If ω is relatively close to 1, it means the monetary policy of the 

central bank is in the exchange rate targeting regime. On the other hand, if ω is relatively close to 0, 

the monetary policy of the central bank is in the interest rate targeting regime. 

With an estimate of ω, the remaining identification problem is solved. Smets (1997) suggests to 

estimate ω by transforming Eq. (6) into a regression model 

   

𝑢&E
N = − f

43f
𝑢&B

N + 4
43f

𝜀&A.µRS = - i
4-i

µRX +
4
4-i

µRW,µRS
' = - i

4-i
µRX

' + 4
4-i

εRW,      (7) 

 

We follow Artis and Ehrmann (2006) to use the generalized method of moments (GMM) method 

to estimate ω. The details of the estimating procedure are shown in the Appendix. 

 

2.2 The specification and implementation of identifying restrictions 

We follow Eq. (2) and add restrictions to calculate impulse responses and variance decomposition. 

We can get the reduced-form Wold moving average representation of 𝑋& as follows: 

 

𝑋& = 𝐷 𝐿 𝑢&,	 	 	 	 	 (8)	

	

where D L = 𝐹(𝐿)34 , 𝑢& is a 5x1 vector of reduced-form disturbance, and E 𝑢&n𝑢& = Ω. Ω is the 

reduced-form VAR variance covariance matrix. Since E 𝜀&n𝜀& = 𝐼, we compare Eq. (2) and Eq. (8) 

and get 

 

𝑢& = 𝐹/𝜀&,     (9)  

F L = D L 𝐹/,     (10) 



Ω = 𝐶/n𝐶/.     (11)  

 

Since Ω consists of only 15 parameters, ten additional restrictions need to be imposed on the SVAR 

to achieve the just identification. First, we add the long run restrictions that imply that 𝐹4P(1) =

𝐹4s(1) = 𝐹4t(1) = 𝐹4u(1) = 0. Thus given Eq. (10), the following linear restrictions on matrix F can be 

derived, respectively: 

 

𝐹4P 1 = 𝐷44(1)𝐶4P/ + 𝐷4P(1)𝐶PP/ + 𝐷4s(1)𝐶sP/ + 𝐷4t(1)𝐶tP/ + 𝐷4u(1)𝐶uP/ = 0,        (12) 

𝐹4s 1 = 𝐷44(1)𝐶4s/ + 𝐷4P(1)𝐶Ps/ + 𝐷4s(1)𝐶ss/ + 𝐷4t(1)𝐶ts/ + 𝐷4u(1)𝐶us/ = 0,        (13) 

𝐹4t 1 = 𝐷44(1)𝐶4t/ + 𝐷4P(1)𝐶Pt/ + 𝐷4s(1)𝐶st/ + 𝐷4t(1)𝐶tt/ + 𝐷4u(1)𝐶ut/ = 0,        (14) 

𝐹4u 1 = 𝐷44(1)𝐶4u/ + 𝐷4P(1)𝐶Pu/ + 𝐷4s(1)𝐶su/ + 𝐷4t(1)𝐶tu/ + 𝐷4u(1)𝐶uu/ = 0.        (15) 

 

Short-run restrictions imply the following five direct constraints on matrix F: 

 

𝐹4s/ = 0,      (16) 

𝐹4t/ = 0,      (17) 

𝐹4u/ = 0,      (18) 

𝐹Pt/ = 0,      (19) 

𝐹Pu/ = 0.      (20) 

 

We obtain 9 restrictions from the above restrictions. The last restriction can be implemented as a 

linear restriction involving some of the elements of matrix A(0). From Eq. (1) and Eq. (2), 𝐴/ =

𝐹/34. Therefore, by estimating ω and Eq. (5), the last restriction implies the following constraint: 

 

𝐴ts/ =ω and 𝐴tu/ = 1 − ω.     (21) 

 

In order to estimate ω using GMM, we consider instrument variables including 6 lags for 

endogenous variables, 10 lags for supply shocks, demand shocks and monetary policy shocks. 

 

3. DATA DESCRIPTION AND UNIT ROOT PROPERTIES 

We use monthly data typically spanning from January 2000 to December 2016, which are obtained 

from International Financial Statistics of the International Monetary Fund and the CEIC database. We 

estimate the model in turn for Singapore, Malaysia, Thailand, the Philippines and Indonesia. The 

variables used are industrial production, a domestic and a foreign short-term interest rate, consumer 



price index and exchange rates. We plot the data in Figures 1 to 4. We apply the Augmented Dickey-

Fuller (ADF) and Philip-Perron (PP) unit-root tests. Besides, we also use the Dicky-Fuller, 

Generalized Least Squares (DF-GLS) test for interest rate testing.  

The unit root test results are reported in Table 1, the domestic output, domestic price and nominal 

exchange rates are I(1) for the selected countries. The test results also reveal that the foreign and 

domestic interest rates are stationary.  

4. EMPIRICAL RESULTS 

4.1 Estimates for ω 

The results for the weights the central banks attach to the exchange rate (ω) for each selected 

country are reported in Table 2. The weights for Singapore, Thailand and the Philippines are found to 

be significant. If the weight is relatively close to 1, it means the central bank is in an exchange rate 

targeting regime. On the other hand, if the result is relatively close to 0, the central bank is in an 

interest rate targeting regime. For Singapore,  ω is reported to be around 0.0434 and significant, this 

is consistent with the monetary policy of Singapore which targets the NEER fluctuations. The 

estimation result of Malaysia is -0.0039 and insignificant, this is also consistent with the fixed 

exchange rate regime of Malaysia. 

After the 1997 Financial Crisis, Thailand, the Philippines and Indonesia first changed to monetary 

target regimes; then these three countries changed to inflation target regimes in 2000, 2002 and 2005, 

respectively. The weight of Thailand is 0.0570 with a 99% significance level, and the weight of the 

Philippines is 0.0082 with a 90% significance level. Although Thailand and the Philippines changed 

to inflation target regimes, they take some other economic indicators like CPI into account in their 

policies. However, Indonesia abandoned its exchange rate target after the 1997 Asian Financial Crisis 

and switched to an inflation targeting regime only; this is reflected in a low weight in the point 

estimate of ω, which is moreover insignificant. These results are consistent with Artis and Ehrmann 

(2006), which mentioned that when monetary policy abandons an exchange rate target in favor of an 

inflation target, ω turns out to be insignificant. 

 

4.2 Impulse response functions. 

To obtain the results of impulse response, we use the estimate of ω obtained from the full sample 

period. The impulse responses are shown in Figures 5-9. Note that the differenced variables in the 

VARs are now reported in levels, i.e., output, prices and exchange rates, rather than their growth rates. 

In other words, we calculate the cumulated impulse response functions. 

When observing the impulse responses of Singapore (Figure 5), we find that the supply shock 

increases the output, decreases the price, and causes the exchange rate to appreciate. The demand 



shock of Singapore increases both output and prices. The responses of the foreign and domestic 

interest rates to real economic shocks are in different directions, thus we know that the supply shock 

and demand shock of Singapore related to the US are asymmetric. The foreign monetary shock 

decreases both output and input, and increases the domestic interest rate and causes exchange rate 

depreciation. We also find that the domestic monetary policy shock increases the domestic interest 

rate (tight monetary policy) and decreases both the output and price, and causes exchange rateto 

appreciate. The exchange rate shock (depreciation) increases both output and prices.   

Figure 6 displays the result for Malaysia, the supply shock increases the output and decreases prices, 

resulting in exchange rate appreciation. The demand shock decreases output and prices. The responses 

of the foreign and domestic interest rates to real economic shocks are in the same direction. Therefore, 

the supply shock and demand shock of Malaysia related to the US are symmetric. The foreign 

monetary policy shock increases both the foreign and domestic interest rates and causes exchange 

rate appreciation. The domestic monetary policy shock decreases the domestic interest rate (Monetary 

easing) and causes a price increase and exchange rate depreciation. Finally, we find that the exchange 

rate shock causes exchange rate depreciation, resulting in import inflation and a price increase. 

  Figure 7 present the result for Thailand. Its supply shock increases output and causes exchange rate 

appreciation. The demand shock decreases output. The price responses to the supply shock and 

demand shock in Thailand are trivially small. The responses of the foreign and domestic interest rates 

to real economic shocks are in the same direction. Therefore, the supply shock and demand shock of 

Thailand related to the US are symmetric. The foreign monetary policy shock increases both the 

foreign and domestic interest rates. The domestic monetary policy shock decreases the domestic 

interest rate and increases prices. It is worth noting that the response of the exchange rate to the 

exchange rate shock is negligible, thus we deduce that the exchange rate of Thailand might act as a 

shock absorber.  

Figure 8 reports the result for the Philippines. The supply shock increases the output and decreases 

prices, and the demand shock increases both output and prices. The responses of the foreign and 

domestic interest rates to real economic shocks go different directions. Therefore, the supply shock 

and demand shock of the Philippines related to the US are asymmetric. The foreign monetary policy 

shock decreases the foreign interest rate and increases the domestic interest rate. The domestic 

monetary policy shock decreases the domestic interest rate and increases prices, also causing 

exchange rate depreciation. The exchange rate shock of the Philippines causes exchange rate 

depreciation, resulting in import inflation and a price increase. 

Finally, Figure 9 present the result of Indonesia. A one-standard deviation of supply shock increases 

the output and decreases prices. The demand shock increases both output and prices. The responses 

of the foreign and domestic interest rates to real economic shocks are in different directions. Thus, 



the supply shock and demand shock of Indonesia related to the US are asymmetric as well. The 

foreign monetary policy shock decreases the foreign interest rate and increases the domestic interest 

rate. The domestic monetary policy shock decreases the domestic interest rate and increases prices. 

The exchange rate shock of Indonesia causes exchange rate depreciation, resulting in import inflation 

and a price increase. 

 

4.3 Do these selected countries’ exchange rates act as shock absorbers or sources of shock?  

As explained earlier, an answer to this question can only be provided in a meaningful way once we 

know whether the real shocks hitting the economy are mainly symmetric or asymmetric. From 

impulse response functions of each country, we find the results in Malaysia and Thailand of both the 

foreign and the domestic interests rates to supply and demand shocks are asymmetric. Additionally, 

the results in the other three countries are symmetric. We summarized these findings in Table 3. 

The forecast error variance decomposition results enable us to investigate the relative importance 

of real shocks and nominal shocks attached to each of the five variables in each country. Table 5 

reports the results for Singapore. We find that the supply shock and demand shock affect output 

mostly in the short term. Besides demand and supply shocks, the domestic monetary policy shock 

affects output after six months. The foreign exchange rate is mostly affected by the foreign monetary 

policy shock and the demand shock, and the domestic interest rate is mostly affected by the domestic 

monetary policy shock. In addition, the price level in Singapore is mostly affected by the domestic 

monetary policy shock and the exchange rate shock. Furthermore, the exchange rate of Singapore is 

mostly affected by nominal shocks and the percentage is 66%. We thus conclude that the exchange 

rate of Singapore is more like a source of shock. 

Table 6 outlines the results of Malaysia are similar to Singapore’s, the nominal shocks explain 83% 

of the exchange rate variations. Therefore, the exchange rate of Malaysia is also a source of shock. 

Table 7 reports the result of Thailand. The output is mainly driven by the supply shock and demand 

shock, both in the short-run and the long-run. The exchange rate of Thailand is mainly affected by 

the foreign monetary policy shock and the demand shock. And the domestic interest rate is mostly 

dominated by domestic monetary policy shock. Finally, the price level of Thailand is mostly 

explained by the exchange rate shock. In Thailand the contribution share of real shocks, 86%, which 

is higher than that of nominal shocks. Therefore, we interpret the exchange rate of Thailand is a shock 

absorber. 

Table 8 reports the result of the Philippines. Clearly, its exchange rate is a source of shock since 

76% of the exchange rate variation is explained by the nominal shocks. Table 9 reports the result of 

Indonesia. We find its output is affected mostly by real shocks both in the short-run and the long-run. 

The exchange rate is mainly driven by the local monetary policy shock in the short run, and it is 



Indonesia’s price level is mainly affected by the demand shock, supply shock and domestic monetary 

policy shock. Lastly, the exchange rate of Indonesia is mostly explained by the exchange rate shock. 

Thus, the exchange rate of Indonesia is a source of shock as well. 

  Overall, Thailand is the only country that has an exchange rate as a shock absorber. And the 

exchange rates of Singapore, Malaysia, the Philippines and Indonesia are sources of shock. 

 

5. CONCLUSIONS  

In this report, we use the SVAR model proposed by Artis and Ehrmann (2006) to investigate the de 

facto exchange rate regimes of Indonesia, Malaysia, the Philippines, Singapore and Thailand. The 

SVAR we used combines the short-run and long-run restrictions, and a monetary policy reaction 

function.  

 

Our empirical results suggest that, during 2000 to 2016, the real shocks in Malaysia and Thailand 

relative to the US have been asymmetrical, and the real shocks in Indonesia, the Philippines and 

Singapore have been symmetrical. The Philippines and Singapore faced symmetric shocks relative 

to the US, and both were identified as the types of sources of shock, this implies the costs of its 

managed floating exchange regime were not high. Thailand faced asymmetrical shocks relative to 

the US, but it was a shock absorber, which means the monetary authority of Thailand use exchange 

rate to react to its idiosyncratic risks. Finally, Malaysia and Indonesia faced the shocks which were 

asymmetric relative to the US, but both countries act like sources of shock, which means the cost of 

their currency manipulation policy are quite high. 

 

APPENDIX  

This Appendix discusses how to use the method of Shapiro and Watson (1988) to estimate with both 

long-run and short-run restrictions the Structural VAR of Artis and Ehrmann (2006). 

   As explained in section 2.1, the relationship of the residual of reduced-form VAR and structural 

shocks is 𝑢& = 𝐹/𝜀&, which can be represented in matrix form as 
 

uR
v

uRw
*

uRw

uR
y

uRX

=

F44/ F4P/ 0 0 0
FP4/ FPP/ FPs/ 0 0
Fs4/ FsP/ Fss/ Fst/ Fsu/

Ft4/ FtP/ Fts/ Ftt/ Ftu/

Fu4/ FuP/ Fus/ Fut/ Fuu/

εRz

εR{

εRW
*

εRW
εRX

 .     (22) 

 



 

Below, we explain how to estimate the coefficient of 𝐹/ by adding long-run restrictions and other 

restrictions. 

 Since we have five endogenous variables in our Structural VAR, we can represent the SVAR as 

five equations. Besides, we ignore the trend and intercept. 

 

∆𝑦& = 𝛼|∆𝑦&3| +
}
|~4 𝛽|∆𝑖∗&3| +

}34
|~/ 𝛿|∆𝑖&3| +

}34
|~/ 𝛾|∆P𝑝&3| +

}34
|~/ 𝜏|∆P𝑒&3| + 𝑣&?

}34
|~/ ,      

(23) 

 

where p represents the lags of VAR. From Eq. (23), we know the levels of 𝑖&∗, 𝑖&, ∆𝑝&, ∆𝑒& have no 

permanent effect on 𝑦& since we add these variables after being first-differenced.  In the 

meanwhile, it means the structural shocks from the other four structural VARs (𝜀&@, 𝜀&A
∗, 𝜀&A, 𝜀&B) will 

not influence 𝑦& by endogenous variables in the long run. Thus, we can get 𝜀&? by estimating Eq. 

(23). 

In Eq. (23), we include contemporaneous explanatory variables  𝑖&∗, 𝑖&, ∆𝑝&, ∆𝑒&, thus we use 

instrumental variables to estimate it. ∆𝑦&3F, 𝑖&3F∗ , 𝑖&3F, ∆𝑝&3F,∆𝑒&3F are our instrumental variables. 

We can estimate 𝜀&
�, 𝜀&E

∗, 𝜀&E, 𝜀&
}, 𝜀&B via the OLS method. Based on Eq. (23), we know that 

 

𝑢&
� = 𝐹44/ 𝜀&? + 𝐹4P/ 𝜀&@,      (25) 

 

In which 𝑢&
� and 𝜀&? change in the same proportion, thus we can set 𝐹44/ =1. We use 𝑢&

� to 

estimate 𝜀&? from Eq. (25). Then we can get the result of 𝐹4P/ , and the residual of this regression is 

the estimation of 𝜀&@, which is orthogonal to 𝜀&?. Similarly, to get the estimates of 𝜀&A
∗, we have the 

below equation according to Eq. (25): 

 

𝑢&E
∗ = 𝐹P4/ 𝜀&? + 𝐹PP/ 𝜀&@ + 𝐹Ps/ 𝜀&A

∗.   (26) 

 

We regress 𝑢&E
∗ on 𝜀&? and 𝜀&@ and set 𝐹Ps/ = 1 to get the estimates of 𝜀&A

∗. 

Last, we follow Artis and Ehrmann (2006) to expand the reduced-form of 𝑢&E  and 𝑢&B: 

 

𝑢&E = 𝐹s4/ 𝜀&? + 𝐹sP/ 𝜀&@ + 𝐹ss/ 𝜀&A
∗ + 𝐹st/ 𝜀&A + 𝐹su/ 𝜀&B,εRw = Fs4/ εRz + FsP/ εR{ + Fss/ εRW

* + Fst/ εRW + Fsu/ εRX,     

(27) 



εRX = Fu4/ εRz + FuP/ εR{ + Fus/ εRW
* + Fut/ εRW + Fuu/ εRX.     (28) 

Since we already have the estimates of 𝜀&?,	𝜀&@ and	𝜀&A
∗, we can get the residuals 𝑢&En and 𝑢&Bn after 

using 𝑢&EεRw  and 𝑢&B εRXto do regression with these three estimates. 

 

𝑢&En = 𝐹st/ 𝜀&A + 𝐹su/ 𝜀&B,εRw' = Fst/ εRW + Fsu/ εRX,     (29) 

𝑢&Bn = 𝐹ut/ 𝜀&A + 𝐹uu/ 𝜀&B.εRX' = Fut/ εRW + Fuu/ εRX.     (30) 

 

Based on the discussion of Artis and Ehrmann (2006) in Section 2.1, we normalize 𝐹st/ = 1 and 

𝐹ut/ = 1. Then we get 𝜀&A = 1 − 𝜔 𝑢&E
N + 𝜔𝑢&B

NεRW = 1-ω uRw + ωuRX
'εRW = 1-ω εRw + ωεRX

', 𝜀&B =
− 4
∅
𝑢&E

N + 4
∅
𝑢&B

NεRX = - 4
∅
εRw
' + 4

∅
εRX

', where ω = −𝐹su/ /(𝐹uu/ − 𝐹su/ ) and ∅ = 𝐹uu/ − 𝐹su/ .  

After we get the estimation of ω and ∅ via GMM, we can solve Equations (29) and (30) 

simultaneously to get the estimates of 𝐹su/ 	and 𝐹uu/  together with 𝜀&Aand 𝜀&B.  

Finally, we regress 𝑢&
} on 𝜀&?,	𝜀&@,	𝜀&A

∗, 𝜀&A and 𝜀&B to get the estimates of 𝐹t4/ ,	𝐹tP/ ,	𝐹ts/ ,	𝐹tt/  and 

𝐹tu/ . Then the identification of 𝐹/ can be achieved, and we can calculate the impulse response and 

do the variance decomposition via 𝐹/. 

 

Disclaimer 

The empirical model in this report is also used in my advisee, Ms. Huang Chien-Tze’s master thesis. 

We collaborate to work on her thesis, and will revise the report substantially and submit it to an 

academic journal in the near future. 
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Table 1. Unit-root test results of all variables. 

 

          
 
            ADF: Augmented Dickey-Fuller Test 

PP: Phillips-Perron test 
DF-GLS: Dickey Fuller-Generalized Least Squares Test 

 

 

 

 

 

 

 

 

 

 

ADF PP ADF PP
Singapore -15.9269*** -28.2068*** -15.7960*** -15.7960***
Malaysia -16.1343*** -17.2716*** -13.9602*** -13.9810***
Thailand -8.6539*** -13.9845*** -13.1939*** -13.1945***
Philippines -17.0819*** -19.4539*** -14.3217*** -14.3211***
Indonesia -12.3801*** -30.1720*** -11.1701*** -14.5758***
US -3.1894** -11.4578***

ADF PP ADF PP DF-GLS
Singapore -3.9375*** -14.9433*** -2.3863 -3.5882** -2.6066
Malaysia -11.7164*** -11.7048*** -3.9921** -5.3304*** -2.4881
Thailand -11.1810*** -11.4229*** -1.8442 -2.0803 -3.0137**
Philippines -6.5414*** -9.7649*** -4.8092*** -4.1626*** -2.7167*
Indonesia -5.4703*** -11.8112*** -6.1220*** -4.3773*** -2.065
US -11.4105*** -11.6649*** -3.8799** -1.5126 -3.8853

∆𝑒#

∆𝑝# 𝑖#, 𝑖#∗

∆𝑦#



Table 2. Estimates for ω.  

Country Singapore Malaysia Thailand Philippines Indonesia 

Currency SGD-USD RM-USD THB-USD PHP-USD IDR-USD 

Estimates 0.0434*** -0.0039 0.0570*** 0.0082** 0.0198 

t-statistics (10.9628) (-1.4310) (34.1531) (1.8212) (0.4257) 

 

 

Table 3. Summary of key findings on the role of Exchange Rate as a Shock Absorber. 

Country Singapore Malaysia Thailand Philippines Indonesia 

Against 

US Supply 

Shocks 

Symmetric Asymmetric Asymmetric Symmetric Symmetric 

Against 

US 

Demand 

shocks 

Symmetric Asymmetric Asymmetric Symmetric Symmetric 

 

 

 

 



Table 4. Shock absorber or source of shock, the results from variance 

decompositions. 

Country Singapore Malaysia Thailand Philippines Indonesia 

Type of 

Shocks 

Source of 

shock 

Source of 

shock 

Shock 

absorber 

Source of 

shock 

Source of 

shock 

 

 

 

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 



Table 5. Variance Decompositions for SGD against USD 
 

 
 
 
 
 
 

Table 6. Variance Decompositions for MYR against USD 
 

 
 
 
 
 

 

 Period Supply Demand Foreign Monetary Policy
Domestic Monetary

Policy Exchange Rate

1 50.54729 49.45271 0 0 0
6 28.58428 34.60669 6.700996 22.29935 7.808685
12 26.11334 31.872 6.315579 25.06646 10.63262
24 25.708 31.50969 6.404389 25.68036 10.69756
1 2.814141 37.36769 59.81817 0 0
6 1.506479 35.27755 60.77132 0.94757 1.497081
12 1.207896 36.8533 35.15517 20.50783 6.275809
24 1.150876 23.34617 8.570902 56.13243 10.79962
1 0.72567 7.871193 9.043415 77.12448 5.235241
6 1.128419 14.48175 4.306682 73.97526 6.107886
12 1.185028 19.98527 3.856783 67.76437 7.208546
24 1.148253 18.52942 1.893791 68.94526 9.483278
1 0.104073 0.559151 1.56132 38.60725 59.16821
6 0.236205 0.813355 4.02664 47.18567 47.73813
12 0.331359 0.99962 4.328455 47.79602 46.54455
24 0.333837 1.093762 4.380918 47.81093 46.38055
1 0.530834 8.721319 29.21424 33.7338 27.79982
6 1.59534 8.175246 23.39281 46.25 20.5866
12 1.711047 7.98382 23.39587 46.06986 20.8394
24 1.696957 7.93519 22.90039 46.7827 20.68476

The rate of appreciation of
the nominal exchange rate

Singapore

Domestic Output Growth

Foreign Interest Rate

Domestic Interest Rate

Inflation

 Period Supply Demand Foreign Monetary Policy
Domestic Monetary

Policy Exchange Rate

1 39.04524 60.95476 0 0 0
6 8.499092 15.70903 1.633071 40.04838 34.11043
12 8.138479 14.90445 2.843652 38.87424 35.23918
24 7.936621 14.37199 2.918045 39.16351 35.60984
1 49.24632 38.35637 12.39731 0 0
6 21.45604 41.9079 11.61554 12.0519 12.96863
12 11.75094 30.76753 4.539806 29.54659 23.39513
24 9.435215 29.42824 4.029385 32.52877 24.57839
1 0.008583 0.005932 0.323081 52.5845 47.0779
6 0.089589 0.04326 1.450432 52.90057 45.51615
12 0.478072 0.178096 2.313237 52.60279 44.42781
24 1.322712 2.99045 2.234989 50.91469 42.53716
1 0.234146 0.607692 19.39544 15.68589 64.07683
6 1.36447 2.119445 13.29303 29.73286 53.4902
12 1.278056 2.268211 12.00281 32.16145 52.28947
24 1.247631 2.377992 11.87844 32.93586 51.56007
1 0.017923 12.46434 17.07706 5.934819 64.50585
6 1.174103 5.47344 7.826601 39.55278 45.97308
12 1.24943 4.466754 6.363187 41.99523 45.9254
24 1.412766 4.520906 6.282272 42.15584 45.62822

Foreign Interest Rate

Domestic Interest Rate

Inflation

The rate of appreciation of the
nominal exchange rate

Malaysia

Domestic Output Growth



Table 7. Variance Decompositions for THB against USD 
 

 
 
 
 
 

   
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 Period Supply Demand Foreign Monetary Policy
Domestic Monetary

Policy Exchange Rate

1 57.12218 42.87782 0 0 0
6 40.72403 47.75558 0.578153 9.252283 1.689959
12 38.70308 46.31072 1.586525 9.72112 3.678558
24 38.18311 45.86797 1.994719 9.922062 4.03214
1 12.31214 10.13767 77.55019 0 0
6 10.19936 16.01457 71.87692 0.640952 1.268206
12 9.259957 15.43449 74.313 0.615972 0.376584
24 8.582643 14.86824 75.14727 1.243411 0.158436
1 6.66253 14.6129 3.611756 73.79837 1.314442
6 1.532386 10.40082 19.73829 47.01779 21.31071
12 1.124069 5.028612 25.63427 29.61618 38.59687
24 4.759455 9.204219 43.16731 16.33301 26.53601
1 0.187835 0.989678 0.054278 6.419816 92.34839
6 0.791756 3.191364 7.058453 9.943056 79.01537
12 2.050982 4.758941 7.616639 11.11756 74.45588
24 2.131732 4.899881 9.521649 10.83006 72.61668
1 15.10431 64.66437 18.79568 1.180399 0.255244
6 15.45583 49.17547 20.22479 6.265772 8.87814
12 16.81015 46.23219 18.95692 8.014879 9.985857
24 16.63471 45.19576 20.1482 8.09049 9.930838

The rate of appreciation of
the nominal exchange rate

Thailand

Domestic Output Growth

Foreign Interest Rate

Domestic Interest Rate

Inflation



Table 8. Variance Decompositions for PHP against USD 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 Period Supply Demand Foreign Monetary Policy
Domestic Monetary

Policy Exchange Rate

1 58.03424 41.96576 0 0 0
6 32.02476 19.85341 2.992016 29.45291 15.67691
12 22.74442 14.9003 2.276021 34.65248 25.42678
24 22.59607 14.86328 2.337778 34.68108 25.5218
1 8.204632 23.45403 68.34134 0 0
6 16.99279 18.50658 60.46294 2.431762 1.605919
12 17.55695 20.10415 46.74032 13.2188 2.379787
24 16.87147 25.47532 34.5566 21.33504 1.761573
1 2.357052 11.83601 1.674445 71.44761 12.68488
6 3.701736 19.48966 1.281162 69.68948 5.837963
12 4.332508 33.36872 0.912426 54.25128 7.135062
24 4.28068 41.10951 0.62672 47.63383 6.349259
1 0.829582 5.365695 0.010764 30.32871 63.46525
6 0.88005 6.033134 0.277 33.18252 59.6273
12 0.959491 5.961715 0.291591 34.00444 58.78276
24 1.027942 6.039116 0.354399 34.17187 58.40667
1 0.016392 5.447438 7.36929 27.62454 59.54234
6 2.58105 17.15651 7.002936 33.79098 39.46853
12 3.452205 15.92669 7.21133 37.0478 36.36198
24 3.751034 16.79792 7.636832 36.37946 35.43476

The rate of appreciation of
the nominal exchange rate

Philippines

Domestic Output Growth

Foreign Interest Rate

Domestic Interest Rate

Inflation



Table 9. Variance Decompositions for IND against USD 
 

 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 Period Supply Demand Foreign Monetary Policy Domestic Monetary Policy Exchange Rate
1 53.86572 46.13428 0 0 0
6 29.38117 47.70747 3.202308 10.79711 8.911947
12 28.91132 46.88697 3.305291 11.25781 9.638606
24 28.93225 46.78346 3.36015 11.27652 9.647621
1 1.100002 1.866287 97.03371 0 0
6 9.541412 4.922124 85.15545 0.23791 0.143103
12 14.93367 9.343169 75.21878 0.250046 0.254337
24 23.17911 18.51082 57.99824 0.122757 0.189075
1 1.332496 21.68456 2.489296 42.46224 32.03141
6 11.82578 42.80236 3.311348 23.19714 18.86338
12 19.08541 47.93757 3.331632 16.52695 13.11845
24 21.82755 44.79891 8.962976 13.73204 10.67852
1 35.62249 23.80773 1.931565 31.3244 7.313817
6 29.21318 21.34931 6.324283 33.25466 9.858561
12 28.22472 20.70167 8.21444 32.69042 10.16875
24 27.77558 20.40829 9.896391 31.84184 10.0779
1 0.039811 0.001594 12.73794 8.586315 78.63434
6 4.364888 3.595062 15.73009 8.291661 68.0183
12 4.820004 4.68724 15.92226 8.652819 65.91768
24 4.920174 5.193796 16.21873 8.706398 64.96091

The rate of appreciation of
the nominal exchange rate

Indonesia

Domestic Output Growth

Foreign Interest Rate

Domestic Interest Rate

Inflation



Figure 1. VAR data: Industrial production index 

Since Gross Domestic Product (GDP) data is only available quarterly, the industrial production or 

manufacturing production index are used as proxy for domestic output(y). 

The IPI data of Malaysia is from IFS (International Financial Statistics of the International Monetary 

Fund), and the data for the other four countries are from CEIC (Census and Economic Information 

Center). 
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Figure 2. VAR data: Short-Term Nominal Interest Rate 

Note: IT_IND: Indonesia Call Money Rate, IT_MA: Malaysia Interbank Overnight Money Rate, 
IT_PH: Philippine Money Market Rate, IT_SG: Singapore 3-Month Interbank Rate, 
IT_THA: Thailand Money Market Rate, IT_US: US Fed Fund Rate. All interest rate data 
are from Aremos (International Financial Statistics of the International Monetary Fund). 
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Figure 3. VAR data: Consumer Price Index (Index number 2005)  

All CPI data are from Aremos (International Financial Statistics of the International Monetary Fund). 
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Figure 4. VAR data: Nominal Exchange Rate   

All exchange rate data are from IFS (International Financial Statistics of the International Monetary 

Fund). 
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Figure 5. Impulse Response Functions for SGD against USD 
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Figure 6. Impulse Response Functions for MYR against USD  
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Figure 7. Impulse Response Functions for THB against USD 
 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

-.04

-.02

.00

.02

.04

5 10 15 20 25 30

Supply Shock

-.04

-.02

.00

.02

.04

5 10 15 20 25 30

Demand Shock

-.04

-.02

.00

.02

.04

5 10 15 20 25 30

Foreign MP Shock

-.04

-.02

.00

.02

.04

5 10 15 20 25 30

MP Shock

-.04

-.02

.00

.02

.04

5 10 15 20 25 30

Exch. Rate Shock

.000

.001

.002

.003

.004

5 10 15 20 25 30

Supply Shock

.000

.001

.002

.003

.004

5 10 15 20 25 30

Demand Shock

.000

.001

.002

.003

.004

5 10 15 20 25 30

Foreign MP Shock

.000

.001

.002

.003

.004

5 10 15 20 25 30

MP Shock

.000

.001

.002

.003

.004

5 10 15 20 25 30

Exch. Rate Shock

-.002

-.001

.000

.001

.002

5 10 15 20 25 30

Supply Shock

-.002

-.001

.000

.001

.002

5 10 15 20 25 30

Demand Shock

-.002

-.001

.000

.001

.002

5 10 15 20 25 30

Foreign MP Shock

-.002

-.001

.000

.001

.002

5 10 15 20 25 30

MP Shock

-.002

-.001

.000

.001

.002

5 10 15 20 25 30

Exch. Rate Shock

-.004

-.003

-.002

-.001

.000

.001

5 10 15 20 25 30

Supply Shock

-.004

-.003

-.002

-.001

.000

.001

5 10 15 20 25 30

Demand Shock

-.004

-.003

-.002

-.001

.000

.001

5 10 15 20 25 30

Foreign MP Shock

-.004

-.003

-.002

-.001

.000

.001

5 10 15 20 25 30

MP Shock

-.004

-.003

-.002

-.001

.000

.001

5 10 15 20 25 30

Exch. Rate Shock

-.008

-.004

.000

.004

5 10 15 20 25 30

Supply Shock

-.008

-.004

.000

.004

5 10 15 20 25 30

Demand Shock

-.008

-.004

.000

.004

5 10 15 20 25 30

Foreign MP Shock

-.008

-.004

.000

.004

5 10 15 20 25 30

MP Shock

-.008

-.004

.000

.004

5 10 15 20 25 30

Exch. Rate Shock

Response to Structural VAR Innovations

O
ut

pu
t

Fo
re

ig
n 

In
te

re
st

In
te

re
st

Pr
ic

es
Ex

ch
an

ge
 R

at
e



Figure 8. Impulse Response Functions for PHP against USD 
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Figure 9. Impulse Response Functions for IND against USD 
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Abstract

In this paper, we empirically investigate the role of stock market illiquidity

shocks, stemming from Amihud (2002)’s illiquidity measure, in explaining US macroe-

conomic fluctuations from 1973 to 2014. We find that the impact of the illiquidity

shocks on economic activity is substantial, and the historical decomposition analysis

shows that the cumulative illiquidity shocks were an essential contributor to the pro-

longed economic slump of the Great Recession. Moreover, our identified illiquidity

shocks represent a distinct source of macroeconomic instability, and the economic

significance of the illiquidity shocks is as large as that of other types of shocks in

recent studies, such as financial shocks and uncertainty shocks. This suggests that

the illiquidity shocks, measured by the change in stock prices, may contain the

information about both the first-moment and second-moment shocks to financial

markets.
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1 Introduction

The decline in liquidity in equity markets became an important issue following the 2008–

2009 financial crisis, as well as after other recession periods dating back to the 1950s

(Chen et al., 2016, 2018; Næs et al., 2011). There are a number of ways that stock

market liquidity can affect the real economy. For example, Levine and Zervos (1998)

find the investment channels within a liquid secondary market can facilitate the financing

of long-run productivity growth, thereby promoting economic growth. Longstaff (2004)

proposes the “flight-to-liquidity” hypothesis by showing that stock market liquidity may

uncover information for investors. For example, when a negative event hits the economy,

a future recession may be anticipated, in which case investors are likely to rebalance

their portfolios toward safer assets, such as government bonds, and away from riskier

assets such as stocks, which lowers stock market liquidity. Brunnermeier and Pedersen

(2009) constructs a theoretical model that links an asset’s market liquidity and investors’

funding liquidity. During a financial crisis, a shock to funding liquidity results in higher

margins and worsens investors’ funding conditions, and forces institutional investors to

de-lever and provide liquidity to low margin stocks, leading to procyclical market liquidity

provision.

Meanwhile, a number of empirical studies document that stock market liquidity and

the state of the economy are indeed connected. For instance, by examining the forecasting

performance of real economic activity, Næs et al. (2011) and Chen et al. (2018) show that

Amihud (2002)’s stock market illiquidity ratio outperforms other conventional business

cycle predictors, such as term spread and credit spread . Furthermore, Chen et al. (2016)

also demonstrate that the stock market illiquidity ratio is a strong predictor of future

recessions. Florackis et al. (2014) use a Bayesian time-varying parameter vector autore-

gression (TVP-VAR) with stochastic volatility to investigate the illiquidity shocks to the

stock market and housing market on real gross domestic product (GDP) in the US. They

find that illiquidity shocks explain a large portion in real GDP growth, particularly during

crisis periods. Building on a similar TVP-VAR framework, Ellington (2018) studies the

impacts of the shock from stock market illiquidity using UK data, and finds the effects of

illiquidity shocks are substantial as well. However, these studies are focused on gauging

the effect of illiquidity shocks on real GDP growth across different illiquidity measures,
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and have overlooked the possible impact of illiquidity shocks on other important macroe-

conomic variables related to the business cycle, such as consumption, unemployment rate,

wages and labor hours.

In this paper, we use a novel vector autoregression (VAR) model to analyze the role of

stock market illiquidity shocks in explaining a wide range of macroeconomic and financial

variables, including a set of variables related to the real economy, labor market, and

financial market in the US from 1973M1 to 2014M12.1 We adopt the illiquidity ratio

proposed by Amihud (2002) for two reasons. First, a high degree of stock market liquidity

means an asset can be sold in a short period of time with minimal price impact when

a transaction occurs. Thus, the measures of stock market liquidity in the literature are

in general related to transaction costs, trading volumes, and the ability to capture price

impacts. Goyenko and Trzcinka (2009) and Goyenko and Ukhov (2009) find that Amihud

(2002)’s illiquidity measure does a better job at capturing price impacts compared with

several liquidity measures proposed in the existing literature, including those proposed by

Lesmond et al. (1999), Roll (1984). Second, as indicated by Ellington (2018), the concept

of price impact squares well with studies using dynamic stochastic general equilibrium

models featuring asymmetric information to motivate liquidity constraints and shows

how financial frictions can propagate shocks to economic activities (Bigio and Schneider,

2017; Kiyotaki and Moore, 2005, 2019). For instance, Kiyotaki and Moore (2019) assume

constraints on resaleability of private claims due to limited commitment so that borrowers

can resell an exogenous fraction of their land and capital holdings in order to finance an

investment opportunity. As the price impact rises, the ease of reselling assets declines,

and in turn increases transaction costs, deteriorates the attractiveness of investment, and

ultimately causes output to fall.

We identify illiquidity shocks in the VAR using the maximum forecast error variance

(MFEV) identification approach proposed by Uhlig (2003, 2004).2 This approach has

1We use the linear VAR model for two reasons. First, it is easier to examine the robustness of the

results across different valid identifying assumptions of the shocks. Second, it is easier to compare our

results with other types of shocks stemming from financial market conditions and related to the business

cycle.
2See Barsky and Sims (2011), Kurmann and Otrok (2013), and Ben Zeev and Khan (2015) about the

empirical applications of this method.
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two desirable features. First, the MFEV approach can be implemented either with a

VAR in levels that includes nonstationary variables, or a stationary VAR, and does not

rely on the precise specifications about the common stochastic trend in the variable of

interest (Francis et al., 2014). Second, the approach can be applied to VARs with many

endogenous variables without imposing additional restrictions about other shocks, which

usually would create debate or potentially invalidate the model.

Our empirical analysis shows that shocks that increase stock market illiquidity, namely

illiquidity shocks, lead to significant declines in industrial production, consumption, and

employment. Monetary policy was eased significantly in response to the increased illiq-

uidity, and despite the decline in long-term Treasury yields, this shock also caused sharp

falls in stock prices.

Furthermore, to gauge the historical contribution of illiquidity shocks, we adopt a

two-step estimation strategy proposed by Kilian (2009) to map the illiquidity shocks at

a monthly frequency into quarterly fluctuations in consumption, investment, real GDP,

and unemployment rate. We find that illiquidity shocks explain the decline in economic

activity during recession periods exceptionally well. For instance, the cumulative effects

of illiquidity shocks explain the fall in consumption, investment, and real GDP at the

height of the 2008–2009 financial crisis period, and also explain the high and persistent

unemployment rate in the subsequent “jobless recovery” period.

Our empirical results show that illiquidity shocks have important macroeconomic im-

plications for the US economy, and that the magnitude of their impact is as large as other

types of shocks related to the financial market disruptions discussed in the literature,

such as financial shocks and uncertainty shocks (Bloom, 2009; Born et al., 2018; Caldara

et al., 2016; Gilchrist and Zakrajsek, 2012; Jurado et al., 2015, and the references therein).

Moreover, our identified illiquidity shocks represent a distinct source of macroeconomic

instability, and are independent of financial and uncertainty shocks. Furthermore, we

show that the cumulative sum of the illiquidity shocks was an essential contributor to the

depth and duration of the associated economic downturn known as the Great Recession,

and it also outperforms the role of uncertainty shocks documented by Born et al. (2018).

This paper is organized as follows. Section 2 outlines the empirical methodology and

Section 3 describes the proxy of stock market liquidity, data, and VAR specification.
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Section 4 outlines the benchmark empirical results. Section 5 provides the robustness

checks. Section 6 compares the illiquidity shocks with other types of shocks examined in

the literature. Section 7 concludes.

2 Empirical Methodology

In this paper, we extract the exogenous shocks that explain most of the forecast error

variance of a target variable in a VAR, which in our case is the stock market illiquidity

ratio. This identification strategy is based on the MFEV approach by Uhlig (2003, 2004).

As noted earlier, the MFEV approach is a partial identification strategy that only identifies

the illiquidity shocks. Therefore, it can be implemented for a VAR without having to

impose additional assumptions on other structural shocks (Barsky and Sims, 2011). The

MFEV approach can be implemented as follows. First, consider a reduced form VAR(p)

as follows:

Yt = α + A1Yt−1 + A2Yt−2 + · · ·+ ApYt−p + ut, (1)

where α denotes the constant term, Yt is an n× 1 vector of variables observed at time t,

and ut is an n × 1 vector of disturbances with variance–covariance matrix E(utu
′

t) = Σ.

The corresponding Wold vector moving average representation of (1) is:

Yt = β +B(L)ut, (2)

where β denotes a constant, B(L) ≡ I +B1L+B2L
2 + · · · is a n× n matrix polynomial

in the lag operator L of moving average coefficients.

To identify the structural shocks, we need to map the reduced form VAR distur-

bances ut to a vector of mutually orthogonal shocks ǫt, i.e., ut = Cǫt. The conventional

identification method of VARs requires to impose restrictions on C, and C must satisfy

Σ = E(Cǫtǫ
′

tC
′) = CC ′, which implies E(ǫtǫ

′

t) = I. However, Uhlig (2003) argues that

this method is not sufficient to identify C because for any matrix C, there exists some al-

ternative matrix C̃ such that C̃Q = C, where Q is an orthonormal matrix, which satisfies

Σ = C̃C̃ ′. This alternative matrix C̃ maps ut into another vector of mutually orthogonal

shocks ǫ̃t, i.e., ut = C̃ǫ̃t. The identification problem becomes choosing an orthonormal

matrix Q that satisfies Σ = C̃C̃ ′ for some arbitrary matrix C̃ (e.g., the Cholesky decom-

position of Σ).
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Uhlig (2003)’s method consists of finding the m < n columns of Q defining the m

mutually orthogonal shocks that explain most of the variance of the forecast error of

some variable in Yt over forecast horizon k to k. Specifically, denote the k-step ahead

forecast error of the i-th variable yi,t in Yt by:

yi,t+k − Etyi,t+k = e′i[
k−1∑

l=0

BlC̃Qǫt+k−l], (3)

where ei is a column vector with one in the ith position and zeros elsewhere. Uhlig

(2003)’s approach solves the problem as follows:

Q∗

m = arg max
Qm

e′i[
k∑

k=k

k−1∑

l=0

BlC̃QmQ
′

mC̃
′B′

l]ei, (4)

subject toQ′

mQm = I, whereQm contains the columns ofQ defining themmost important

shocks. To solve this problem, consider first finding the shock, i.e., the column q1 of Q

that explains most of the variance of the forecast error of variable yit:

q∗1 = arg max
q1

e′i[

k∑

k=k

k−1∑

l=0

BlC̃q1q
′

1C̃
′B′

l]ei, (5)

subject to q′1q1 = 1. It is worth noting that the objective to be maximized can be expressed

as

e′i[

k∑

k=k

k−1∑

l=0

BlC̃q1q
′

1C̃
′B′

l]ei =

k∑

k=k

k∑

l=0

trace[(eie
′

i)(BlC̃q1)(q
′

1C̃
′B′

l)]

=

k∑

k=k

k∑

l=0

trace[(q′1C̃
′B′

l)(eie
′

i)(BlC̃q1)]

= q′1[
k∑

k=k

k∑

l=0

C̃ ′B′

l(eie
′

i)BlC̃]q1

= q′1Sq1,

with S ≡
∑k

k=k

∑k

l=0 C̃
′B′

l(eie
′

i)BlC̃. Note that we order the q1 vector first in Q. With this

formulation, the maximization problem in (4) can be expressed as a Lagrangian problem

as follows:

max
q1

L = q′1Sq1 − λ(q′1q1 − 1), (6)

with first-order condition

Sq1 = λq1.
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Note that (6) defines an eigenvalue decomposition, with q1 being the eigenvector of S that

corresponds to eigenvalue λ. Furthermore, because q′1q1 = 1, the first-order condition of

(6) implies the eigenvalue λ is the objective to be maximized, and q1 that maximizes the

variance is the normalized eigenvector associated with the largest eigenvalue λ. Similarly,

q2 is the second principal component and so forth for all the m components of Q∗

m that

we want to extract. Once Q∗

m is identified, we can study the impulse response functions

in Yt with respect to each column of Q∗

m, and provide the economic interpretation. We

focus on studying the shock that explains most of the forecast error variance in the target

variable, which in our case is the stock market illiquidity ratio.

3 Construction of Illiquidity Measure, VAR Specifi-

cation, and Data

3.1 Construction of ILRt

In this paper, we adopt Amihud (2002)’s illiquidity ratio to measure stock market illiquid-

ity. Amihud (2002) measures stock market liquidity using a price impact measure using

daily trading data as follows:

ILRi,t =
1

Di,t

Di,t∑

d=1

|Ri,t,d|

V OLi,t,d

, (7)

where Di,t is the number of available trading days for stock i during period t. During

period t, |Ri,t,d| and V OLi,t,d are absolute returns and trading volume (in dollars) of

stock i during day d. That is, ILRi,t is calculated from the average ratio of absolute

price changes to trading volumes, which captures the daily price impact of the order flow.

Note that Amihud (2002)’s measure is called an illiquidity measure, as a high value of

the measure indicates low liquidity (high price impact of transactions). That is, ILRi,t

captures how much the price moves for each volume unit of trades. After constructing

ILRi,t, the second step is to calculate aggregated ILRt as a measure of average market

illiquidity across stocks in a particular period t (for instance, month t):

ILRt =
1

Nt

Nt∑

i=1

ILRi,t, (8)

7



where Nt is the number of stocks in period t. We then use the averaged stock market

illiquidity measure ILRt to conduct the empirical analysis. We follow Næs et al. (2011)

and Chen et al. (2016) in scaling up ILRt by multiplying by 106 because the original

magnitude of the ILRt measure is too small to conduct a sensible empirical analysis.

Monthly data from 1973M1 to 2014M12 are used to construct Amihud (2002)’s illiq-

uidity measure. The monthly aggregated illiquidity measure is constructed using data of

individual stocks listed on the New York Stock Exchange (NYSE). All the stocks have to

meet the following requirements.

1. The stock must have been traded for more than 200 days in the last year to ensure

more stable estimates.

2. The stock price must be greater than $5 in the last trading day of the last year.

This enables us to exclude noise from the estimates because a low-price stock can

be affected easily by the minimum tick.

3. The stock must have market capitalization data in the Center for Research in Se-

curity Prices (CRSP) database at the end of last year. As a result, some derivative

securities were excluded.

4. Any stock that satisfies the above conditions was excluded if it was an outlier, i.e.,

in the lowest (1%) or highest (99%) tails of the distribution of ILRi,t.

All the daily stock market data are obtained from the CRSP database, including prices and

trading volumes. The description of ILRt is listed in the first column of Table 1. In the

first panel of Figure 1, ILRt is plotted, with shaded areas indicating the NBER recession

periods. Clearly, the ILRt is closely related to the business booms and recessions: a

rapid increase in the illiquidity measure is generally accompanied by a recession. Similar

findings are found for the annual growth rate of ILRt, which is plotted in Figure 2.

3.2 VAR Specification and Data

Our benchmark specification of the VAR includes nine variables: (1) Amihud (2002)’s

stock market illiquidity measure; (2) log of manufacturing industrial production index;

(3) log of private (nonfarm) payroll employment; (4) log of real personal consumption
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expenditure (PCE); (5) log of the PCE price deflator; (6) Federal funds rate; (7) nominal

10-year Treasury yield; (8) real S&P 500 Composite Stock Price Index; and (9) log of the

S&P Goldman Sachs Commodity Index (GSCI). Data for (2) to (7) are collected from the

Federal Reserve Economic Data (FRED) database provided by the Federal Reserve Bank

of St. Louis, (8) is obtained from Robert Shiller’s website, and (9) is from Datastream.

The sample period is 1973M1 to 2014M12, and we estimate the VAR using ordinary least

squares and include a constant term. We estimate the VAR in levels of all variables,

because this will produce consistent estimates of the impulse response functions, and

is robust to cointegrating relationships among the endogenous variables (Ben Zeev and

Khan, 2015; Kurmann and Otrok, 2013). Finally, the lag length of the VAR is chosen to

be four, which is suggested by the Akaike information criterion.3

In Section 4.2, we investigate the historical significance of illiquidity shocks obtained

from the benchmark VAR on the quarterly change in consumption CONSt, investment

INVt, unemployment rate UEMPt, and real output RGDPt. We proxy CONSt, INVt,

UEMPt, and RGDPt by real PCE, gross private domestic investment, unemployment

rate of full-time workers, and real gross domestic product, respectively. All series are

seasonally adjusted. RGDPt and INVt are from the FRED database, UEMPt is from

the US Bureau of Labor Statistics, and CONSt is from the US Department of Commerce.

4 Empirical Result

4.1 Impulse Response Analysis and Forecast Error Variance De-

composition

As described in Section 2, we extract the shocks that maximize the forecast error variance

of the stock market illiquidity measures over a specific forecast horizon. We set the forecast

horizon to 0 < k < 60 months; this choice enables us to capture short-run movements

in stock market illiquidity, while also providing reliable estimates at the long end of the

forecasting horizon.4 We limit our analysis to one shock because we find that one shock

3We set the maximum lag period of the VAR equal to eight to choose the optimal lag length.
4The results are unchanged when using alternative settings such as 6 < k < 60 and 0 < k < 120. For

brevity, these results are not reported, but are available upon request.
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explains virtually all the movement in stock market illiquidity.

Figure 3 displays the impulse response functions of the endogenous variables to a

one standard deviation shock to illiquidity, together with 90% bootstrapped confidence

intervals, which are constructed based on 5000 bootstrap replications.5 It is found that

a one standard deviation shock to illiquidity causes stock market illiquidity to increase

by about 15 basis points, leading to a hump-shaped and significant reduction in real

economic activity, with industrial production, employment, and consumption all falling

in subsequent months. For instance, the level of industrial production decreases about 17.5

basis points 10 months after the shock, while the drop in employment and consumption

seems to be less severe, but persistent. The resulting economic contraction leads to a fall

in the price level, and monetary policy is eased significantly in response to the adverse

economic conditions, in particular the Federal funds rate begins to fall several months after

the initial impact of the illiquidity shock. Meanwhile, the reduction in the Federal funds

rate is accompanied by a decline in longer-term Treasury yields. Finally, the impacts of the

illiquidity shock to financial markets are substantial; the stock market index experiences

a sharp drop of around 20 basis points, and the GSCI increases because of the demand

for a portfolio hedge.

Table 2 reports the fraction of forecast error variance in industrial production, em-

ployment, real PCE, and stock market index explained by the illiquidity shocks. The

illiquidity shocks account for more than 25% of the variation in industrial production

and employment, and 10% of the variation in real PCE beyond the one-year forecasting

horizon. The lower panel of Table 2 reports the forecast error variance decomposition

results using p = 8 as the lag length in the VAR, which is suggested by likelihood ratio

test. Clearly, the results are quantitatively similar. It is worth noting that the magnitude

of the proportions reported here is sizable, and exceeds the fraction of the variation in

the same macroeconomic variables attributable to the uncertainty shock and monetary

shock reported in Jurado et al. (2015). The macroeconomic dynamics reported above thus

suggest that the illiquidity shock has important implications for real economic activity,

and suggests that the negative liquidity shock can cause investment to decline because

5The bootstrapped confidence intervals are constructed by using Hall (1992)’s bootstrapping method-

ology.
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the resaleability constraint of assets is tightening, which induces a prolonged contraction

in economic activity, i.e., the output and consumption fall (Bigio and Schneider, 2017;

Kiyotaki and Moore, 2019; Shi, 2015)

4.2 Cumulative Effects of Illiquidity Shocks on the Quarterly

Macroeconomic Aggregates

In this section, we follow Born et al. (2018) by employing the two-step procedure proposed

by Kilian (2009) to investigate the effect of illiquidity shocks on macroeconomic variables

at a quarterly frequency. The reason for using the two-step method is twofold. First, the

identifying assumptions imposed on the structural VAR could be arguably too strong when

constructing a VAR using quarterly data.6 Second, if researchers attempt to avoid this

problem and use monthly data, it is common to use manufacturing industrial production,

or a monthly interpolated GDP time series as a proxy for GDP at monthly frequency.

However, the manufacturing industrial production only accounts about 12% of GDP in

the US, and the interpolated GDP series might create spurious dynamics.

The two-step method can be implemented as follows. First, we follow Kilian (2009) to

construct measures of the quarterly liquidity shocks by averaging the monthly illiquidity

shocks obtained from our benchmark VAR for each quarter:

ζ̂ILR,t =
1

3

3∑

i=1

ǫ̂ILR,i,t,

where ǫ̂ILR,i,t refers to the estimated residual for the illiquidity shock in the i-th month

of the t-th quarter of the sample. In the second step, we use the identified quarterly

averaged monthly illiquidity shock ζ̂ILR,t to examine the cumulative effects of illiquidity

shocks on the quarterly growth rates of consumption, investment, unemployment rate,

and real GDP by estimating the following regression:

∆4Xt = c+

12∑

i=0

φiζ̂t−i + ǫt, (9)

where c denotes a constant, and ∆4Xt = Xt − Xt−4 denotes the quarterly growth rate

of a quarterly measure of real economic activity Xt. Specifically, Xt = CONSt, INVt,

6Although the MFEV approach we used is a partial identifying strategy and less restrictive, it could

be sensitive to the truncation horizon k when applied to quarterly data, because the interval [k, k] are

relatively small. See Beaudry et al. (2011) for a discussion.
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UEMPt, and RGDPt. The number of lags is set to 12 quarters. By including the con-

temporaneous value of ζ̂ILR,t we assume that the identified illiquidity shocks are prede-

termined within the same quarter with respect to CONSt, INVt, UEMPt, and RGDPt,

which seems plausible after our identification procedure of the monthly illiquidity shocks.

The predicted historical values ∆4X̂t ≡ ĉ +
∑12

i=0 φ̂iζ̂t−i enable us to study the portion

of the change in real economic activity that is attributable to illiquidity shocks over the

sample period, i.e., we achieve the historical decomposition of the macroeconomic series

at the quarterly level.

The results of this empirical exercise are shown in Figure 4. Overall, the cumulative

effects of illiquidity shocks affect the cyclical behavior of real economic activity markedly,

particularly during the recession periods. However, the timing and significance of the

illiquidity shocks have varied considerably over different recession periods. For instance,

the cumulative effect of illiquidity shocks appears to be an important contributor to the

recessions of the early 1980s, and captures the immediate and substantial reductions in

the growth rates of consumption, investment, and real GDP, and the sharp rise in the

unemployment rate. As for the Great Recession in 2008–2009, the cumulative illiquidity

shocks took effect in the second half of 2008, and their contribution is persistent on real

economic activity. Moreover, we found that the illiquidity shocks explain the variations

in the unemployment rate exceptionally well during the recession periods, compared with

the other macroeconomic aggregates. This is consistent with the fact shown in Figure 1

that stock market illiquidity is typically high during recessions when the unemployment

rate also tends to increase substantially.

In sum, according to our historical decomposition analysis, we found that illiquidity

shocks explain quarterly economic activity in recession periods very well in terms of

magnitude and direction, and this confirms the view of Chen et al. (2016) that the dynamic

link between recessions and stock market liquidity is strong, and echoes the findings in

Florackis et al. (2014) and Ellington (2018) that the magnitude of the effect of illiquidity

shocks on real GDP is likely to be greater in recession periods.
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4.3 Firm Size Effect of Illiquidity Shocks

Figure 4 shows that illiquidity shocks explain the swings in economic activity better

in recessions than in normal times. As shown in Næs et al. (2011) and Chen et al.

(2016), because the small firms are relatively more sensitive to economic downturns than

large firms, it is more likely that investors move away from stocks with lower liquidity

when the economy is in a recession, and the liquidity shock of small firms should decline

substantially to reflect this “flight to liquidity” effect. Thus, it is of interest to examine

the stock market illiquidity shocks arising from different firm size quartiles and compare

the differences between the shocks arising from large firms and small firms in terms of

size and quantitative importance.

By doing so, we construct the illiquidity measures for large and small firms, and denote

them as ILRLarge
t and ILRSmall

t , respectively. Firms within the highest 25th percentile of

market capitalization in the previous year are categorized as large, while those within the

lowest 25th percentile in the previous year are denoted as small. The second and third

columns of Table 1 list the descriptive statistics of large firms and small firms, respectively.

It is clear that the mean of ILRLarge
t is smaller than ILRSmall

t as the large-capitalization

firms are less illiquid. Moreover, the variations in ILRSmall
t are greater than ILR

Large
t and

ILRt. In the second and third panels of Figures 1 and 2, we plot the level and growth

rate of illiquidity measures (ILRLarge
t and ILRSmall

t ) together with the NBER recession

periods.

Table 3 reports the variance decomposition results for the illiquidity shocks to ILRLarge
t

and ILRSmall
t , respectively. The fraction of the variation in economic activity attributable

to the illiquidity shocks to small-capitalization firms is larger than that to large-capitalization

firms. For example, shocks to ILRSmall
t are associated with 11.811% of the forecast error

variance in industrial production, 14.043% of the forecast error variance in employment,

and 11.220% of the forecast error variance in PCE at k = 6. By contrast, the correspond-

ing numbers for the shocks to ILR
Large
t are 5.274%, 7.105%, and 5.692%, respectively,

Thus, the illiquidity shocks to ILRSmall
t are associated with nearly double the variations

in industrial production, employment, and PCE compared with the shocks to ILR
Large
t .

Figure 5 plots the responses of the endogenous variables in our benchmark VAR to

a one standard deviation illiquidity shock to ILR
Large
t and ILRSmall

t , together with our
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benchmark illiquidity shock to ILRt and its corresponding 90% bootstrapping bands.

The responses of industrial production, employment, and PCE to the illiquidity shock to

ILRSmall
t are nearly as sharp and immediate as the benchmark illiquidity shock to ILRt,

and the magnitude of the illiquidity shock to ILRSmall
t is appreciably larger than that

to ILR
Large
t . However, both illiquidity shocks to ILR

Large
t and ILRSmall

t lie in the 90%

bootstrapping bands based on the illiquidity shock to ILRt, which means our baseline

results obtained from the illiquidity shocks to ILRt are not implausible. Figure 6 displays

the evolution of the illiquidity shocks to ILR
Large
t and ILRSmall

t over the sample periods,

together with the quarterly annual growth rates of consumption, investment, unemploy-

ment rate, and real GDP. Although the comovement between the illiquidity shocks to

ILRSmall
t and ILR

Large
t is positive in general, the implied path based on the shocks to

ILRSmall
t tracks the actual growth rates of CONt, INVt, UEMPt, and RGDPt more

closely during recession periods, especially in the Great Recession period.

To highlight this, Table 4 reports the contributions to real economic activity for all

illiquidity measures from 2008 to 2014. To better identify the relative contributions of the

illiquidity shocks to economic fluctuations, we present the data at an annual frequency.

We find that the variations in the annual growth rates of our economic activity measures

attributable to the illiquidity shocks to ILRt and ILRSmall
t are very similar. Furthermore,

the illiquidity shocks to both ILRt and ILRSmall
t had negative effects on real GDP growth

rate in 2009, causing 2.457% and 2.485% reductions in real GDP growth, respectively. It

is worth noting that the illiquidity shocks to ILRt explain 2.301% of the reduction in real

GDP from 2008 to 2009 (i.e., 0.156% − 2.457%). As the actual real GDP growth rate

fell by 2.959% and 5.351% in 2008 and 2009 respectively, the illiquidity shocks to ILRt

account for 27.690% of the variation in real GDP growth. This result is close to that

reported in Florackis et al. (2014), where stock market illiquidity shocks explained 17%

of the overall variation in GDP growth during the Great Recession. Similar results are

found for illiquidity shocks to ILRSmall
t , and the overall contribution of illiquidity shocks

to ILR
Large
t on real GDP growth reductions is much smaller than ILRt and ILRSmall

t .

Similarly, illiquidity shocks also explain negative growth in consumption and investment

over the years 2008 and 2009, which suggests that illiquidity shocks are an important

factor in explaining the reductions in measures of economic activity during the height
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of the Great Recession. In particular, the illiquidity shocks play an important role in

characterizing the unemployment rate dynamics. At a maximum (across all illiquidity

measures), the illiquidity shock explained nearly 30.054% of the sharp increase in the

unemployment rate in 2009. From 2010 to 2014, the illiquidity shocks still contributed

nearly –2% to the growth rate in unemployment, which is greater than the actual change

in the unemployment rate. This suggests that illiquidity shocks are an essential factor in

explaining the slow and moderately decreasing unemployment rate (i.e., the unemploy-

ment rate remained at a persistently high level) after the Great Recession. This result is

thus consistent with the theoretical result of Bigio (2015), that the shortfall in liquidity

from selling capital will increase the cost of obtaining liquidity to finance payroll employ-

ment. In addition, it also echoes the empirical findings in Chodorow-Reich (2014), that

the disruption to credit markets accounts for a sizable share of the decline in the em-

ployment rate, particularly in small firms, in the year following the Lehman bankruptcy.

Finally, our finding also suggests that illiquidity shocks outperform uncertainty shocks

in explaining variation in the unemployment rate, as Born et al. (2018) found that un-

certainty shocks only play a minor role in explaining the “jobless recovery” phenomenon

after the Great Recession.

Overall, our results support the hypothesis of “flight to liquidity”, in that the illiquidity

measure of small firms is more informative about economic activity than that of large

firms, especially during recessions. This is also consistent with the empirical findings of

Chen et al. (2016) and Næs et al. (2011) in the context of forecasting performance.

5 Robustness Checks

In this Section, we set p = 4, 0 < k < 60 and implement numerous robustness checks, in-

cluding different approaches to identify the illiquidity shocks, a different set of endogenous

variables in the VAR, a different measure of stock market liquidity, and an alternative

monetary policy indicator.
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5.1 Alternative VAR Identification Schemes

We consider two alternative identification schemes for illiquidity shocks. For both strate-

gies, we use the Cholesky decomposition method to obtain the lower triangular matrix

C, which maps reduced-form VAR disturbances ut into ǫt rather than using the MFEV

method, but the orders of the endogenous variables are different.

The first strategy is a recursive scheme with ILRt ordered first, which is motivated

by the Granger causality test results in Næs et al. (2011) that the null hypothesis that

ILRt does not Granger cause the real GDP growth is strictly rejected, while the reverse

hypothesis is not. This implies the ILRt is likely to be an exogenous source of economic

fluctuations, rather than an endogenous response to other economic shocks. The second

identification scheme follows Jurado et al. (2015) and Gilchrist and Zakrajsek (2012) in

identifying the uncertainty and financial shocks, respectively. We assume that ILRt is

ordered after industrial production, employment, PCE and PCE deflator, which implies

that illiquidity shocks affect economic activity with a one-period lag, and the Federal funds

rate, 10-year Treasury bond yield, S&P 500 and GSCI index are ordered after ILRt, which

means that the monetary and financial market variables can react to illiquidity shocks

contemporaneously.

Figures 7 and 8 depict the results of the impulse response functions using the identifi-

cation schemes described above. The illiquidity shocks clearly still have significant adverse

impacts on real economic activity and the sizes of the effects are similar to the benchmark

result in Figure 3. For instance, a one-standard-deviation illiquidity shock leads to a fall

in industrial production of about 15 basis points for both identification schemes, which is

close to the estimates reported in our benchmark VAR. Table 5 reports the correspond-

ing forecast error variance decomposition results. It is evident that the illiquidity shock

still appears to be an important driver of the fluctuations in economic activity. Overall,

our baseline results are not affected substantially by different identification assumptions

about the structural shocks. This also resembles the advantages of using a monthly VAR

to identify the illiquidity shocks because imposing different restrictions on C did not alter

the empirical results significantly (Born et al., 2018; Kilian, 2009).
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5.2 An Alternative Specification of VAR

We also consider an eight-variable VAR analogous to that in Bloom (2009) to examine the

robustness of our baseline findings. The endogenous variables in our eight-variable VAR

include the stock market illiquidity measure, log of S&P 500 index, Federal funds rate,

log of nominal wages, log of consumer price index (CPI), labor hours, log of employment

and log of manufacturing industrial production index. Compared with our benchmark

VAR specification, it contains more labor market variables, such as labor hours and log of

nominal wages, and uses CPI as a measure of the price level rather than using the PCE

deflator.

We estimate the impulse responses from this eight-variable VAR using the MFEV

approach. Figure 9 depicts the dynamic responses of the endogenous variables in the

eight-variable VAR. It is clear that shocks to ILRt sharply reduce the stock market index,

employment and industrial production, and it appears to have larger and somewhat more

persistent effects than our benchmark VAR.7 However, the responses of CPI and labor

hours to an illiquidity shock appear to be insignificant past the 24-month horizon depicted,

while the response of wages to an illiquidity shock is only marginally different from zero

from 6 to 14 months, becoming zero thereafter. Overall, we conclude that the impacts of

the illiquidity shocks from the eight-variable VAR on economic activity, such as industrial

production and employment, are qualitatively similar to those in our benchmark VAR.

5.3 An Alternative Measure of Stock Market Liquidity

We consider an alternative measure of stock market liquidity, proposed by Pastor and

Stambaugh (2003), as an additional robustness test of the main argument in this paper

that stock market liquidity (or illiquidity) affects economic stance strongly.

The monthly measure of stock market liquidity proposed by Pastor and Stambaugh

(2003) is an average of individual stock measures estimated with daily data, and relies

on the principle that order flow induces greater return reversals when stock liquidity is

lower. To construct the stock market liquidity risk factor, we follow Pastor and Stambaugh

7We follow Bloom (2009) in using the S&P 500 index from Yahoo Finance.
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(2003) to estimate the following regression with daily data with month t for stock i:

rei,d+1,t = θi,t + φi,tri,d,t + γi,tsign(r
e
i,d,t)vi,d,t + ǫi,d+1,t. (10)

where ri,d,t is the return on stock i on day d in month t. The excess return rei,d,t =

ri,d,t − rm,d,t of stock i is measured as the difference between the return on stock i (ri,d,t)

and the CRSP value-weighted market return on day d in month t (rm,d,t). The sign(r
e
i,d,t)

variable is equal to 1 when excess returns are positive and equal to −1 when excess

returns are negative. We define vi,d,t as the dollar volume for stock i on day d in month t.

The signing of the trading volume is meant to distinguish whether trades are driven by

selling pressure from investors or by buying pressure. When investors are selling stocks to

market makers or other short-term liquidity providers, such as speculators, excess returns

on those stocks should be negative. When investors are buying from market makers,

excess returns should be positive. The intuition behind equation (10) is that the signed

volume (order flows) causes price pressure on day d that will partly revert on the next

day. The reversion is stronger when stock i is more illiquid. That is, one would expect

γi,t to be negative in general and larger in absolute magnitude when liquidity is lower.

Finally, the monthly market-wide measure of illiquidity is obtained by

γ̂t =
1

Nt

N∑

i=1

γ̂i,t,

where Nt is the number of stocks in the sample in month t. Finally, we denote LIQt = γ̂t

as Pastor and Stambaugh (2003)’s liquidity factor.

We obtain the liquidity data from Lubos Pastor’s website and use the data as an alter-

native measure of stock market liquidity to investigate the dynamic impacts of illiquidity

(liquidity) shocks on the macroeconomy. 8 Figure 10 displays the impulse response func-

tions of the endogenous variables to a shock to Pastor and Stambaugh (2003)’s measure

of liquidity. It is worth noting that because Pastor and Stambaugh (2003)’s measure

represents the degree of stock market liquidity rather than illiquidity, a one-standard-

deviation illiquidity shock causes LIQt to fall. Furthermore, we find that the illiquidity

shocks implied by LIQt have significant adverse effects on macroeconomic variables in

general; however, compared with our benchmark VAR in Section 4.1, the impact of illiq-

uidity shocks to the macroeconomy is relatively small and short-lived. For instance,

8Lubos Pastor’s website: http://faculty.chicagobooth.edu/lubos.pastor/research/
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a one-standard-deviation illiquidity shock causes industrial production to fall, but the

magnitude of its maximum response is less than 10 basis points, and the responses of

employment and PCE also have similar patterns. Nevertheless, the illiquidity shocks im-

plied by LIQt clearly still have significant adverse effects on macroeconomic variables in

general. Thus, we conclude that the empirical results based on Pastor and Stambaugh

(2003)’s measure of liquidity are qualitatively similar to those we report in our benchmark

VAR specification.

5.4 Problem of Monetary Policy at Zero Lower Bound

The sample period in this paper covers the period after December 2008, during which

the Federal Reserve lowered the Federal funds rate to the zero lower bound (ZLB), and

kept it at historically low levels. The inability of monetary policy to accommodate the

impacts of illiquidity shocks when the ZLB is binding implies that our VAR model could

be misspecified. To examine the importance of this issue for our results, we consider two

alternative VAR specifications. First, we replace the Federal funds rate by the shadow

Federal funds rate constructed by Wu and Xia (2016) as an indicator of monetary policy,

which is not bounded below by zero and is supposed to summarize the stance of monetary

policy.9 Second, we estimate the VAR using a subsample from 1973M1 to 2008M9, which

excludes the years affected by the ZLB. Figures 11 and 12 show the impulse responses to

a one standard deviation illiquidity shock using these two VAR specifications. Clearly,

the results are consistent with our benchmark findings in Figure 3, both in terms of

magnitude and persistence, that illiquidity shocks have significant adverse effects on the

macroeconomy.

6 Comparing with Financial and Uncertainty Shocks

The empirical results presented above indicate that illiquidity shocks are important drivers

of economic fluctuations in the US. However, it is natural to ask whether illiquidity shocks

are distinct sources of macroeconomic instability, or whether the instability is caused by

9The shadow rate of the US can be downloaded at https://sites.google.com/view/jingcynthiawu

/shadow-rates
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other types of financial market disruption, measured by indicators of financial distress

such as credit spreads and uncertainty proxies, which are commonly used to identify

financial and uncertainty shocks in the literature (Caldara et al., 2016).

To validate this hypothesis, we calculate the correlations between the identified illiq-

uidity shocks and other types of external shocks analyzed in the literature. In particular,

we consider two types of shocks: financial and uncertainty. Financial shocks are shocks to

the excess bond premium developed by Gilchrist and Zakrajsek (2012), which is measured

by a residual component beyond the expected default risks of corporate bonds. Uncer-

tainty shocks are associated with the uncertainty proxies implied by real economic data,

which are constructed by Jurado et al. (2015). 10

Following Caldara et al. (2016), we replace the measure of stock market illiquidity in

our benchmark VAR with the excess bond premium and Jurado et al. (2015)’s measure of

uncertainty at the three-month forecast horizon in turn, and identify the financial and un-

certainty shocks using the MFEV approach, respectively. The excess bond premium data

and the macroeconomic uncertainty index are available at the websites of Simon Gilchrist

and Sydney Ludvigson.11 Figures 13 and 14 display the impulse response functions of

a one-standard-deviation financial shock and uncertainty shock, respectively. As shown,

the identified financial and uncertainty shocks induce a notably persistent rise in the ex-

cess bond premium and Jurado et al. (2015)’s measure, and generate a hump-shaped and

persistent decline in industrial production, employment and consumption. The apparent

adverse effect on the stock market is also found in both shocks, because an increase in

the excess bond premium and uncertainty measure cause a sharp and immediate drop in

the stock market index.

Comparing Figure 3 with Figures 13 and 14, we find that the macroeconomic impact

of illiquidity shocks is similar to that of financial and uncertainty shocks in terms of mag-

nitude and persistence. This implies that the illiquidity shocks, stemming from the price

10The reason for choosing this measure is that the magnitude of the shock derived from it exceeds

the other types of uncertainty measures, such as the daily change in the option-implied volatility on the

S&P 500 stock futures index (the VIX), which is a proxy for macroeconomic uncertainty used in Bloom

(2009). See Caldara et al. (2016) and Jurado et al. (2015) for details.
11Simon Gilchrist’s website is http://people.bu.edu/sgilchri/Data/data.htm, and Sydney Lud-

vigson’s website is https://www.sydneyludvigson.com/data-and-appendixes.
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impact in the stock market, may capture information about economic stances produced

by both the first- and second-moment shocks, which stem from the excess bond premium

and the uncertainty measure proposed by Gilchrist and Zakrajsek (2012) and Jurado et al.

(2015), respectively.

Finally, we report the correlations between the identified illiquidity, financial and un-

certainty shocks in Table 6. It is evident that all pairwise correlations are very small, which

supports the hypothesis that our identified illiquidity shocks represent a distinct source of

macroeconomic instability, and are independent of other types of shocks stemming from

financial market disruptions.

7 Conclusion

In this paper, we examined the quantitative importance of stock market illiquidity shocks

in the US. We showed that an increase in the size of the illiquidity shocks leads to signif-

icant declines in industrial production, consumption and employment. Furthermore, the

Federal funds rate falls in response to these adverse economic conditions, and explains a

significant portion of the variation in broad equity valuations.

Furthermore, using the historical decomposition approach, we found that the illiquidity

shocks delineate the unfavorable movement in economic activities during recession periods

exceptionally well. The cumulative effects of illiquidity shocks were an important driver of

the fall in investment and real GDP at the height of 2008–2009 financial crisis period, and

explain the high and persistent unemployment rate in the subsequent “jobless recovery”

period.

Our empirical results show that the illiquidity shocks have important macroeconomic

implications for the US economy. The magnitude of their impact is as large as other types

of shocks related to financial market disruptions in the literature. We also demonstrated

that illiquidity shocks, stemming from price changes in the stock market, may contain

information about the economic conditions created by both first- and second-moment

shocks to financial markets and the real economy.
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Table 1: Descriptive statistics of ILR

ILRt ILR
Large
t ILRSmall

t

Mean 0.023 0.002 0.063

Median 0.009 0.001 0.025

Std.dev 0.042 0.003 0.111

No. of Sector 7491 2088 3660

No. of Obs 1,144,898 292,076 275,709

Note: ILRt, ILR
Large
t , ILRSmall

t are illiquidity mea-

sures using data from all firms, large firms, and small

firms, respectively. Std.dev denotes the standard de-

viation.
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Table 2: Forecast Error Variance Decomposition of Illiquidity Shock

Forecast Error Variance Decomposition ILR Shock: p = 4

ILR Industrial Production Employment PCE PCE deflator

k = 1 93.223 1.755 0.017 0.445 0.479

[86.321 , 97.501] [0.000 , 5.234] 0.000 , 3.527 [0.000 , 4.223] [0.000 , 4.005]

k = 6 90.777 9.803 12.044 10.211 1.180

[81.386 , 91.396] [3.340 , 22.254] [2.862 , 25.093] [2.036 , 19.537] [0.008 , 6.114]

k = 12 86.995 25.289 25.326 11.493 0.668

[73.023 , 87.981] [11.343 , 40.413] [12.638 , 42.066] [1.026, 20.481] [0.034 , 6.114

k = 24 82.527 25.828 29.274 6.746 3.278

[66.596 , 84.353] [8.056 , 37.506] [9.539 , 41.962] [0.727 , 14.484] [0.194 , 13.161]

Forecast Error Variance Decomposition ILR Shock: p = 8

k = 1 91.893 2.842 0.008 0.881 1.386

[83.791 , 99.033] [0.000 , 9.617] [0.000 , 6.794] [0.000 , 8.676] [0.000 , 8.831]

k = 6 89.655 8.036 11.845 10.014 0.868

[78.516 , 91.472] [1.344 , 22.528] [1.100 , 28.832] [0.726 . 20.729] [0.024 , 9.357]

k = 12 82.374 22.820 24.708 9.516 0.343

[64.724 , 83.600] [6.831 , 40.619] [9.563 , 45.278] [0.888 , 19.950] [0.029 , 11.711]

k = 24 77.533 20.393 23.078 4.456 1.811

[57.522 , 78.962] [4.241 , 34.965] [4.785 , 38.727] [0.505 , 14.532] [0.063 , 18.597]

,

Note: The table reports the fraction of the variance in the k-step-ahead forecast error of the variable listed at the

top of the table that is attributable to the illiquidity shock. Values in square brackets define the 90% bootstrap

confidence intervals.
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Table 3: Forecast Error Variance Decomposition of Illiquidity Shock: Large Firms versus

Small Firms

Forecast Error Variance Decomposition ILR Shock: Large Firms

ILR Industrial Production Employment PCE PCE deflator

k = 1 92.562 2.033 0.133 0.026 0.219

[85.707 , 97.431] 0.000 , 5.695] [0.000 , 3.924] [0.000 , 2.892] [0.000 , 3.694]

k = 6 90.628 5.274 7.105 5.692 2.516

[81.142 , 91.494] [1.584 , 13.679] [0.884 , 16.809] [0.725 , 12.570] [0.010 , 8.189]

k = 12 88.098 19.393 19.580 6.664 1.717

[74.608 , 88.896] [6.676 , 33.144] [7.520 , 34.524] [0.446 , 14.295] [0.078 , 7.437]

k = 24 84.664 22.093 25.292 3.623 2.958

[68.682 , 85.284] [5.669 , 33.994] [6.425 , 37.546] [0.380 , 10.335] [0.255 , 11.659]

Forecast Error Variance Decomposition ILR Shock: Small Firms

ILR Industrial Production Employment PCE PCE deflator

k = 1 93.343 1.117 0.115 0.875 0.364

[86.834 , 97.873] [0.000 , 4.371] [0.000 , 4.024] [0.000 , 4.889] [0.000 , 3.758]

k = 6 90.475 11.811 14.043 11.220 0.734

[81.225 , 91.458] [3.440 , 24.338] [4.807 , 28.415] [2.021 , 20.442] [0.010 , 5.444]

k = 12 86.575 26.799 26.820 12.073 0.430

[72.206 , 87.186] [13.224 , 42.723] [14.077 , 43.681] [0.882 , 20.801] [0.036 , 6.079]

k = 24 82.404 26.055 29.468 6.975 3.682

[66.551 , 83.980] [8.903 , 37.715] [9.903 , 42.007] [0.752 , 14.640] [0.191 , 14.007]

Note: The table reports the fraction of the variance in the k-step-ahead forecast error of the variable listed at the

top of the table that is attributable to the illiquidity shock. Values in square brackets define the 90% bootstrap

confidence intervals.
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Table 4: Historical Contributions of Illiquidity Shocks fo US Economic Activity

Consumption Growth Rate

Year Actual Aggregate Large Firms Small Firms

2008 -3.193% -0.142% -0.035% -0.164%

2009 -4.234% -1.542% -0.846% -1.586%

2010 -1.236% 0.644% 0.314% 0.619%

2011 -1.094% 0.264% 0.213% 0.284%

2012 -1.482% 0.182% 0.156% 0.157%

2013 -1.532% 0.150% 0,184% 0.139%

2014 -0.056% 0.136% 0.041% 0.131%

Investment Growth Rate

Year Actual Aggregate Large Firms Small Firms

2008 -12.637% 0.928% 1.381% 0.893%

2009 -25.188% -12.151% -6.779% -12.101%

2010 9.956% 4.889% 1.946% 4.519%

2011 2.224% 1.152% 1.152% 1.316%

2012 6.799% 0.657% 0.270% 0.475%

2013 2.480% 1.060% 1.422% 0.972%

2014 0.995% 0.597% -0.117% 0.501%

Unemployment Rate Growth Rate

Year Actual Aggregate Large Firms Small Firms

2008 26.963% -0.450% -1.481% -0.032%

2009 72.018% 30.054% 15.203% 29.937%

2010 3.335% -12.381% -5.790% -11.394%

2011 -8.849% -2.787% -2.456% -3.125%

2012 -12.145% -2.867% -1.882% -2.600%

2013 -10.448% -2.440% -3.226% -2.167%

2014 -18.797% -2.231% -0.406% -2.095%

Real GDP Growth Rate

Year Actual Aggregate Large Firms Small Firms

2008 -2.959% 0.156% 0.279% 0.144%

2009 -5.351% -2.457% -1.477% -2.485%

2010 -0.268% 1.051% 0.513% 1.003%

2011 -1.279% 0.117% 0.134% 0.155%

2012 -0.579% 0.174% 0.085% 0.137%

2013 -0.990% 0.195% 0.271% 0.181%

2014 -0.382% 0.143% -0.028% 0.124%
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Table 5: Forecast Error Variance Decomposition of Illiquidity Shock: Alternative Identi-

fication Schemes

Forecast Error Variance Decomposition ILR Shock: ILRt is Ordered at First

ILR Industrial Production Employment PCE PCE deflator

k = 1 100.000 0.013 0.099 0.458 0.202

[100.000 , 100.000] [0.000 , 3.399] [0.000 , 3.768] [0.000 , 3.771] [0.000 , 3.303]

k = 6 85.881 13.139 13.197 6.443 0.089

[74.443 , 88.787] [5.014 , 24.551] [4.867 , 25.503] [0.428 , 12.143] [0.008 , 4.631]

k = 12 81.202 24.441 22.987 5.589 1.529

[65.854 , 84.033] [9.395 , 36.109] [8.753 , 35.376] [0.305 , 10.880] [0.051 , 8.803]

k = 24 77.024 20.377 22.154 2.619 9.998

[60.712 , 81.142] [5.747 , 29.101] [5.145 , 31.805] [0.543 , 8.001] [0.163 , 21.750]

Forecast Error Variance Decomposition ILR Shock: ILRt is Ordered After the Variables related to Economic Activities.

k = 1 99.137 0.000 0.000 0.000 0.000

[88.420 , 99.965] [0.000 , 0.000] [0.000 , 0.000] [0.000 , 0.000] [0.000 , 0.000]

k = 6 83.949 12.031 10.521 3.899 0.305

[69.302 , 85.969] [5.317 , 19.204] [3.749 , 16.027] [0.306 , 7.336] [0.004 , 2.211]

k = 12 79.376 22.551 19.574 3.352 2.110

[61.524 , 80.963] [8.412 , 31.820] [7.050 , 29.015] [0.209 , 6.951] [0.014 , 7.200]

k = 24 75.317 18.932 19.593 1.646 10.886

[56.749 , 77.364] [4.796 , 26.068] [2.797 , 26.766] [0.330 , 6.085] [0.251 , 20.477]

Note: The table reports the fraction of the variance in the k-step-ahead forecast error of the variable listed at the

top of the table that is attributable to the illiquidity shock. Values in square brackets define the 90% bootstrap

confidence intervals.
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Table 6: Correlation Matrix of Illiquidity Shocks, Financial Shocks and Uncertainty

Shocks

Illiquidity Shocks Financial Shocks Uncertainty Shocks

Illiquidity Shocks 1 0.0016 0.1483

Financial Shocks 0.0016 1 0.0725

Uncertainty Shocks 0.1483 0.0725 1
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Figure 1: Plots of Amihud’s Monthly Illiquidity Measures. Shaded areas represent NBER

recession dates.
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Figure 2: Plots of Annual Changes in Illiquidity Measures. Shaded areas represent NBER

recession dates.
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Figure 3: Impulse Response Function of a One-Standard-Deviation Illiquidity Shock from the

Benchmark VAR

Note: The dashed lines represents 90% bootstrapped confidence interval.
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Figure 4: Historical Contributions of Illiquidity Shocks on Economic Activities: Shock implied

by ILRt
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Figure 5: Impulse Response Function of a One-Standard-Deviation Illiquidity Shock from the

Benchmark VAR: Shock implied by ILR
Large
t and ILRSmall

t

Note: The dashed lines represents 90% bootstrapped confidence interval.
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Figure 6: Historical Contributions of Illiquidity Shocks on Economic Activities: Shock implied

by ILR
Large
t and ILRSmall

t
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Figure 7: Impulse Response Function of a One-Standard-Deviation Illiquidity Shock from the

VAR with Recursive Identification Scheme: ILRt is Ordered at First

Note: The dashed lines represents 90% bootstrapped confidence interval.

37



Figure 8: Impulse Response Function of a One-Standard-Deviation Illiquidity Shock from the

VAR with Recursive Identification Scheme: ILRt is Ordered after Economic Variables

Note: The dashed lines represents 90% bootstrapped confidence interval.
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Figure 9: Impulse Response Function of a One-Standard-Deviation Illiquidity Shock from the

eight-variable VAR a lá Bloom (2009)

Note: The dashed lines represents 90% bootstrapped confidence interval.
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Figure 10: Impulse Response Function of a One-Standard-Deviation Illiquidity Shock from the

VAR with Pastor and Stambough (2003)’s Liquidity Factor

Note: The dashed lines represents 90% bootstrapped confidence interval.
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Figure 11: Impulse Response Function of a One-Standard-Deviation Illiquidity Shock: 1973M1

to 2008M9

Note: The dashed lines represents 90% bootstrapped confidence interval.
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Figure 12: Impulse Response Function of a One-Standard-Deviation Illiquidity Shock: VAR

with the Shadow Rate Proposed by Wu and Xia (2016)

Note: The dashed lines represents 90% bootstrapped confidence interval.

42



Figure 13: Impulse Response Function of a One-Standard-Deviation of Financial Shock Implied

by Excess Bond Premium

Note: The dashed lines represents 90% bootstrapped confidence interval.
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Figure 14: Impulse Response Function of a One-Standard-Deviation of Uncertainty Shock

implied by Jurado et al. (2015)’s Measure

Note: The dashed lines represents 90% bootstrapped confidence interval.
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